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Abstract

Sample generation is a powerful and common strategy to address the challenges of
testing highly configurable systems efficiently. In the context of software product
lines, t-wise Combinatorial Interaction Testing (CIT) has proven to be an effective
sampling strategy to minimize the number of test cases. In recent years, researchers
have designed novel t-wise sampling algorithms that are becoming more efficient and
scaling with larger software product lines. However, in practice, test configurations
are often created randomly or manually with expert knowledge. To automate the
selection of test configurations based on expert knowledge, the feature models can
be extended with expert knowledge in the form of attributes. The selection of test
configurations frequently becomes a multi-dimensional problem, as the test configu-
rations are intended to achieve different conflicting objectives, such as t-wise feature
interaction coverage, minimization of test cases, maximization of the selection of
optional features, or optimization of an attribute. Researchers have developed vari-
ous approaches for multi-objective test generation. One disadvantage of those is the
trade-off between t-wise feature interaction coverage and attribute optimization. In
this master thesis, we present two t-wise sampling algorithms that cover all t-wise
feature interactions and optimize the sample based on selected attributes of the at-
tributed feature model. For this, we define the meaning of sample optimization based
on feature attributes and design a metric to evaluate optimization effectiveness. For
evaluating the efficiency and effectiveness of our sampling algorithms, we compare
them with other state-of-the-art t-wise sampling algorithms. For this purpose, we
use attributed feature models of real-world systems. Some of them are artificially
enriched with attributes.
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Zusammenfassung

Die Generierung von Samples ist eine leistungsstarke und weit verbreitete Strategie,
um die Herausforderungen des Testens hoch konfigurierbarer Systeme effizient zu
bewältigen. Im Kontext von Software-Produktlinien hat sich das t-wise Combina-
torial Interaction Testing (CIT) als effektive Sampling-Strategie zur Minimierung
von Testfällen erwiesen. In den letzten Jahren haben Forscher immer neue t-wise
Sampling Algorithmen entwickelt, die effizienter werden und mit größeren Software-
Produktlinien skalieren. In der Praxis werden die Testkonfigurationen jedoch oft
zufällig oder manuell auf Basis von Expertenwissen erstellt. Um die Auswahl von
Testkonfigurationen auf Basis von Expertenwissen zu automatisieren, können die
Feature Modelle um das Expertenwissen in Form von Attributen erweitert wer-
den. Häufig wird die Auswahl von Testkonfigurationen zu einem mehrdimensionalen
Problem, da die Testkonfigurationen unterschiedliche, miteinander in Konflikt ste-
hende Ziele erreichen sollen, wie z.B. Abdeckung der t-weisen Feature-Interaktionen,
Minimierung der Testfälle, Maximierung der Auswahl optionaler Features oder Opti-
mierung eines Attributs. Forscher haben verschiedene Ansätze für die multikriterielle
Testgenerierung entwickelt. Ein Nachteil dieser Verfahren ist der Kompromiss zwis-
chen der t-weisen Abdeckung von Feature-Interaktionen und der Optimierung von
Attributen. In dieser Masterarbeit stellen wir zwei t-wise Sampling Algorithmen vor,
die sowohl alle t-weisen Feature-Interaktionen abdecken als auch das Sample auf Ba-
sis ausgewählter Attribute des attributierten Feature Modell optimieren. Zu diesem
Zweck definieren wir die Bedeutung der Sample-Optimierung auf der Grundlage von
Feature Attributen und entwickeln eine Metrik zur Bewertung der Optimierung. Um
die Effizienz und Effektivität unserer Sampling Algorithmen zu bewerten, vergleichen
wir sie mit anderen modernen t-wise Sampling Algorithmen. Zu diesem Zweck ver-
wenden wir attributierte Feature Modelle von realen Systemen. Einige von ihnen
sind künstlich mit Attributen angereichert.
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1. Introduction

A Software Product Line (SPL), also called Highly Configurable System, is a fam-
ily of product variants tailored to a specific market segment and shares a com-
mon set of features [ABKS13]. A feature is a user-visible characteristic of the soft-
ware [ABKS13]. The goal of an SPL is to reuse common implementation artifacts,
resulting in reduced time to market and production costs and increased product
quality [ABKS13, OGRJ+18].

Highly configurable systems offer the possibility to build a large number of differ-
ent products. It would be ideal if every product configuration could be tested to
ensure functional safety. Testing all the products of a highly configurable system
is not feasible due to the combinatorial explosion problem [HPP+14]. Therefore,
the variability of highly configurable systems is a big challenge for efficient software
testing.

Strategies such as sample generation reduce the testing effort. The idea is to cre-
ate a subset of all products of a highly configurable system, which is as small as
possible but still representative of the system. Product sampling algorithms are
used to find such samples. In theory, t-wise Combinatorial Interaction Testing
(CIT) [CDFP97] has proven to be a helpful sampling strategy in the context of
highly configurable systems [HPP+13]. In recent years, several different t-wise fea-
ture interaction sampling algorithms, such as Chvatal [Chv79], CASA [GCD11],
ICPL [JHF12], IncLing [AHKT+17], and YASA [KTS+20], have been developed.
However, sampling real-world systems result in a large number of configurations to
cover the feature interactions [JCHP15].

In practice, it is not feasible to test a large number of configurations [POS+12]. Also,
the t-wise sampling algorithms do not consider the effort caused by the product build
and the execution of the test cases. For these reasons, in practice, the configurations
are chosen randomly or with expert knowledge. This process leads to the problem
that no test coverage criteria can be determined.

Feature models can be enriched with expert knowledge in the form of attributes.
In the literature, these feature models with attributes have different names, such as

https://doi.org/10.24355/dbbs.084-202201210857-0



2 1. Introduction

Attributed Feature Model [LSW15], Numerical Feature Model [MOP+19], Extended
Feature Model [LSBL17, OGRJ+18], and Attributed Variability Model [SSA17].

Sampling algorithms can automatically select and prioritize configurations based on
the attributes in the feature models. The final sample still achieves t-wise feature
interaction coverage. It can be further assumed that the sample size remains similar
compared to regular t-wise sampling algorithms. Using an optimized sample with
prioritized configurations has the advantage that more important configurations can
be tested first based on expert knowledge.

In practice, the selection of test cases is a multi-dimensional problem. Often, the
test cases are intended to achieve different conflicting objectives, such as t-wise fea-
ture interaction coverage, minimization of test cases, maximization of the selection
of optional features, or optimization of an attribute [HPP+13]. Several different ap-
proaches to multi-objective test generation for highly configurable systems already
exist. Search-based algorithms such as evolutionary algorithms [HPP+13, FLV17]
are often used. The disadvantage of existing approaches is the trade-off between
t-wise feature interaction coverage and other objectives.

The goal of the master thesis is to design a sampling algorithm that covers all t-
wise feature interactions for a defined t and optimize and prioritize the selection of
configurations based on one or more attributes for a given domain. For this, we
define what sample prioritization and optimization means by utilizing one or more
attributes. Furthermore, we develop metrics to calculate the attribute score of a con-
figuration or complete sample. We use these metrics to determine the effectiveness of
sample optimization and prioritization. To determine the effectiveness, we compare
our developed algorithm with existing t-wise sampling algorithms. We need several
different real-world attributed feature models to obtain a diverse and meaningful
set of results for evaluation. However, real-world attributed feature models are rare.
Therefore, we additionally focus on the artificial enrichment of feature models with
attributes. The feature models enriched with attributes are used for the evaluation
of the developed sampling algorithm.

Contribution of this Thesis

We summarize the main contributions of the master thesis as follows:

� We introduce two approaches to generate a sample covering all t-wise feature
interactions for a defined t as well as optimizes and prioritizes configurations
based on one feature attribute for a specific domain.

– The first approach, Extended YASA, is a modification of the state-of-the-
art sampling algorithm YASA [KTS+20].

– The second approach, ILP-based Sampling, solves the problem with inte-
ger linear programming.

� We introduce metrics to calculate the attribute score of a configuration and
sample.

� We develop a method that extends feature models with attributes artificially.
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� We will enrich existing feature models of real-world systems like FinancialSer-
vices011, BusyBox [Vla21], Toybox [Lan19], Fiasco [Ker21], Soletta [Pro18],
and uClibc-ng [Bro20] with attributes artificially.

� We demonstrate the impact of artificially enriched feature models compared
to real-world attributed feature models on the sample and its attribute score.

� We evaluate our algorithms on seven real-world systems. First, we generate
a sample for each system using our algorithms and the sampling algorithms
Chvatal [Chv79], ICPL [JHF12], IncLing [AHKT+17], and YASA [KTS+20].
Then, for each sample of a real-world system, we compare different criteria
such as the attribute score, computation time, sample size, degree of t-wise
feature interaction coverage. All calculations are repeated five times to mini-
mize measurement errors.

Structure of the Thesis

The master thesis consists of eight chapters in total and is structured as follows after
the current introductory chapter: In Chapter 2, we explain the basic terminology
to understand the thesis. We start with simple and attributed feature modeling
and introduce FeatureIDE, an extensible framework for feature-oriented develop-
ment of software product lines. Then, we explain product sampling and classify the
different methods. At the end of the chapter, we distinguish the single-objective
and multi-objective optimization. In Chapter 3, we introduce the definition of sam-
ple prioritization and optimization by utilizing one or more attributes. We explain
the metrics to calculate the attribute score of a configuration and complete sam-
ple in this context. Furthermore, we present the concepts for our two attributed
sampling algorithms. The algorithms aim to generate a sample that achieves t-
wise feature interaction coverage while optimizing and prioritizing configurations
based on one feature attribute for a specific domain. The implementations of the
attributed sampling algorithms, metrics, and methods are described separately in
Chapter 4. First, we describe the libraries, frameworks, and other source code we
used for our implementation. Then we describe the implementation of the differ-
ent metrics, the first approach Extended YASA, and the second approach ILP-based
Sampling. Furthermore, we describe the implementation to enrich feature models
with attributes artificially. In Chapter 5, we evaluate the implementation of our two
attributed sampling algorithms utilizing the developed metrics. The evaluation of
our two algorithms is performed on seven real-world, highly configurable systems.
We also evaluate the influences of artificially enriched attributed feature models on
the sample and its attribute score. In Chapter 6, we present related work to the
master’s thesis. Afterward, we summarize our most important results in Chapter 7.
In Chapter 8, we discuss relevant research topics out of the scope of this master’s
thesis.

1https://github.com/FeatureIDE/FeatureIDE/tree/develop/plugins/de.ovgu.featureide.
examples/featureide examples/FeatureModels/FinancialServices01
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2. Background

This chapter provides fundamental knowledge for the master thesis. The first Sec-
tion 2.1 explains the terms software product line, feature model, feature modeling,
configuration, attribute, and attributed feature modeling. In Section 2.2, we intro-
duce product sampling in the context of software product lines. We describe and
classify different product sampling techniques and present state-of-the-art sampling
algorithms. Then, in Section 2.4, we explain the constraints that exist when selecting
a configuration.

2.1 Feature Modeling

One aim of software product line development is to support a wide range of products,
which can be tailored to specific customers or different market segments [LSR07].
Therefore, variability is a core aspect of software product line engineering. Feature
modeling is a standard notation to express the variability [BRN+13].

Feature Model

A feature model represents the features, their dependencies, and constraints and
defines all valid combinations of features [Bat05, TKB+14]. In the scope of this
master thesis, we use Definition 2.1.1 for basic feature models inspired by Knüppel
et al. [KTM+17].

Definition 2.1.1 (Feature Model). A feature model (FM) is a 7-tuple
FM = (N,P, r, ω, λ,Π,Ψ) where:

� N ⊆ F is the set of features in the model and P ⊆ N is the set of concrete
features.

� r ∈ N is the root feature of the model.

� ω : N → {0, 1} is a function that identifies a feature f ∈ N as either mandatory
ω(f) = 1 or optional ω(f) = 0.
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6 2. Background

� λ : N → N× N is a function that describes the relationship between a parent
feature f and its child features. Depending on the relationship type, a min-
imum of n and a maximum of m children must be selected from the parent
feature f .

� Π ⊆ N ×N specifies the parent feature for each feature from N . If g is a child
of f , then we denote (f, g) ∈ Π.

� Ψ ⊆ PropN is a set of propositional formulas. PropN is the set of all possible
propositional formulas that can be constructed using the features from the set
N as literals.

A feature diagram is a commonly used visual notation for representing a feature
model [ABKS13, PBL05]. Figure 2.1 presents a slightly modified version of the
feature diagram GPLtiny from FeatureIDE. A feature diagram represents features
as nodes and relationships as edges in a tree construct. The syntax of feature
diagrams is explained in Table 2.1 using the example from Figure 2.1.

Figure 2.1: Example feature diagram based on GPLtiny.

Besides the Tree Constraints given by the tree construct, we can define a set of
cross-tree constraints [ABKS13, MTS+17]. Cross-tree constraints are propositional
expressions that allow further relationships between features but increase the com-
plexity of the feature model, leading to different defects such as dead features or re-
dundant constraints. A feature is dead if it is never contained in a valid configuration.
In our example feature diagram, shown in Figure 2.1, we see three different cross-
tree constraints. The second constraint from our example Edges⇒ ¬ShortestPath
results in feature ShortestPath becoming dead. Since Edges is a mandatory fea-
ture for every configuration, feature ShortestPath can never get selected. The third
constraint Number ⇒ Algorithms is redundant since the tree structure already
provides it.
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2.1. Feature Modeling 7

Symbol Label Description

Concrete Feature A concrete feature is associated with an implemen-
tation artifact [ABKS13].

Abstract Feature Not every feature in a feature model is associ-
ated with an implementation artifact. For exam-
ple, some features are only used to structure the
feature model. These features are called abstract
features [TKES11].

Connection A connection describes the relationship between
two features, the parent feature and the child fea-
ture [ABKS13]. Each connection creates a depen-
dency that expresses if a child feature is selected,
its parent feature must also be selected.

Mandatory A mandatory feature must be selected if its parent
feature is selected [ABKS13].

Optional An optional feature does not have to be selected if
its parent is selected [ABKS13].

Or Group At least one child feature must be selected from
the complete or group if the parent feature of this
or group is selected (λ(f) = ⟨1, n⟩) [ABKS13].

Alternative Group If the parent feature of an alternative group is se-
lected, then exactly one child feature must be se-
lected from the entire alternative group (λ(f) =
⟨1, 1⟩) [ABKS13].

And Group Any number of child features can be selected from
an and group (λ(f) = ⟨0, n⟩) [ABKS13].

Table 2.1: Syntax of a feature diagram.

Configuration

The feature model defines the product configuration space of a software product line.
A set of selected and unselected features describes a product configuration [HPP+14].
We use Definition 2.1.2 for a product configuration.

Definition 2.1.2 (Configuration). A configuration (C) is a 3-tuple C = (FM,S, U)
where:

� FM is the associated feature model.

� S ⊆ NFM is the set of selected features.

� U ⊆ NFM is the set of unselected features.

� S ∩ U = ∅

� S ∪ U = NFM
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8 2. Background

However, not every selection of features results in a valid configuration. A valid
configuration must satisfy all the constraints of the feature model. Furthermore, the
validity check can be done automatically with a SAT solver [BSTRC06, ABKS13,
OBH+19]. For this, the problem must be translated into a propositional formula.
Table 2.2 shows how a feature model can be translated into propositional expressions
and boolean expressions in conjunctive normal form [Bat05]. A configuration can
be translated into a propositional formula as follows.

C =
∧
s∈S

s ∧
∧
u∈U

¬u

A configuration C is valid for the associated feature model FM if the following
propositional formula F is satisfiable. CNFFM represents the feature model FM as
a propositional expression in conjunctive normal form.

F = CNFFM ∧ C

Relationship Propositional Expression Boolean Expression (CNF)
Mandatory P ⇔ C (¬P ∨ C) ∧ (P ∨ ¬C)
Optional C ⇒ P ¬C ∨ P
Or Group C1 ∨ · · · ∨ Cn ⇔ P (¬P ∨C1∨ . . .∨Cn)∧((¬C1∨P )∧

. . . ∧ (¬Cn ∨ P ))
Alternative
Group

C1∨· · ·∨Cn ⇔ P∧
∧

i<j ¬(Ci∧Cj) (¬P ∨C1∨ . . .∨Cn)∧((¬C1∨P )∧
. . .∧ (¬Cn∨P ))∧ ((¬C1∨¬C2)∧
. . . ∧ (¬Cn−1 ∨ ¬Cn))

Constraint Propositional Expression Boolean Expression (CNF)
Implication A⇒ B ¬A ∨B
Equivalence A⇔ B (¬A ∨B) ∧ (A ∨ ¬B)

Table 2.2: Mapping a feature model to propositional expression.

2.1.1 Extended Feature Modeling

An extended feature model can express further information of a software product
line in a feature model, which cannot be represented by the features, relationships,
or constraints. The attributed feature models represent a group of extended feature
models [OBH+19].

Feature Attribute

A feature attribute is an extension of a boolean feature in a feature model [OGRT15].
They help to store information that a boolean feature itself cannot capture. Often,
in practice, they document non-functional information [BBGA15]. In the literature,
we find different notations for the definition of a feature attribute [OBH+19]. In
most scientific papers, feature attributes have at least a name, a domain, and a
value [BTRC05, BBGA15, OBH+19].
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2.2. Product Sampling 9

Attributed Feature Model

Our Definition 2.1.3 for attributed feature models is inspired by the definition of
basic feature models provided by Knüppel et al. [KTM+17] and the definition of
attributed feature models from Bécan et al. [BBGA15].

Definition 2.1.3 (Attributed Feature Model). An attributed feature model (AFM)
is a 11-tuple AFM = (N,P, r, ω, λ,Π,Ψ, A, α,D, δ) where:

� N ⊆ F is a finite set of boolean features in the model and P ⊆ N is a set of
concrete features.

� r ∈ N is the root feature of the model.

� ω : N → {0, 1} is a function that identifies a feature f ∈ N as either mandatory
ω(f) = 1 or optional ω(f) = 0.

� λ : N → N× N is a function that describes the relationship between a parent
feature f and its child features. Depending on the relationship type, a min-
imum of n and a maximum of m children must be selected from the parent
feature f .

� Π ⊆ N ×N specifies the parent feature for each feature from N . If g is a child
of f , then we denote (f, g) ∈ Π.

� Ψ ⊆ PropN is a set of propositional formulas, also known as cross-tree con-
straints in the context. PropN is the set of all possible propositional formulas
that can be constructed using the features from the set N as literals.

� A is a finite set of attributes.

� α : A→ N is a function that maps an attribute to a feature.

� D is a set of available domains. A domain is the set of values that can be
assigned to an attribute.

� δ : A→ D is a function that maps a domain to an attribute.

2.2 Product Sampling

Software product lines benefit from generating large numbers of different products
based on the same reusable software artifacts [ABKS13]. However, this variability
is also a massive challenge in efficient software testing. To ensure the functional
safety of a software product requires testing. In order to perform a complete test
of a software product line, all possible valid product configurations must be tested.
Typically, the configuration space of a software product line grows exponentially
with the number of configuration options [ER11]. For this reason, in many cases, it
is not feasible to test all possible products [AHKT+17]. Even if a software product
line has just a small set of features, many individual products can be obtained.
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10 2. Background

The critical issue in this context is how to reduce test cases and minimize the result-
ing test effort [ER11]. Product sampling is a strategy to calculate a subset of all pos-
sible products, also called a sample, representing a software product line [ABKS13].
We classify the different product sampling strategies into manual selection, auto-
matic selection, semi-automatic selection, and coverage-based techniques.

2.2.1 Manual Selection

In this selection strategy, domain experts select the sample manually [VAHT+18].
The individual product configurations are selected based on expert knowledge of
possible, error-prone, and common feature combinations. The user has complete
control over the configuration. As no algorithm is involved in this strategy, the user
must manually ensure that all constraints of the feature model are fulfilled [Kri19].

2.2.2 Automatic Selection

Fully automatic selection approaches use an algorithm that calculates a complete
product sample based on specific input parameters [Kri19]. Manual effort is not
required to generate configurations. However, the user has a limited impact on the
feature selection in the fully automatic process. These approaches are classified into
greedy algorithms and meta-heuristic search algorithms [VAHT+18].

Greedy algorithms choose a locally optimal solution at each step of the problem-
solving process [CLRS09]. Each local optimum found is a product configuration
that is added to the sample. The meaning of optimal can be made based on various
sampling criteria.

Meta-heuristic search algorithms search for optimal solutions for an optimization
problem using computational search in a search space [VAHT+18]. The optimiza-
tion problem is to find a representative subset of product configurations of a software
product line, and the search space is the configuration space of a software prod-
uct line and can be quite large due to variability and complexity. We distinguish
meta-heuristic search algorithms into local search approaches and population-based
approaches.

Local search approaches start from an initial product sample as a candidate solution
for the optimization problem [VAHT+18]. The algorithm iterative performs local
changes to the initial solution until it finds a local optimum. Commonly used ap-
proaches are hill climbing, simulated annealing, and tabu search [TD02, VAHT+18,
EBG19].

Population-based search approaches start from an initial set of product samples
(population) [VAHT+18]. Well-known examples of population-based approaches are
swarming techniques and genetic algorithms. In such approaches, the population
evolves in generations by mutation and recombination. From one generation to the
next, the best characteristics of the population are passed on to achieve a better
solution iteratively [BS13]. A fitness function is often used to evaluate a population.
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2.2. Product Sampling 11

2.2.3 Semi-Automatic Selection

Semi-automatic selection strategies run automatically [VAHT+18]. However, differ-
ent types of data such as coverage criteria, maximum run-time, or required number
of configurations can affect the selection process. Furthermore, such selection strate-
gies can use a complete or partial set of configurations generated manually or by
other techniques as a starting point for sampling.

2.2.4 Coverage

Coverage-based strategies are often used to ensure the quality of product sam-
pling [VAHT+18]. These strategies target criteria such as code coverage or feature
interaction coverage. In terms of code coverage, the generated sample must cover a
defined percentage of the source code. The feature interaction coverage is relevant
for the master thesis, which is achieved with the combinatorial interaction testing
strategy, explained below.

Combinatorial Interaction Testing

Combinatorial interaction testing (CIT) is a commonly used strategy and has proven
successful in generating samples [OMR10, JHF12, POS+12]. The basic idea behind
this strategy is that we assume that erroneous behavior occurs due to feature inter-
actions. Such a feature interaction occurs when a feature is influenced in its behavior
by the presence or absence of another feature or group of features [AKS+13]. The
behavior of a feature in isolation can be fault-free but unintentionally erroneous
when interacting with other features. For CIT, the criterion for generating a prod-
uct sample is the t-wise feature interaction coverage. That means that each valid
combination of t features must occur in at least one product of the sample. Kuhn et
al. 2004 [KWG04] have shown that most defects in a software product line can be
found with a t-wise feature interaction coverage of t = 6. With coverage of t = 3,
95% of the defects can be identified during testing.

Figure 2.2: Simple feature diagram.

Figure 2.2 shows a simple feature model to demonstrate t-wise feature interaction
coverage. The feature-wise coverage (t=1) is shown in Table 2.3, and the pair-
wise coverage (t=2) is shown in Table 2.4. A checkmark means that the feature
combination is selected in the configuration Ci. The root feature is not present in
the configurations for better readability, as it must always be selected.

A sample based on the t-wise combinatorial interaction testing strategy can be repre-
sented as a t-wise covering array [JHF11]. We can use different sampling algorithms
such as Chvatal [Chv79], CASA [GCD11], ICPL [JHF12], IncLing [AHKT+17], or
YASA [KTS+20] to generate t-wise covering arrays. Below, we will explain the
state-of-the-art sampling algorithm YASA [KTS+20].
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12 2. Background

Feature C1 C2

A ✓ -
B ✓ -
C - ✓
¬A - ✓
¬B - ✓
¬C ✓ -

Table 2.3: Feature-wise coverage (t=1) for the simple feature diagram.

Feature Interaction C1 C2 C3 C4 C5 C6

(A,B) ✓ - - - - -
(¬A,B) - - ✓ - ✓ -
(A,¬B) - ✓ - - - -
(¬A,¬B) - - - ✓ - ✓
(A,C) ✓ - - - - -
(¬A,C) - - ✓ - - ✓
(A,¬C) - ✓ - - - -
(¬A,¬C) - - - ✓ ✓ -
(B,C) ✓ - ✓ - - -
(¬B,C) - - - - - ✓
(B,¬C) - - - - ✓ -
(¬B,¬C) - ✓ - ✓ - -

Table 2.4: Pair-wise coverage (t=2) for the simple feature diagram.

YASA

Johansen et al. 2012 [JHF12] and Al-Hajjaji et al. 2017 [AHKT+17] have shown
that existing sampling techniques scale poorly or not at all for large software product
lines. The sampling algorithm YASA, developed by Krieter et al. 2020 [KTS+20],
is based on the existing strategy IPOG [LKK+07] and was designed to address
this scalability problem. The algorithm uses different heuristics, caching methods,
and pre-computed data structures to reduce the computation time for generating
a sample. Sampling algorithms usually only allow the feature model and the fea-
ture interaction degree t as input parameters. In contrast, YASA allows the three
additional input parameters Feature Subsets, Covering Strategy, and Removing and
Resampling Configurations, which bring several advantages.

Feature Subsets. Common t-wise sampling algorithms will consider every possible
valid feature interaction of size t. For large systems, it is expected that many features
do not interact with each other. Ignoring these unnecessary feature interactions
can result in a minimized algorithm run-time and a smaller sample size. With
domain knowledge or a source code analysis, smaller subsets of features can be
created manually and passed to the algorithm as input. YASA generates the feature
interactions based on these feature subsets.

Covering Strategy. By default, the algorithm processes the feature interactions se-
quentially with the user-defined covering strategy. For each feature interaction, the
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2.3. Semi-Automated Product Configuration of Extended Software Product Lines13

covering strategy determines a partial matching configuration. The user can develop
and use his covering strategies. Other covering strategies can affect the run-time and
sample size.

Removing and Resampling Configurations. The algorithm has a method to optimize
the sample size by removing and resampling configurations that cover only a small
number of feature interactions. First, all configurations that cover only a small
number of feature interactions are removed from the sample. Afterward, the sample
will be completed by iterating over all uncovered feature interactions. The user can
specify the number of runs for the removing and resampling process. With each
iteration, the sample size may decrease, but the run-time of the algorithm increases.

2.3 Semi-Automated Product Configuration of Extended

Software Product Lines

In Section 2.2, we explained product sampling for basic feature models and clas-
sified the different configuration selection approaches. We took a closer look at
the coverage-based selection approach combinatorial interaction testing and ex-
plained the state-of-the-art t-wise feature interaction sampling algorithm YASA.
This section presents different techniques in detail to find optimized configurations
semi-automatically with extended feature models that consider functional and non-
functional requirements [OGRJ+18]. In the context of extended feature models,
semi-automatic selection techniques have to automatically complete configurations
based on product configuration constraints. Product configuration constraints are
explained in Section 2.4 and are, for example, product requirements. For instance,
the goal of optimization is to find configurations that have the smallest memory
footprint, the lowest cost, or the highest performance.

2.3.1 Evolutionary Algorithms

Evolutionary Algorithms are approximated or stochastic algorithms inspired by bi-
ological evolution [ES15]. This family of algorithms is beneficial for solving learning
tasks and optimization problems [YG10]. They imitate the evolution of biological
species. The concept is shown in Figure 2.3. First, an initial population of m in-
dividuals is generated randomly or using heuristics to achieve a higher fitness in
the former sample. These individuals live in a resource-constrained environment
and competition, where only the fittest can survive [YG10, ORGC14]. An indi-
vidual consists of one or more chromosomes, which are formed by n genes. Next,
based on the current population, new generations are created using mutation and
crossover. Then the fitness value is calculated with the fitness function (i.e., opti-
mization objectives and environmental constraints) of each individual [OGRJ+18].
A new population is selected for the next evolution step based on the fitness values.

Multi-Objective evolutionary algorithms (MOEA) and Genetic algorithms (GA) are
commonly found for semi-automatic product configuration [OGRJ+18]. The fitness
function and the genetic operators selection, replication, mutation, and crossover
differ in implementation and behavior regarding the different algorithms. In the
context of software product lines, valid configurations must satisfy the constraints
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Figure 2.3: Basic concept of evolutionary algorithms.

of the related feature model. Thus, satisfiability is an optimization objective. In
addition, criteria such as t-wise feature interaction coverage or non-functional re-
quirements are further optimization objectives. This results in a trade-off across
multiple optimization objectives [OGRJ+18].

In evolutionary algorithms, product configurations of an SPL are typically encoded
as a binary string, as represented in table Table 2.5. To represent a configuration
(i.e., chromosome or genotype) for an SPL with n features, a 1×n vector is created.
The vector represents the selection / deselection of the n features and has the form,
C = [v(f1), v(f2), . . . , v(fn)] such that fi ∈ N, v(fi) ∈ 0, 1, i ∈ N, i ≤ n [OGRJ+18].

f1 f2 f3 · · · fn

C1 1 1 1 · · · 0
C2 1 1 0 · · · 0
... 1 0 1

. . . 1
Cn 1 0 0 · · · 1

Table 2.5: Binary EA-based encoding.

2.3.2 Constraint Programming

Constraint programming is a powerful paradigm for solving combinatorial search
problems, such as constraint satisfaction problems (CSP) and boolean satisfiability
problems (SAT) [RvBW06]. It is successfully applied to many domains, such as
scheduling, planning, routing, and configuration [RvBW06, ORGC14]. Benavides
et al. 2005 [BTRC05] used constraint programming to formalize extended feature
models. Therefore, they presented a mapping to translate an extended feature model
into a constraint satisfaction problem (CSP).

The constraint satisfaction problem is specified as a set of variables, a finite set of
domains, and a set of constraints [BTRC05]. Each variable has its domain, and the
constraints affect these domains by restricting all values that the variables can take
simultaneously. A valid solution for a CSP is assigning each variable with a value
from its domain, where all constraints are satisfied.

All n features in the feature model are translated into n binary variables to generate a
software product line configuration. The domain of each binary variable is identical,
such that each variable vi ∈ {0, 1}. There are several different approaches to trans-
late feature model relations and constraints into CSP-based constraints [OGRJ+18].
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Some examples are shown in Table 2.6, where P is a parent feature, C is a child
feature, and Ci is the ith child feature in a group [OGRJ+18].

Relationship Encoding
Mandatory P = C
Optional P ≥ C

Or Group
∑
i=1

Ci ≥ 0

Alternative Group
∑
i=1

Ci = 1

Constraint Encoding
Implication A⇒ B A ≤ B
Equivalence A⇔ B A = B

Table 2.6: Translation of feature model relations and constraints into CSP-based
constraints.

With this CP model, we can find an arbitrary valid solution [BTRC05]. However, in
a real-world system, we want a good solution. For this, a defined objective function
is used to calculate the quality of a solution as a numerical value. The goal is to find
a solution that maximizes or minimizes our objective function while satisfying all
constraints. Such a problem is called a constraint satisfaction optimization problem
(CSOP). It is a regular CSP extended by an objective function that can compute a
numerical value to each solution.

Non-functional properties can be used to define the objective function [OGRJ+18].
For instance, the value of the objective function is the sum of the non-functional
property a depending on the selected features. A non-functional property a, which
refers to the feature fi, can be defined as vi ∗ a. If the feature fi is selected, the
corresponding value of the non-functional property is included in the sum.

2.3.3 Integer Linear Programming

Linear programming (LP) is an approach to optimize a linear objective function
while satisfying linear equality and inequality constraints [DT97]. In integer linear
programming (ILP), the variables are restricted to integer values and are not allowed
to take real values as in linear programming [Sch00]. An ILP model consists of
a set of decision variables V = {v1, v2, . . . , vn}, where each variable vi can only
take integer values of its own domain Di, a set of linear equality and inequality
constraints C = {C1, C2, . . . , Cm}, and a linear objective function f . The goal is
to find an assignment of the decision variables that minimizes or maximizes the
objective function while satisfying all linear constraints simultaneously.

In the context of a software product line, an ILP model consists of n variables
V = {v1, v2, . . . , vn} representing the features of the feature model. Each variable
vi ∈ D has the same binary domain D = {0, 1}. This is a special case of integer
linear optimization and is known as 0-1 programming [OGRJ+18]. The set of lin-
ear equality and inequality constraints C = {C1, C2, . . . , Cm} is derived from the
relations and constraints of the feature model. Similar to constraint programming,
there are different approaches to translating the constraints [OGRJ+18]. Table 2.7
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shows some examples, where P is a parent feature, C is a child feature, and Ci is
the ith child feature [OGRJ+18].

For instance, an ILP optimization for product configuration can be formalized as
follows [NBD16]:

Maximize

|V |∑
i=1

S(vi) ∗ vi , subject to C

The function S(vi) returns a numerical value, which indicates the benefit of a feature
if it is selected. Otherwise, the function returns 0.

Relationship Encoding
Mandatory P = C
Optional P ≥ C

Or Group
∑
i=1

Ci ≥ P

Alternative Group
∑
i=1

Ci = P

Constraint Encoding
Implication A⇒ B A ≤ B
Equivalence A⇔ B A = B

Table 2.7: Translation of feature model relations and constraints into linear equality
and inequality constraints.

2.4 Product Configuration Constraints

The previous Section 2.3 explained techniques to find an optimized configuration
semi-automatically with an extended feature model. To generate an optimized con-
figuration, we must define objectives, restrictions, or requirements in the optimiza-
tion model [OGRJ+18]. This section introduces the three product configuration
constraints Single-Objective Optimization, Multi-Objective Optimization, and Hard
Limits.

2.4.1 Single-Objective Optimization

Single-Objective Optimization (SOO) is an effective approach to find the best so-
lution for a defined criterion or metric [CvL07]. The problem is defined as min-
imizing or maximizing a function f(x) subject to gi(x) ≤ 0, i = {1, . . . , p}, and
hj(x) = 0, j = {1, . . . , q} with p, q ∈ N. x is an n-dimensional vector of decision
variables x = (x1, x2, . . . , xn) with n ∈ N. gi(x) is the ith inequality constraint of a
total of p. hj(x) is the jth equality constraint of a total of q. A valid solution must
satisfy each constraint simultaneously.
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2.4.2 Multi-Objective Optimization

In contrast to Single-Objective Optimization, the challenge of Multi-Objective Opti-
mization (MOO) is to find a solution that optimizes two or more objectives [ORGC14].
We have a k-dimensional vector of objective functions F (x) = [f1(x), f2(x), . . . , fk(x)]
with k ∈ N, where each objective function must be minimized or maximized. Typ-
ically, there is no single solution that can optimize all different objectives simulta-
neously, as they are usually in conflict with each other. However, there exists a set
of Pareto-optimal solutions, also called Pareto front. A Pareto-optimal solution is
defined by the characteristic that no objective can be improved without simultane-
ously worsening another objective. Therefore, a solution to a MOO problem is a
trade-off between the different objectives.

2.4.3 Hard Limits

Hard limits are constraints over the aggregation of non-functional properties ex-
pressed as equalities or inequalities [OGRJ+18]. For such a constraint, first, a set
of feature attributes assigned to the same non-functional property (e.g., memory
consumption) is aggregated (e.g., sum). Then, an equality or inequality relation is
defined between the aggregation and a constant. These constraints are helpful to
find configurations that must satisfy defined requirements (e.g., maximum response
time) or resource limits (e.g., budget).
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In Chapter 1, we mentioned that sampling algorithms already exist which generate
optimized samples based on extended feature models. The disadvantage of these
approaches is that t-wise feature interaction coverage competes with other opti-
mization objectives. However, since we know that erroneous behavior often occurs
between feature interactions, we want to ensure that our sample completely fulfills
a user-defined t-wise feature interaction coverage.

This chapter presents the conceptual ideas for generating a sample covering all t-wise
feature interactions and optimizes and prioritizes configurations based on feature
attributes for a given domain. First, we introduce in Section 3.1 an example of
an attributed feature model, which we use to illustrate our concepts. Section 3.2
describes what we mean by prioritization and optimization of configurations based
on feature attributes. Therefore, we explain the requirements and assumptions we
made to measure the prioritization and optimization of a single configuration or a set
of configurations. In conjunction with this, in Section 3.3, we present our metrics and
explain how they conform to the previously established requirements. Furthermore,
in Section 3.4.1 and Section 3.4.2, we present two approaches to generate optimized
and prioritized samples based on feature attributes that cover the t-wise feature
interactions. In Section 3.5, we also introduce a method to enrich basic feature
models with attributes artificially.

3.1 Attributed Feature Model Example

This section introduces an example of an attributed feature model. In the concept
chapter, we use this example to clarify what prioritization and optimization mean,
how the attribute score is calculated, and how feature models are artificially enriched
with attributes.

As an example, we use a fictional vehicle control system inspired by Di Cola et
al.[DCLTQ15] that includes a small set of assistance systems. Figure 3.1 shows the
feature diagram of the vehicle control system. We used a small set of features and
omitted cross-tree constraints to keep the example simple to understand. We enrich
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Figure 3.1: Attributed feature model for vehicle control system.

Feature Short Form Installation Rate
Cruise Control CC 0.7
Audible Alert AA 0.9
Automatic Parking AP 0.2
Imperial System IS 0.2
Metric System MS 0.8

Table 3.1: Installation rates for the vehicle control system.

our feature model with the feature attribute Installation Rate. The feature attribute
has the data type Double and the domain D = [0, 1]. Table 3.1 shows the concrete
features, their names in short form, and the assigned attribute values.

Table 3.2 shows a set of configurations that covers all pair-wise feature interactions
for our example. We only present the concrete features in the table for a better
view. The following list contains all 37 feature interactions (also called t-set) of the
concrete features that must be covered to achieve pair-wise coverage. The abstract
features Vehicle Control System, Parking Assistant, Calculation are not included in
the list. Vehicle Control System and Calculation are core features which must be
selected in every configuration. Parking Assistant is selected exactly when at least
one of its children is selected, otherwise not.

{CC,AA}, {CC,¬AA}, {¬CC,AA}, {¬CC,¬AA}, {CC,AP}, {CC,¬AP},
{¬CC,AP}, {¬CC,¬AP}, {CC, IS}, {CC,¬IS}, {¬CC, IS}, {¬CC,¬IS},
{CC,MS}, {CC,¬MS}, {¬CC,MS}, {¬CC,¬MS}, {AA,AP}, {AA,¬AP},
{¬AA,AP}, {AA, IS}, {AA,¬IS}, {¬AA, IS}, {¬AA,¬IS}, {AA,MS},
{AA,¬MS}, {¬AA,MS}, {¬AA,¬MS}, {AP, IS}, {AP,¬IS}, {¬AP, IS},
{¬AP,¬IS}, {AP,MS}, {AP,¬MS}, {¬AP,MS}, {¬AP,¬MS}, {IS,¬MS},
{¬IS,MS}

Config CC AA AP IS MS SUM(Installation Rate) Newly covered t-sets
C1 ✓ ✓ ✓ - ✓ 2.6 10
C2 ✓ ✓ - - ✓ 2.4 4
C3 - ✓ - ✓ - 1.1 9
C4 ✓ - ✓ ✓ - 1.1 8
C5 - - ✓ - ✓ 1.0 6

Table 3.2: Pair-wise coverage for the vehicle control system.
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3.2 Optimization and Prioritization

Before we can calculate an optimized and prioritized sample, we must first define
what optimization and prioritization of configurations mean. The sampling process
has two objectives, which affect different levels of the sample. Figure 3.2 shows the
different levels of a sample. A sample is a set of configurations. Each configuration
contains a set of selected and deselected features. In addition, there exists a finite
set of feature attributes that are mapped to the features. The process of optimiza-
tion is performed at the level of configurations and their features. The process of
prioritization concerns the sample and its configurations. We get Definition 3.2.1 for
the optimization of a single configuration and Definition 3.2.2 for the prioritization
of configurations in a sample.

Figure 3.2: Different levels of a sample.

Definition 3.2.1 (Optimization). Optimization of a single configuration C is achieved
by selecting features so that the aggregation of their associated attribute values
optimally satisfies a defined objective function O(C).

Definition 3.2.2 (Prioritization). Prioritization of a sample is achieved when its con-
figurations (C1, . . . , Cn) are sorted in descending order for maximization or ascending
order for minimization. Under the condition Ci > Cj if O(Ci) > O(Cj).

To generate an optimized and prioritized sample, we need to calculate the effective-
ness of a feature, a t-set, and a configuration. The attribute score is our metric
to measure the effectiveness of optimization and prioritization considering a specific
feature attribute. After we define optimization of a single configuration and priori-
tization of a sample, we have further requirements and assumptions that need to be
considered when generating an optimized and prioritized sample.

Requirement 3.2.1 (Optimize and prioritize the sample). The first requirement is
based on Definition 3.2.1 and Definition 3.2.2. One of the main aims of our sampling
approaches is to generate optimized and prioritized samples. Each generated config-
uration should contain exactly the features so that the aggregation of the associated
attribute values optimally satisfies the defined objective function. Moreover, the
configurations of the sample should be sorted considering the objective function.
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Requirement 3.2.2 (T-wise feature interaction coverage). Optimizing and prioritiz-
ing a sample based on feature attributes for a specific domain is just one requirement
of our following sampling techniques. As a further requirement, the sample must
cover all t-wise feature interactions. The t-wise feature interaction coverage is a hard
limit that is not in trade-off with optimization and prioritization. Definition 3.2.1
describes how a single configuration can be optimized. Due to the requirement of
t-wise feature interaction coverage, a set of configurations must be generated that
contain all t-wise feature interactions. Therefore it is also necessary to deselect fea-
tures if all feature interactions should be covered. Nevertheless, this can limit the
optimization process since, for example, maximizing an attribute requires selecting
as many features as possible. The end-user can select different degrees of t-wise
feature interaction coverage.

Requirement 3.2.3 (Support different attribute types). In order to express the expert
knowledge in the form of attributes, different data types are required. Attributed
feature models in FeatureIDE support the data types String, Double, Long, and
Boolean1. Our sampling approaches must support this set of data types to provide
this expressiveness.

Requirement 3.2.4 (Minimize the sample size). Minimizing the sample size is the
primary motivation for using sampling algorithms. Suppose that we want to maxi-
mize an attribute (for example, installation rates) with our algorithm. With a larger
set of configurations, we achieve a higher aggregate value of the attribute. Compared
to other t-wise sampling algorithms, our algorithm should not increase the sample
size by optimizing the sample because a sampling algorithm aims to minimize the
number of test configurations.

Example 3.2.1. Table 3.3 presents a possible set of configurations to achieve pair-
wise coverage for our example feature model Vehicle Control System. We created the
sample manually and maximized the Installation Rate attribute in a configuration.
A configuration must not occur more than once in the set. If we compare the sample
from Table 3.3 with the sample from Table 3.2, we see that the sample size from
Table 3.3 is more than 50% larger. The larger sample also results in an increased
testing effort. The additional effort can waste a lot of time and money. However,
we also see that the installation rate sums are larger on average in the sample from
Table 3.3.

2.6 + 2.4 + 2.0 + 1.8 + 1.7 + 1.7 + 1.5 + 1.3 + 1.1 + 1.1

11
= 1, 74 (3.1)

2.6 + 2.4 + 1.1 + 1.1 + 1.0

5
= 1, 64 (3.2)

As we mentioned, we do not want to compromise between t-wise feature interaction
coverage, sample size, and optimization. This example illustrates the priority of
covering new feature interactions during configuration generation. Thus, we achieve
a less effective optimization of a feature attribute on average. However, we achieve
a smaller sample size.

1https://github.com/FeatureIDE/FeatureIDE/tree/develop/plugins/de.ovgu.featureide.fm.
attributes
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Config CC AA AP IS MS SUM(Installation Rate) Newly covered t-sets
C1 ✓ ✓ ✓ - ✓ 2.6 10
C2 ✓ ✓ - - ✓ 2.4 4
C3 ✓ ✓ ✓ ✓ - 2.0 7
C4 - ✓ ✓ - ✓ 1.9 4
C5 ✓ ✓ - ✓ - 1.8 2
C6 - ✓ - - ✓ 1.7 1
C7 ✓ - ✓ - ✓ 1.7 4
C8 ✓ - - - ✓ 1.5 1
C9 - ✓ ✓ ✓ - 1.3 2
C10 - ✓ - ✓ - 1.1 1
C11 ✓ - ✓ ✓ - 1.1 2

Table 3.3: Large sample for the vehicle control system.

3.3 Attribute Score

Before we can generate optimized configurations, we define the metric Attribute
Score, which gives us the effectiveness of configuration optimization as a measurable
and comparable number. We define this metric as different variants to compute the
attribute score for a feature, a feature interaction, a configuration, and a sample.
In our evaluation, we use several variants of this metric to compare our sampling
algorithms with random-based methods and other state-of-the-art t-wise sampling
algorithms. First, we make some requirements and assumptions that need to be
considered to calculate the attribute score.

Requirement 3.3.1 (Result is a single value). Each variant of the Attribute Score
metric should return a single numeric value. Our sampling algorithms have to decide
in which order and combination the feature interactions are covered. For this, the
feature interactions have to be compared with each other in terms of their attribute
score. This process is simple and faster if single values have to be processed instead
of multiple values. We also use the metrics to evaluate our sampling algorithms.
Single values help us to process and interpret the results more easily. If the metric
provides a set of values, this set is aggregated to a single value.

Requirement 3.3.2 (Result is the sum of the selected features). This requirement
applies exclusively to the calculation of the attribute score for a feature interaction
and a configuration. Our sampling algorithms support the minimization and maxi-
mization of one feature attribute. For this reason, the attribute score for a feature
interaction or configuration results from summing up the attribute values of the
selected features. Unselected features are not considered because they are not part
of the product and have no influence.

Requirement 3.3.3 (Result is the arithmetic mean). This requirement applies only
to the calculation of the attribute score for a complete sample. In the evaluation, we
compare our sampling algorithms with random-based approaches and other state-
of-the-art sampling algorithms. Therefore, we first generate a sample with each
sampling algorithm. Then we calculate the attribute score for each sample and
compare the scores with each other. The problem is that the size of each sample may
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differ from the other. If we only calculate the attribute score for each configuration
of a sample and sum up all scores, then the results are not comparable due to the
sample size. Therefore, the calculation of the attribute score for a sample results
in the arithmetic mean. The arithmetic mean is commonly used and an easy-to-
understand measure that indicates the central tendency in a data set.

Assumption 3.3.1 (Sample is a list of configurations). We assume that a sample is a
list of configurations. A list contains objects in a fixed and specific order. Our met-
rics can utilize the order of configurations in a sample to measure the prioritization.
For this, the attribute score of a configuration has a weight relative to its position
in the sample.

Assumption 3.3.2 (Configuration is a set of selected feature names). We assume that
a configuration is a set of selected feature names. In contrast to a list, the objects
in a set do not have a specific order. In a set, duplicates are not allowed. Therefore,
a feature name can occur only once in a configuration. We need this characteristic
for our metrics because an attribute value of a specific feature can only be included
once in the calculation.

Assumption 3.3.3 (Calculation of the Attribute Score requires the Feature Model).
As we specified in Assumption 3.3.1 and Assumption 3.3.2, a sample or configuration
does not contain information about the feature attributes. All feature attributes and
the relations to the individual features are defined in the feature model. Therefore,
we need the associated feature model to calculate the attribute score.

To calculate the following attribute score, we must first define which attribute is
used to calculate an optimized sample. For this, we use the Definition 3.3.1 of the
Optimized Attribute, which contains all the information of the attribute that is used
for the optimization.

Definition 3.3.1 (Optimized Attribute). An optimized attribute (OA) is a 4-tuple
OA = (N, T, V,O) where:

� N is the name of the attribute, that should be optimized.

� T ∈ {Boolean,Double, Long, String} is the data type of the attribute.

� O ∈ {Minimum,Maximum} is the objective function.

� V is the searched value of the attribute. This parameter is only necessary if
T == String.

Based on the specified requirements and assumptions, and with the definition of the
Optimized Attribute, we define the following metrics to calculate the attribute score
for a single feature, a feature interaction, a configuration, or a complete sample.
Each metric requires the associated feature model and Optimized Attribute used for
the sampling.
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Definition 3.3.2 (Feature Attribute Score). The feature attribute score FAS of a
feature f is the value of the attribute a that should be optimized and is associated
with the given feature f . If an attribute a is associated with a feature f , then we
identify this feature attribute as fa. The function value(fa) returns the value of the
feature attribute. For further mathematical operations, the feature attribute value
must be numeric. Since we support different data types, we need to translate non-
numerical data into numerical data. For the two data types, Long and Double, we
do not need any further translation steps. As we see in Equation 3.3, the function
FAS(f) returns the value value(fa) of the feature attribute fa associated with the
feature f .

FAS(f) = value(fa) (3.3)

For the other two data types, String and Boolean, we define the two functions below.
If the attribute type is Boolean, then the function FAS(f) in Equation 3.4 returns 1
if the value(fa) value of the feature attribute fa is true, otherwise 0. If the attribute
type is String, then the function FAS(f) in Equation 3.5 returns 1 if the value
value(fa) of the feature attribute fa is equal to the searched value of the optimized
attribute OAV , otherwise 0.

FAS(f) =

{
1 if value(fa) == true

0 if value(fa) == false
(3.4)

FAS(f) =

{
1 if value(fa) == OAV

0 if value(fa)! = OAV

(3.5)

Definition 3.3.3 (Feature Interaction Attribute Score). The feature interaction at-
tribute score FIAS(T ) is the sum of the feature attribute scores of the selected
features in a t-set T . As input, the function receives a t-set T , which is a set of se-
lected and deselected features. From the set T , the set T ′ is calculated by removing
all deselected features.

FIAS(T ) =

|T ′|∑
i=1

FAS(fi) (3.6)

Definition 3.3.4 (Configuration Attribute Score). The configuration attribute score
FAS(C) is the sum of the feature attribute scores of the selected features from
configuration C. In the Assumption 3.3.2, we have already defined that there are
no deselected features or duplicates in a configuration.

CAS(C) =

|C|∑
i=1

FAS(fi) (3.7)

Definition 3.3.5 (Total Attribute Score). The total attribute score TAS(S) is cal-
culated over a complete sample S. In Requirement 3.3.3, we have defined that the
result is the arithmetic mean. Therefore, the metric calculates the sum of the at-
tribute score CAS(Ci) of all configurations Ci ∈ S. Then the sum is divided by the
number of configurations |S| to obtain the arithmetic mean.

TAS(S) =

∑|S|
i=1CAS(Ci)

|S|
(3.8)
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Definition 3.3.6 (Partial Attribute Score). The partial attribute score PAS(s, n) is
almost identical to the total attribute score TAS(S). The difference is that the
calculation of the partial attribute score is restricted to the first n configurations of
sample S. For this, an additional parameter n must be passed, with: n ≤ |S|.

PAS(S, n) =

∑n
i=1 CAS(Ci)

n
(3.9)

Definition 3.3.7 (Weighted Attribute Score). The weighted attribute score WAS(S)
is calculated over a complete sample S. The difference to the total attribute score
TAS(S) is that each configuration Ci ∈ S is weighted concerning its position in

the sample S. The weight wi of a configuration Ci is calculated as wi =
|S|−i+1

|S| ∈
{ |S||S| , . . . ,

1
|S|}, with i ∈ 1, . . . , |S|. As a result, the first configuration has the highest

weight, and each subsequent configuration has a lower weight. Thus we include the
prioritization we explained in Definition 3.2.2 in the attributes score.

WAS(S) =

∑|S|
i=1

|S|−i+1
|S| ∗ CAS(Ci)

|S|
(3.10)

Example 3.3.1. After defining all relevant variants for calculating the attribute score,
we perform an example calculation below. For this, we use our attributed feature
model example Vehicle Control System from Section 3.1. We do not need to calculate
the feature attribute score FAS(f) for the different features since the attribute
values are given in Table 3.1. First, we compute the configuration attribute score
CAS(C) for each configuration C1, . . . , C5 of sample S.

CAS(C1) =

|C1|∑
i=1

FAS(fi) = 0.7 + 0.9 + 0.2 + 0.8 = 2.6

CAS(C2) =

|C2|∑
i=1

FAS(fi) = 0.7 + 0.9 + 0.8 = 2.4

CAS(C3) =

|C3|∑
i=1

FAS(fi) = 0.9 + 0.2 = 1.1

CAS(C4) =

|C4|∑
i=1

FAS(fi) = 0.7 + 0.2 + 0.2 = 1.1

CAS(C5) =

|C5|∑
i=1

FAS(fi) = 0.2 + 0.8 = 1.0

Based on the resulting configuration attribute scores, we can calculate the total
attribute score TAS(S), the partial attribute score PAS(s, n) with n = 3, and the
weighted attribute score WAS(S).

https://doi.org/10.24355/dbbs.084-202201210857-0



3.4. Approaches for Optimized Sampling with Attributed Feature Models 27

TAS(S) =

∑|S|
i=1CAS(Ci)

|S|

=
2.6 + 2.4 + 1.1 + 1.1 + 1.0

5

=
8.2

5
= 1.64

PAS(S, n) =

∑n
i=1 CAS(Ci)

n

=
2.6 + 2.4 + 1.1

3

=
6.1

3
≈ 2.03

WAS(S) =

∑|S|
i=1

|S|−i+1
|S| ∗ CAS(Ci)

|S|

=
5
5
∗ 2.6 + 4

5
∗ 2.4 + 3

5
∗ 1.1 + 2

5
∗ 1.1 + 1

5
∗ 1.0

5

=
5.82

5
= 1.164

3.4 Approaches for Optimized Sampling with Attributed

Feature Models

This section describes the conceptual ideas for our two t-wise sampling algorithms
that optimize and prioritize a sample based on a feature attribute. We can optimize
and prioritize a sample concerning a selected feature attribute by considering the
feature attributes during the sampling process. In Example 3.4.1, we give a use case
illustrating the benefits of optimizing and prioritizing a sample.

Example 3.4.1. As a starting point for this example, we use the attributed feature
model Vehicle Control System, which is shown in Figure 3.1. For this feature model,
we have expert knowledge in the form of attributes. In Table 3.1 the installation
rates are assigned to the individual features. For instance, we want to generate a
sample that covers all pairwise feature interactions and maximizes the installation
rates. First, we know that errors often occur when features interact, which can be
detected during test execution. Secondly, we test exactly those features that are
most frequently installed if we have an optimized sample. Finally, if we cannot
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test all configurations, for example, due to time constraints, we test exactly the
configurations with a higher installation rate when the sample is prioritized. The
advantage of testing the configurations with a high installation rate is that many of
the sold products may have fewer defects because they were tested more extensively.
This can avoid high costs, which can arise from fixing defects in many products.
Defects can also occur in rarely installed features. However, this affects only a small
number of products.

As mentioned earlier, the goal of our sampling approaches is that the generated
sample is optimized and prioritized concerning a specific feature attribute. In Defi-
nition 3.2.1 and Definition 3.2.2, we explained what we understand by optimization
of a single configuration and by prioritization of a sample. Furthermore, as described
in Requirement 3.2.2 and Requirement 3.2.4, the sample should be as small as pos-
sible and must completely cover all t-wise feature interactions for a defined degree t.
Due to Requirement 3.2.3, the sampling algorithms must support the four different
attribute types Boolean, Double, Long, and String.

3.4.1 Extended YASA

This approach is based on the state-of-the-art t-wise sampling algorithm YASA,
which we described in Section 2.2.4. Compared to the other t-wise sampling algo-
rithms we mentioned in Section 2.2.4, YASA usually has a short runtime, generates
small samples, and scales well with large software product lines [KTS+20]. For this
reason, we chose YASA as the baseline for our t-wise sampling algorithm Extended
YASA. None of the mentioned sampling algorithms use attributed feature models
and thus do not consider feature attributes.

In the following, we mention the parts of the YASA algorithm that we modify to
produce an optimized and prioritized sample. To do this, we explain the affected
methods of YASA in detail. Then we highlight the changes we made and show how
they affect the sampling process. Previously, in Definition 3.4.1, we explain what
we mean by the cost of a feature interaction.

Definition 3.4.1 (Feature Interaction Cost). The cost of a feature interaction should
indicate how efficiently the features of the interaction can be combined with other
features. We assume that a feature that has many constraints is less efficient to
combine with other features. We use heuristics that calculate the cost of a feature
interaction based on the feature tree and cross-tree constraints. For this, we assume
that a feature, which is often included in cross-tree constraints, is less efficient to
combine with other features. In addition, we assume that a feature is also less
efficient to combine with other features if it is on a deeper level in the feature tree.

Input parameters

The basic YASA sampling algorithm requires as input parameters the feature model
fm, the feature interaction size t, the feature subsets G, and the number of it-
erations m [KTS+20]. As stated in the original scientific paper by Krieter et
al. 2019 [KTS+20], YASA operates on basic feature models implemented in Fea-
tureIDE [Thü21]. Since our sampling algorithms consider attributes, Extended
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YASA requires an attributed feature model instead of a basic feature model. For
the optimization and prioritization process based on attributes, Extended YASA
requires additional input parameters. The algorithm requires information about
the feature attribute on which the sample optimization and prioritization are per-
formed. The required data are summarized in the object Optimized Attribute, which
was introduced in Definition 3.3.1. It contains the name, the data type, and the
searched value of the feature attribute. Since a feature can have multiple attributes,
this information is needed to identify the correct attribute. Due to Definition 3.3.2,
the searched value is only relevant for the data type String. Moreover, the object
Optimized Attribute contains the objective function. The user can choose between
minimizing or maximizing the feature attribute. As additional input parameters,
the user can specify a weight wFIAS for the feature interaction attribute score and
a weight wCost for the feature interaction cost, which are utilized in building and
sorting the t-wise feature interactions.

Building t-wise feature interactions

YASA provides the possibility to pass feature subsets G as input [KTS+20]. Based
on these sets, the algorithm builds the set of feature interactions. If the input
parameter G is not set, all possible valid feature interactions are built over the entire
set of features. We do not touch the basic process of building the feature interactions.
Instead, we additionally perform some calculations for each feature interaction and
sort the list of all feature interactions at the end. The procedure to generate all
t-wise feature interactions is illustrated in Algorithm 1.

Algorithm 1 Building and sorting t-wise feature interactions

Require: Attributed Feature Model AFM , Interaction Size t, Feature Subsets G,
Optimized Attribute OA, Weights wFIAS and wCost

1: I ← ∅
2: for Fi ∈ G do
3: LI ← L(Fi)
4: for Ij ∈ Lt

i do
5: Compute feature interaction attribute score FIAS(Ij)
6: Compute feature interaction costs CostI(Ij)
7: Compute utility U = Utility(FIAS(Ij), wFIAS, CostI(Ij), wCost)
8: I ← I ∪ Ij
9: end for
10: end for
11: if OAO == Maximum then
12: Sort the list I in descending order by utility U
13: else
14: Sort the list I in ascending order by utility U
15: end if
16: return I

Initially, an empty list I is created, which should contain all feature interactions
from each feature subset Fi ∈ G in the end. To get the feature interactions for each
feature subset Fi ∈ G, we process them as follows. First, all core and dead features
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are removed from the set since interactions with these features are automatically
covered. Then we create a set of literals LI containing all features of the set Fi

and its complement. With this literal set, we generate the feature interactions
Lt

i by building all possible subsets of size t. For each feature interaction Ij, we
calculate the feature interaction attribute score FIAS(Ij) and the feature interaction
cost CostI(Ij). Based on the two calculated values and the associated weights, we
compute the utility U of the feature interaction Ij. Finally, the interaction Ij is
added to the list I. After generating the feature interactions for all feature subsets,
list I is sorted based on the utility values U and the objective function OAO. We
will demonstrate how the procedure works with a small case study in Example 3.4.2.

Example 3.4.2. For our example Vehicle Control System, displayed in Figure 3.1,
we use the input parameters listed below.

� We build one feature subset F1 = {CC,AA,AP, IS,MS} ∈ G.

� We set the interactions size to t = 2.

� We set the weights to wFIAS = 1 and wCost = 0 to keep the example simple.

� We use the Optimized AttributeOA = (InstallationRate,Double,Maximum).

Based on our feature set, we create the literal set L1 = {CC,AA,AP, IS,MS,¬CC,
¬AA,¬AP,¬SS,¬MS}. Then we iterate over each pair-wise feature interaction of
L1 (i.e., {CC,AA}, {CC,AP}, . . . ), calculate the utility U (i.e., U({CC,AA}) =
1.6, U({CC,AP}) = 0.9, . . . ), and add the feature interaction to the list I. In
the end, we sort the list I in descending order by the utility U . Here, the feature
interaction {AA,MS} has the highest utility U({AA,MS}) = 1.7. All feature
interactions that contain only deselected features have a utility U = 0.

Building configurations

Next, we need to create a set of configurations that covers all the feature interactions
we created with Algorithm 1. As depicted in Algorithm 2, we iterate over all feature
interactions I ∈ I and try to cover them with the method cover(AFM, I, S).

Algorithm 2 Building configurations

Require: Attributed Feature Model AFM , Feature Interaction List I
1: S ← ∅
2: for I ∈ I do
3: S ← cover(AFM, I, S)
4: end for
5: return S

Therefore, we use the basic covering strategy from the original YASA algorithm,
which is shown in Algorithm 3 [KTS+20]. The covering method requires as input
parameters the attributed feature model AFM , the feature interaction I, and the
current sample S. First, we check whether a configuration C exists in our current
sample S that already covers the feature interaction I. If so, then we return the
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sample S unmodified. Otherwise, we use a (SAT) solver to check whether the
feature interaction I conflicts with the attributed feature model AFM . If there is
a conflict, then we return the unmodified sample S. Otherwise, we iterate over all
configurations in the sample S and check if the configuration is still valid when we
add the feature interaction I to the configuration. If that is the case, then we add
the literals of the feature interaction to the configuration and return the modified
sample. If we can not find an existing configuration C ∈ S to cover the feature
interaction I, we create a new configuration that includes only the literals of the
feature interaction I.

Algorithm 3 Basic covering strategy

Require: Attributed Feature Model AFM , Feature Interaction I, Sample S
1: if ∄C ∈ S : I ∈ C then
2: if ¬valid(I, AFM) then
3: return S
4: end if
5: for C ∈ S do
6: C ′ ← C ∪ I
7: if valid(C ′, AFM) then
8: S ← (S \ {C}) ∪ {C ′}
9: return S
10: end if
11: end for
12: S ← S ∪ {I}
13: end if
14: return S

Completing configurations

After covering all valid feature interactions, we obtain a set of complete and in-
complete configurations. An incomplete configuration still conflicts with the feature
model because required features are not selected. Through the feature interaction
covering process, the configurations have selected and deselected features. In addi-
tion, some features are neither selected nor deselected. These neutral features must
be selected or deselected in the next step.

First, we create a constraint with the incomplete assignment of the configuration.
Then, we generate a set of configurations using a random sampling algorithm, the
attributed feature model, and the generated constraint. After that, we compute
for each generated configuration C the configuration attribute score CAS(C). Fi-
nally, based on our objective function, we use the configuration that has the highest
(maximum) or lowest (minimum) configuration attribute score.

Example 3.4.3. Table 3.4 shows an incomplete configuration for our example Vehicle
Control System. The features Cruise Control (CC) and Audible Alert (AA) are
selected, the feature Automatic Parking (AC) is deselected, and the features Imperial
System (IS) and Metric System (MS) are neutral.
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CC AA AP IS MS
✓ ✓ - o o

Table 3.4: Incomplete configuration for the vehicle control system.

From the incomplete configuration we get the constraint F = CC∧AA∧¬AP . With
our attributed feature model, shown in Figure 3.1, and our constraint F we generate
a random sample. Table 3.5 shows a possible set of random configurations with their
calculated configuration attribute scores CAS(C). Based on our objective function,
we select configuration C1 for maximization and configuration C2 for minimization.

Config CC AA AP IS MS CAS(C)
C1 ✓ ✓ - ✓ - 2.4
C2 ✓ ✓ - - ✓ 1.8

Table 3.5: Set of random configurations with their configuration attribute scores for
the vehicle control system.

Sorting the final sample

After we have completed all the configurations and generated a final sample S,
we need to sort this sample S. For this, we compute the configuration attribute
score CAS(C) for each configuration C of the sample S. Then, depending on the
objective function, the configurations are sorted in ascending (Minimization) or de-
scending (Maximization) order using the configuration attribute score CAS(C). In
Example 3.4.4, we explain the reason why a sample must be sorted at the end.

Example 3.4.4. We introduce a new attributed feature model represented in Fig-
ure 3.3, where an attribute value is assigned to each concrete feature. The objective
is to generate a sample that covers all pairwise feature interactions and maximizes
the attribute value. Table 3.6 shows a sample that satisfies these criteria. As we
can see, this sample is not sorted by configuration attribute score and thus does
not satisfy the prioritization criterion. The first configuration C1 in the sample has
a lower configuration attribute score than configurations C2 and C3. As we ex-
plained before, the algorithm first adds the feature interactions to the sample with
the highest feature interaction attribute score. In our example, this is the feature
interaction {A,B} with a FIAS({A,B}) = 20. However, the cross-tree constraint
A∧B → ¬(C∨D) from our feature model prohibits us from selecting features C and
D when we select feature A and B. Due to this constraint, our first configuration
contains the feature interaction with the highest feature interaction attribute score
but does not have the highest configuration attribute score. Because of this, the
sample must be sorted at the end.

3.4.2 ILP-based Sampling Approach

Our second sampling approach is based on integer linear programming, which we
described in Section 2.3.3. To solve our problem with integer linear programming,
we need to transform it into an ILP model. In the following, we describe which steps
are necessary for the transformation and how they are performed.
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Feature Attribute Value
A 10
B 10
C 8
D 8

Figure 3.3: Simple example of an attributed feature model.

Config A B C D CAS(C)
C1 ✓ ✓ - - 20
C2 ✓ - ✓ ✓ 26
C3 - ✓ ✓ ✓ 26
C4 - - ✓ - 8
C5 - - - ✓ 8

Table 3.6: Unsorted sample for the simple example of an attributed feature model.

Create the feature variables

An ILP model has a set of decision variables, which is the set of features in our case.
Thus, we transfer each feature fi from our feature model into a decision variable vi.
All variables have the same binary domain D = {0, 1}, since a feature can be either
selected or deselected.

Translate the feature model into constraints

Next, we have to translate the constraints of the feature model into a set of linear
equality and inequality constraints. Algorithm 4 shows a possible approach for
translation. First, we translate the feature model into a propositional formula in
conjunctive normal form (CNF). Then, we iterate over each clause of the CNF
and generate a linear constraint of the form 1 ≤ v1 ∗ 1 + · · · + vn ∗ 1 ≤ n with
vi ∈ Clause, n = |Clause|.

Algorithm 4 Feature model translation

Require: Attributed Feature Model AFM
1: CNF ← cnf(AFM)
2: for Clause ∈ CNF do
3: CS ← new constraint
4: set lower bound(CS, 1)
5: set upper bound(CS, size(Clause))
6: for V ariable ∈ Clause do
7: add coefficient(CS, V ariable, 1)
8: end for
9: end for

Building t-wise feature interactions

We aim to cover all t-wise feature interactions in our generated sample. First, we
need to generate all t-wise feature interactions. For this we use Algorithm 5, which
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is similar to Algorithm 1. As input, we need the attributed feature model AFM , the
feature interaction size t, the feature subsets G and the Optimized Attribute OA.
In the beginning, we create the empty feature interaction list I. From there, we
iterate over each feature subset Fi ∈ G and perform the following operations. First,
we remove all core and dead features from the feature set. Next, we create a set
of literals LI containing all features from the feature subset Fi and its complement.
Based on the literal set LI , we create the set of feature interactions Lt

i by generating
all possible subsets of size t. For each feature interaction Ij, we perform the three
following actions. (1) We calculate the feature interaction attribute score FIAS(Ij).
(2) We create a new decision variable IVj with binary domain D = {0, 1}. This new
variable presents the feature interaction in the ILP model and is required for the
objective function. (3) We create a constraint of the form IVj ⇔ (v1∧ . . .∧ vn) with
vi ∈ Ij. This constraint states that the feature interaction is selected exactly when all
features of the interaction are selected and vice versa. The presented propositional
formula must be transformed into a linear constraint. Finally, we add the feature
interaction Ij to the list I.

Algorithm 5 Building t-wise feature interactions

Require: Attributed Feature Model AFM , Interaction Size t, Feature Subsets G,
Optimized Attribute OA

1: I ← ∅
2: for Fi ∈ G do
3: LI ← L(Fi)
4: for Ij ∈ Lt

i do
5: Compute feature interaction attribute score FIAS(Ij)
6: Create decision variable IVj

7: Create constraint CSj

8: I ← I ∪ Ij
9: end for
10: end for
11: return I

Define the objective function

We aim to cover all t-wise feature interactions and maximize or minimize a selected
feature attribute. We define these goals in the following objective function of our
ILP model. When we maximize a feature attribute, we use the objective function
in Equation 3.11 and when we minimize a feature attribute, we use the objective
function in Equation 3.12. We note that I is the set of feature interactions, and
F is the set of features. The first part of both objective functions sums up the
attribute scores of the selected feature interactions, which ensures that as many
feature interactions as possible are covered in the configuration. For maximizing a
feature attribute, we also sum up the attribute scores of the selected features. This
way, we achieve that as many features as possible are selected in a configuration to
optimize a specific attribute. If we want to minimize an attribute, we do not want
to fill up a configuration with selected features further.
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O =

|I|∑
j=1

(IVj ∗ FIAS(Ij)) +

|F|∑
i=1

(vi ∗ FAS(fi)) (3.11)

O =

|I|∑
j=1

(IVj ∗ FIAS(Ij)) (3.12)

Solve the problem

Executing the integer linear programming solver only once generates one configu-
ration and does not cover all feature interactions. Therefore, we have to execute
the solver until we have a complete sample. A complete sample is generated when
all t-wise feature interactions are covered. However, if we always use the identical
model, we also get the same configuration as before and do not cover any new fea-
ture interactions. For this reason, we need to adjust the model to cover as many
new feature interactions as possible. For this, we use the following two techniques.
(1) We insert the last solution as a constraint so that the same solution cannot be
generated again. However, this alone would not be sufficient since the solver will
compute a very similar solution, leading to a huge sample. (2) We create a decision
variable for each feature interaction used in the objective function. When a feature
interaction is covered, we set its feature interaction attribute score to zero to ensure
it is no longer selected since it does not provide any benefit to the objective function.

Algorithm 6 ILP-based sampling

Require: Attributed Feature Model AFM , Interaction Size t, Feature Subsets G,
Optimized Attribute OA

1: V ← get variables(AFM)
2: CS ← get constraints(AFM)
3: I ← get interactions(AFM, t,G, OA)
4: S ← ∅
5: coverage = 0
6: while coverage < 1 do
7: O ← get objective function(V, I, OA)
8: M ← {V,CS,O}
9: C ← solve(M)
10: last coverage = coverage
11: coverage = get coverage(S ∪ C)
12: if coverage > last coverage then
13: S ← S ∪ C
14: I ← update interactions(I, C)
15: end if
16: CS ← CS ∪ convert constraint(C)
17: end while
18: return S

The sampling process is presented in Algorithm 6. As input, the sampling algo-
rithm requires the attributed feature model AFM , the feature interaction size t, the
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feature subsets G, and the Optimized Attribute OA. First, we create the decision
variables V for the feature set, translate the feature model into constraints CS, and
build the feature interactions I in conjunction with additional decision variables
and constraints. Then, we create an empty sample list S and initialize the coverage
criterion for the t-wise feature interactions coverage = 0. We perform the following
actions as long as the coverage is less than 1 (which means 100% coverage). We
create the objective function O and then the ILP model M . The solver receives the
ILP model M as input and returns a configuration C as a solution if the model is
solvable. We note the last coverage with the variable last coverage and subsequently
calculate the new coverage for the union of the sample S and the new configuration
C. If new feature interactions are covered, then we add configuration C to sample
S. In addition, for each newly covered feature interaction, we set the attribute score
to zero. Then, we convert the new configuration C to additional constraints and
add them to the set CS. When all feature interactions are covered, we return the
sample S.

3.4.2.1 Challenges

Typically, sampling methods have a long run-time for large software product lines
with many features and constraints. If we consider that we can already generate
a large number of feature interactions with a small set of features, we immediately
recognize the scalability problem with the ILP-based approach. For each feature
interaction, we introduce a new decision variable and constraint. Therefore, the
complexity of the optimization function grows with each feature interaction, result-
ing in a longer run-time for the solver. For this reason, we must divide the entire
problem into smaller sub-problems for large software product lines. We use only
a subset of the feature interactions to generate our ILP model. As a result, the
model contains fewer decision variables and constraints, and the objective function
is less complex. We choose the feature interactions with the highest attribute score
for maximization, and for minimization, we choose those with the lowest attribute
score.

Minimizing and maximizing a feature attribute faces a challenge when using pre-
viously defined functions to compute the attribute score. For example, if we have
feature interactions where all features are deselected and thus have an feature in-
teraction attribute score of zero. Such feature interactions would not be selected
because they do not provide any benefit. For this reason, each feature and feature
interaction must have an attribute score greater than zero. To achieve this, we
change the calculation of the feature attribute score. Therefore, we determine the
highest attribute value avmax and the lowest attribute value avmin ̸= 0 from the set
of all attributes associated with the features. Equation 3.13 specifies how the feature
attribute score is calculated for selected and deselected features. For the ILP-based
approach, we define that the feature interaction attribute score is computed over
the set of all selected and deselected features of the interaction.

FAS(f) = avmax + avmin + value(fa)

FAS(¬f) = avmax + avmin − value(fa)
(3.13)
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3.5 Enriching Feature Models with Attributes

As mentioned at the beginning, we want to use real-world feature models to evalu-
ate our sampling algorithms. However, publicly accessible attributed feature models
are rare. In previous scientific work, we extracted feature models from real-world
systems [Wit21]. We have focused on systems configured with Kconfig, which is the
configuration tool of Linux [OBH+19]. With our previous research, we extracted
basic feature models from the five real-world systems Soletta Project, BusyBox,
Toybox, Fiasco.OC Microkernel, and uClibc-ng [Wit21]. Since we need attributed
feature models for our evaluation, we have to artificially enrich the extracted basic
feature models with attributes. To do this, we need a tool that performs the enrich-
ment process automatically. This section describes the conceptual ideas of how we
artificially enrich basic feature models with attributes. Our tool offers two different
methods to enrich a feature model or a part of a feature model with attributes. In
Section 3.5.1, we explain random-based enrichment, and in Section 3.5.2, we explain
incremental enrichment.

Before this, we describe the initialization method of the enrichment tool, which is
shown in Algorithm 7. The method takes as input the basic feature model FM ,
the starting feature in the feature model Node, the name of the attribute Name,
the type of the attribute Type, the minimum attribute value Min, the maximum
attribute value Max and the method to use M . In the beginning, we convert the
basic feature model FM to an attributed feature model AFM without attributes.
After that, we check if a start feature Node is passed. If not, we set the root of the
feature model as the start feature. Next, we check which enrichment method M is
passed and invoke it. If we use the incremental method, a random value between
Min and Max will be determined for the start feature. In the end, we return the
enriched feature model AFM .

Algorithm 7 Feature model enrichment

Require: Basic Feature Model FM , Starting Feature Node, Name Name, Type
Type, Minimum Value Min, Maximum Value Max, Method M

1: AFM ← convert(FM)
2: if Structure == NULL then
3: Node← get root(AFM)
4: end if
5: if M == Random then
6: enrich random(AFM,Node,Name, Type,Min,Max)
7: else if M == Incremental then
8: V alue← random(Min,Max)
9: enrich incremental(AFM,Node,Name, Type, V alue)
10: end if
11: return AFM

3.5.1 Random-based Enrichment

The method for random-based enrichment, shown in Algorithm 8, creates for each
feature in the given feature diagram structure an attribute with a random value
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between two predefined boundaries. The values are independent of each other,
and all have the same predefined boundaries. As input, the method requires the
attributed feature model AFM , the current feature Node, the name of the attribute
Name, the type of the attribute Type, the minimum attribute value Min and the
maximum attribute value Max. In the first part, the method calls itself for each
child, provided that the current feature Node has further children. In the second
part, a random value V alue between Min and Max is created. Then a feature
attribute with the Name, Type, and V alue is created and added to the current
feature Node of the attributed feature model AFM .

Algorithm 8 Random-based enrichment

Require: Attributed Feature Model AFM , Current Feature Node, Name Name,
Type Type, Minimum Value Min, Maximum Value Max

1: Children← get children(Node)
2: for C ∈ Children do
3: enrich random(AFM,C,Name,Min,Max)
4: end for
5: V alue = random(Min,Max)
6: Attribute← {Name, Type, V alue}
7: add attribute(AFM,Node,Attribute)
8: return AFM

3.5.2 Incremental Enrichment

Algorithm 9 shows the incremental enrichment method, which takes as input the
attributed feature modelAFM , the current featureNode, the attribute nameName,
the attribute type Type, and the attribute value V alue. The method is called
incremental enrichment because the value of a feature attribute depends on the
parent feature attribute. An exception is the start feature, whose attribute value is
determined randomly between two predefined boundaries in advance.

Algorithm 9 Incremental enrichment

Require: Attributed Feature Model AFM , Current Feature Node, Name Name,
Type Type, Value V alue

1: Children← get children(Node)
2: ChildrenNum← count(Children)
3: ChildrenV alues← compute values(V alue, ChildrenNum)
4: for C ∈ Children do
5: enrich incremental(AFM,C,Name,ChildrenV aluesC)
6: end for
7: Attribute← {Name, Type, V alue}
8: add attribute(AFM,Node,Attribute)
9: return AFM

First, we determine the children of the current feature Node and create a set of
values ChildrenV alues for the children. The number of values in the set is equal
to the number of children, and the sum of the values in this set must be equal to
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the current value V alue. Then the method calls itself for each child. In the end,
we create a feature attribute with the Name, the Type, and the V alue and add it
to the current feature Node of the attributed feature model AFM . The method is
only used for Double and Long data types because this approach is not helpful for
the other data types.

3.6 Summary

In this chapter, we introduced the fundamentals of optimizing and prioritizing a
sample. First, in Section 3.2, we defined in Definition 3.2.1 and Definition 3.2.2 what
we mean by optimizing a single configuration and prioritizing a sample concerning a
feature attribute. Then, we defined the following requirements that a sample must
fulfill.

� Requirement 3.2.1: Optimize and prioritize the sample.

� Requirement 3.2.2: Achieve t-wise feature interaction coverage.

� Requirement 3.2.3: Support different attribute types.

� Requirement 3.2.4: Minimize the sample size.

We determined that we require a scoring method to generate such an optimized and
prioritized sample. For this purpose, in Section 3.3, we have introduced the metric
Attribute Score in different variants. This allows us to calculate the attribute score
for a feature, feature interaction, configuration, and sample.

In Section 3.4, we introduced two sampling approaches to compute an optimized
and prioritized sample that achieves t-wise feature interaction coverage. The first
approach, presented in Section 3.4.1, is based on the state-of-the-art t-wise sampling
algorithm YASA. We customized this algorithm to generate an optimized as well
as prioritized sample based on attributed feature models. Moreover, we modified
the process of generating and covering t-wise feature interactions and completing
incomplete configurations. The second approach, described in Section 3.4.2, is based
on integer linear programming. For this, we translate our problem into an ILP model,
which consists of a set of decision variables, a set of linear equality and inequality
constraints, and an optimization function. Solving the ILP model generates only
one optimized configuration. Therefore, we have explained how we can create a
complete t-wise feature interaction covering sample by modifying the ILP model.

Finally, in Section 3.5, we introduced an approach to enrich basic feature models
with attributes artificially. We presented our two different variants random-based
and incremental enrichment. The random-based approach generates the attribute
values for the features independently from each other. The incremental approach
uses the attribute value of a parent feature to generate the attribute values for its
children’s features.
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In the previous chapter, we presented the conceptual ideas for our sampling ap-
proaches Extended YASA and ILP-based Sampling. We also introduced a concept
of how to calculate the attribute score for a single feature, a feature interaction, a
configuration, or a sample. Finally, we presented a concept of how we intend to
enrich basic feature models with attributes. In this chapter, we present the im-
plementation of our concepts. In the scope of this master thesis, we implement our
metric, feature model enrichment tool, and sampling approaches as standalone tools.
We publish our implementation1 and data artifacts2 to support further scientific re-
search in the field of sample optimization.

As mentioned in Chapter 3, our sampling approaches are fully or partially based on
the state-of-the-art t-wise sampling algorithm YASA, which is implemented in Fea-
tureIDE. In addition, we use the open-source software suite Google OR-Tools
for our ILP-based Sampling approach. We start in Section 4.1 with the introduc-
tion of the framework FeatureIDE and the software suite Google OR-Tools.
After introducing the implementation base FeatureIDE and libraryGoogle OR-
Tools, in Section 4.2, we describe how we implement different variants of the metric
Attribute Score. The attribute score calculation tool combines the variants Total
Attribute Score, Partial Attribute Score, and Weighted Attribute Score. Thus, we
use the tool to calculate the attribute score for a complete sample (e.g., in the eval-
uation). The other variants of the metric are required to generate an optimized and
prioritized sample, and therefore they are a component of the sampling algorithms.
In Section 4.3.1 and Section 4.3.2, we present the implementation of our two sam-
pling algorithms, Extended YASA, and ILP-based Sampling. In Chapter 3, we noted
that open-source and real-world attributed feature models are rarely available. As
we need more attributed feature models for the evaluation, we designed a concept to
enrich basic feature models with attributes artificially. In Section 4.4, we describe
the implementation of the methods to enrich basic feature models.

1https://github.com/TUBS-ISF/attributed sampling
2https://cloudstorage.tu-braunschweig.de/getlink/fiMF9BJT29Bit5CKFULKUBr6/
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4.1 Implementation base and dependencies

In this section, we present the framework FeatureIDE, which serves as the basis
for our implementation. We will also introduceGoogle OR-Tools, which we used
for integer linear programming. We aim to highlight the purpose and advantage of
these tools.

4.1.1 FeatureIDE

FeatureIDE is an integrated development environment based on the Eclipse IDE
for developing feature-oriented software products [KTS+09, TKB+14, KPK+17]. It
is an open-source and extensible framework that consists of a collection of plugins
written in the Java programming language. FeatureIDE provides tool support for
all phases of feature-oriented software development, such as modeling, implementing,
configuring and analyzing software product lines [MTS+17]. In addition to this
extensive functionality, FeatureIDE provides sample generation based on different
sampling techniques. These include generating all possible products of a software
product line, a random sample, or a sample that covers all t-wise feature interactions.
FeatureIDE provides the t-wise sampling algorithms Chvatal, ICPL, IncLing, and
YASA [AHMK+16, KTS+20]. Moreover, FeatureIDE supports attributed feature
models3. The variety of implemented t-wise sampling algorithms, the support of
attributed feature models, and the extensive collection of additional functionalities
make FeatureIDE an excellent baseline for our implementation.

The FeatureIDE core architecture was designed to provide a library that is entirely
independent of Eclipse [KPK+17]. Thus, as a developer, we can use the functional-
ities of FeatureIDE in our implementation. Since we are modifying the sampling
algorithm YASA at different stages, we need full access to the source code. For this
reason, using the FeatureIDE library is not practical. We decided to import all
relevant parts of FeatureIDE into a new standalone project. This way, we can
use and modify the source code of FeatureIDE where required and keep our tools
lightweight.

4.1.2 Google OR-Tools

Google Operations Research Tools (OR-Tools) is an open-source software
suite for modeling and solving combinatorial optimization problems such as the bin
packing problem, knapsack problem, vehicle routing problem, or scheduling prob-
lem [PF21]. Google provides its own solvers for constraint programming, linear
and integer programming with the suite. In addition, the suite includes wrappers for
commercial solvers such as Gurobi [Gur21] or CPLEX [CPL21] and open-source
solvers such as SCIP [Ach09] or GLPK [Mak12]. Google OR-Tools was devel-
oped in the C++ programming language. However, the optimization problems can
also be modeled in Python, Java, and C# programming languages with the provided
wrappers.

We develop our tools in the Java programming language and model our problem as
an integer linear programming problem. Google OR-Tools provides us with a

3https://github.com/FeatureIDE/FeatureIDE/tree/develop/plugins/de.ovgu.featureide.fm.
attributes
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wide choice of solvers to use. Therefore, we decided to use Google OR-Tools as
our solver library of choice.

4.2 Attribute Score Calculation

In this section, we present the implementation of the attribute score calculation
tool. As described in Chapter 3, the attribute score can be calculated for a feature,
a feature interaction, a configuration, and a sample. To evaluate our sampling ap-
proaches, we need a tool to calculate the attribute score for samples. Our developed
attribute score calculation tool supports the calculation of the total, partial, and
weighted attribute score for a sample.

Figure 4.1: Class diagram for AttributeScoreCalculator.

The tool is structured into several packages and classes, which are presented in
Figure 4.1. The main package en.tubs.asc contains the main class AttributeScore-
Calculator. To initialize the tool, we call the constructor AttributeScoreCalculator.
The constructor requires the following input parameters: the input path to the at-
tributed feature model, the input path to the sample, the output path for the report
file, and the Optimized Attribute. In addition, we can use the parameters rateOrder
and configLimit to determine whether we calculate a weighted or a partial attribute
score.

After initialization, we call the method run, which creates an instance of the Opti-
mizedAttribute class and loads the attributed feature model and the sample from the
file system based on the input parameters. To load the feature model, we use the
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class FeatureModelReader, and to load the sample, we use the class SampleReader,
which are located in the package util. After this, we create an instance of the At-
tributeScore class and call its calculate method, presented in Listing 4.1.

1 public double calculate () {

2 score = 0;

3 long counter = numOfConfigs;

4 for (ExtendedConfiguration c : configs) {

5 if (counter == 0)

6 break;

7 double configWeight = (rateOrder) ?

8 (double) counter / (double) numOfConfigs : 1;

9 score += getConfigurationAttributeScore(c) * configWeight;

10 counter --;

11 }

12 return score;

13 }

Listing 4.1: Calculation of the sample attribute score.

First, the method calculate sets the variable score = 0 and initializes a variable
counter which is set to the number of configurations. The number of configurations
can be limited by the parameter configLimit. Then, we iterate over each configura-
tion in the sample and perform the following three actions. (1) We determine the
weight if we want to calculate the weighted attribute score. Otherwise, the weight
for each configuration is 1. (2) We calculate the attribute score of the configura-
tion with the method getConfigurationAttributeScore and multiply the score by the
weight. We add the result to the score. (3) The counter is decreased by 1. The
iteration stops when the counter is zero or all configurations have been processed.
In the end, we return the variable score.

1 private double getConfigurationAttributeScore(ExtendedConfiguration c) {

2 double configScore = 0;

3 for (IFeature f : c.getSelectedFeatures ()) {

4 for (IFeatureAttribute a : (( ExtendedFeature) f). getAttributes ()) {

5 if (! isFeatureAttributeValid(a))

6 continue;

7 configScore += getFeatureAttributeScore(a);

8 }

9 }

10 return configScore;

11 }

Listing 4.2: Calculation of the configuration attribute score.

The method getConfigurationAttributeScore, represented in Listing 4.2, is the imple-
mentation of the Configuration Attributed Score, which we defined in Definition 3.3.4.
As input, the method requires a configuration of type ExtendedConfiguration, which
contains the selected and deselected features as well as the attributes of the features.
First, the method creates a variable configScore and sets it to 0. Then, it iterates
over each selected feature. Since a feature can contain more than one attribute,
the method searches for the matching attribute. We use the isFeatureAttributeValid
method to check if it is the attribute we are looking for. For the searched attribute,
the method getFeatureAttributeScore calculates the feature attribute score, which is
added to configScore. Finally, the method returns the configScore.

1 private double getFeatureAttributeScore(IFeatureAttribute a) {

2 switch (a.getType ()) {

3 case FeatureAttribute.DOUBLE -> {

4 return (double) a.getValue ();

5 }
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6 case FeatureAttribute.STRING -> {

7 return a.getValue (). equals(optimizedAttribute.getValue ()) ? 1 : 0;

8 }

9 case FeatureAttribute.LONG -> {

10 return (double) (long) a.getValue ();

11 }

12 case FeatureAttribute.BOOLEAN -> {

13 return (boolean) a.getValue () ? 1 : 0;

14 }

15 }

16 return 0;

17 }

Listing 4.3: Calculation of the feature attribute score.

Listing 4.3 shows the implementation of the Feature Attribute Score, which we de-
fined in Definition 3.3.2. The getFeatureAttributeScore method requires a feature
attribute as input. Based on the type of the attribute, the Feature Attribute Score
is determined as follows. (Double) The value of the feature attribute is returned.
(Long) The value of the feature attribute is cast to a double and returned. (Boolean)
If the value of the feature attribute is true, then 1 is returned, otherwise 0. (String)
If the value of the Feature attribute is equal to the value of the OptimizedAttribute,
then 1 is returned, otherwise 0.

After calculating the attribute score, the method writeReport is called. This method
writes all important information in a report file to the specified output directory.

Console Application

We implement a console application to calculate the Total Attribute Score, Weighted
Attribute Score, and Partial Attribute Score. The accepted input parameters for the
console application are shown in Table 4.1.

Parameter Description
-fm PATH File path to the feature model
-s PATH Path to the sample
-out PATH Output path for the report file
-name STRING Name of the attribute
-type STRING Type of the attribute
-value STRING Value of the attribute
-weighted Enables the weighted attribute score
-limit Maximum number of configurations

Table 4.1: Accepted parameters for the attribute score calculator console applica-
tion.

4.3 Sampling Approaches
In Chapter 3, we introduced the concepts of our sampling approaches to computing
an optimized and prioritized sample. We present the implementation of Extended
YASA in Section 4.3.1 and the implementation of the ILP-based Sampling approach
in Section 4.3.2. As we mentioned before, we will not integrate our sampling algo-
rithms into the FeatureIDE environment. Instead, we will implement a standalone
project. We provide a console application that can be used to apply the two sampling
algorithms. Table 4.2 shows the accepted input parameters for the application.
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Parameter Description
-fm PATH File path to the feature model
-out PATH Output path for the sample
-t NUM Degree of t-wise feature interaction coverage
-algorithm NUM Used algorithm (0=Extended YASA, 1=ILP-based Sampling)
-name STRING Name of the attribute
-type STRING Type of the attribute
-value STRING Value of the attribute
-objective NUM Objective function (0=Maximization, 1=Minimization)

Table 4.2: Accepted parameters for the sampling console application.

4.3.1 Extended YASA

In Chapter 2, we introduced the sampling algorithm YASA, which we use as the
baseline for our sampling algorithm Extended YASA. Further, in Chapter 3, we
mentioned how we intend to modify the sampling algorithm YASA to produce an
optimized and prioritized sample. In this section, we discuss all the modifications
made to the implementation. We also introduce the new classes and methods that
Extended YASA requires for sample generation. Figure 4.2 represents the packages
and classes of Extended YASA that we have modified or newly created. Since a
complete class diagram would be too complex, we have simplified it.

Figure 4.2: Class diagram for ExtendedTWiseConfigurationGenerator.
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Initialization

To compute an optimized and prioritized sample using Extended YASA, we create
an instance of the main class ExtendedTWiseConfigurationGenerator. Its a modi-
fication of the TWiseConfigurationGenerator class of the original YASA sampling
algorithm. Compared to the original constructor, the modified one requires the
extended feature model additionally. The extended feature model contains the set
of feature attributes that are necessary to optimize the sample. Additionally, we
need to pass the previously created object OptimizedAttribute to the sampling algo-
rithm using the setOptimizedAttribute method. The initialization process is nearly
identical to the YASA algorithm. Except that after creating an instance of the
TWiseConfigurationUtil class, we pass the attributed feature model and the Opti-
mizedAttribute.

Building t-wise feature interactions

After initialization, the algorithm generates the feature interaction. At this point, we
modify the buildCombinations method in the ExtendedTWiseConfigurationGener-
ator class. We create an instance of the class SortedIterator and pass all feature
interactions to the instance. Then we call the sort method, which generates an
instance of the class EnrichedCombination for each feature interaction. Such an in-
stance contains the feature interaction itself and additionally the feature interaction
attribute score. The calculation method for the feature interaction attribute score is
shown in Listing 4.4. It is the sum of attribute values of positive features. We sort
the enriched feature interactions based on the objective function and the feature
interaction score. The further coverage process of the buildCombinations method
uses the SortedItator instead of the original SingleIterator or MergeIterator.
1 private double getLiteralSetAttributeScore(LiteralSet literalSet) {

2 double score = 0;

3 for (int l : literalSet.getPositive (). getLiterals ()) {

4 ExtendedFeature f = literalToFeature.get(l);

5 for (IFeatureAttribute a : f.getAttributes ()) {

6 if (! isFeatureAttributeValid(a))

7 continue;

8 score += getFeatureAttributeScore(a);

9 }

10 }

11 return score;

12 }

Listing 4.4: Calculation of the attribute score for a set of literals.

Building configurations

Extended YASA, like the original YASA sampling algorithm, uses the default cov-
erage strategy CoverAll to cover the feature interactions. The strategy first checks
whether a feature interaction is already covered. If it is not covered, the strategy
generates a list of potential configurations covering the feature interaction. A po-
tential configuration is a partial configuration that is not in conflict with the feature
interaction. We modify the method initCandidatesList, shown in Listing 4.5, to sort
the candidates list by the configuration attribute score. For this purpose we have
implemented the comparator AttributeScoreComparator, presented in Listing 4.6.
So we select exactly the partial configurations for the coverage of the current feature
interaction, which provides us with the best optimization.
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1 public void initCandidatesList(ClauseList nextCondition ,

2 List <Pair <LiteralSet , TWiseConfiguration >> candidatesList) {

3

4 candidatesList.clear ();

5 for (final LiteralSet literals : nextCondition) {

6 addCandidates(literals , candidatesList );

7 }

8 if (optimizedAttribute) {

9 Collections.sort(candidatesList , attributeScoreComparator );

10 } else {

11 Collections.sort(candidatesList , candidateLengthComparator );

12 }

13 }

Listing 4.5: Initializing the candidate list for covering a given feature interaction.

1 class AttributeScoreComparator implements

2 Comparator <Pair <LiteralSet , TWiseConfiguration >> {

3

4 @Override

5 public int compare(Pair <LiteralSet , TWiseConfiguration > o1,

6 Pair <LiteralSet , TWiseConfiguration > o2) {

7 final double diff = o2.getValue (). getAttributeScore () -

8 o1.getValue (). getAttributeScore ();

9 if (diff != 0) {

10 return diff > 0 ? 1 : -1;

11 }

12 return o2.getKey (). size() - o1.getKey (). size ();

13 }

14 }

Listing 4.6: Class of the comparator AttributeScoreComparator.

Completing configurations

After covering all the feature interactions, we need to complete the incomplete con-
figurations. For this we call the getCompleteSolution method from the TWiseCon-
figuration class for each configuration. If the configuration is already complete, then
it is returned unmodified. Otherwise, we utilize the method getOptimizedSolution,
presented in Listing 4.7, to complete and optimize the configuration. First, the
method converts the current feature selection into a list of literals, which is used to
build a logical conjunction. Next, a copy of the input feature model is created, and
the logical conjunction is added as a constraint to the copied feature model. The
constraint ensures that our current partial feature selection is present in each gener-
ated configuration. After that, we create the random-based configuration generator
UniformRandomConfigurationGenerator, which generates 1000 different configura-
tions based on the current setup. Finally, we sort the generated sample based on our
objective function and return the configuration with the highest or lowest attribute
score concerning the objective function.

1 public int[] getOptimizedSolution(LiteralSet literalSet) {

2 ArrayList <Literal > list = new ArrayList <>();

3 for (int l : literalSet.getLiterals ()) {

4 if (l == 0)

5 continue;

6 list.add(new Literal(cnf.getVariables (). getName(l), l > 0));

7 }

8 And and = new And(list);

9

10 FeatureModel editFM = fm.clone ();

11 Constraint constraint = new Constraint(editFM , and);

12 editFM.addConstraint(constraint );
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13

14 FeatureModelFormula fmf = new FeatureModelFormula(editFM );

15 CNF newCNF = fmf.getCNF ();

16

17 UniformRandomConfigurationGenerator g;

18 g = new UniformRandomConfigurationGenerator(newCNF , 1000);

19 g.setAllowDuplicates(false);

20 g.setSampleSize (1000);

21 g.setRandom(random );

22 List <LiteralSet > sample = LongRunningWrapper.runMethod(g);

23

24 sample = sortRandomSample(sample );

25 return sample == null ? null : sample.get(sample.size ()-1). getLiterals ();

26 }

Listing 4.7: Random-based generation of a near-optimal configuration based on a
partial configuration.

Sorting the final sample

After we have completed all configurations, we need to sort them as explained in
Chapter 3. The sorting, represented in Listing 4.8, is performed in the generate
method in the ExtendedTWiseConfigurationGenerator class. First, each complete
configuration is added to the temporary result list. Then the list is sorted by the con-
figuration attribute score depending on the objective function. Finally, the complete
configurations are added to the final sample in the given sorted order.

1 ArrayList <LiteralSet > result = new ArrayList <>();

2 bestResult.forEach(config -> result.add(config.getCompleteSolution ()));

3 result.sort((c1, c2) -> oa.getObjective () == OptimizedAttribute.Objective.MIN ?

4 Double.compare(getLiteralSetAttributeScore(c1), getLiteralSetAttributeScore(c2)) :

5 Double.compare(getLiteralSetAttributeScore(c2), getLiteralSetAttributeScore(c1))

6 );

7 result.forEach(this:: addResult );

Listing 4.8: Sorting of the final sample considering the attribute score.

4.3.2 ILP-based Sampling

In Chapter 3, we described how to translate our problem into a set of ILP mod-
els to generate an optimized sample using integer linear programming. Also, for
this sampling approach, we used YASA as a baseline since it provides functionality
to generate the t-wise feature interaction. Figure 4.3 represents the packages and
classes of the ILP-based Sampling approach. The main class is called ILPConfig-
urationGenerator and is a copy of the TWiseConfigurationGenerator class of the
YASA algorithm. Primarily, we added several methods and data structures to the
class and modified the buildCombinations method.

In the following, we explain the program flow, which is shown in Figure 4.4. We
divide the program flow into an initialization process, which is executed only once
at the start, and a coverage process performed for each new configuration.

Initialization

We start with creating the feature interactions, for which we use the original methods
of YASA. Then we iterate over all the generated feature interactions, removing the
invalid ones and adding the valid ones to a new list. As mentioned in Chapter 3, we
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Figure 4.3: Class diagram for ILPConfigurationGenerator.

create exactly one configuration when we solve a specific ILP model. For each further
configuration, we have to modify our ILP model. However, many decision variables,
constraints, and coefficients for our objective function are identical for each ILP
model. For this reason, we use the initILP method to generate some data structures,
compute the attribute scores for individual features and feature interactions, and
translate feature model constraints into linear equalities and inequalities. For each
feature fi, we create an instance Vi of the Variable class and calculate the feature
attribute score for the feature. The feature variables are used for both the decision
variables and the objective function in the ILP model. For each feature interaction
Ij = (f1, . . . , ft) we also create an instance AVj of the class Variable and compute
the feature interaction attribute score. We call them abstract variables because
they are only used in the ILP model and are not part of the original feature model.
Furthermore, for each feature interaction Ij, we create a constraint of the form
AVj ⇔ (V1 ∧ . . .∧ Vt), which states that if a feature interaction is selected, then the
included features must also be selected or deselected. The list of abstract variables
is initially sorted by its feature interaction attribute score based on the objective
function. Moreover, we translate the feature model into a propositional formula in
conjunctive normal form (CNF). For each clause of the CNF, we create an instance
of the class BooleanConstraint, which contains the variables of the clause.

Covering t-wise feature interactions

After initialization, we build and solve ILP models until we have covered all t-
wise feature interactions. Therefore, we first check whether the coverage criterion
is achieved. If this is not the case, we perform the following operations in the
cover method. (1) We select a subset of feature interactions to consider in our
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Figure 4.4: Program flow of ILP-based Sampling.

objective function. For larger feature models, solving the ILP model can be highly
time-consuming. For this reason, it is helpful to divide the problem into smaller sub-
problems. For smaller feature models, we select all feature interactions. (2) Based
on the pre-build data, the feature interaction set, and the OptimizedAttribute, we
model the ILP problem. For each pre-build Variable, we create a binary decision
variable, and for each pre-build BooleanConstraint, we generate a linear equality or
inequality constraint. In addition, we create a linear constraint for each generated
configuration, which prevents the selection of the identical configuration. (3) We
build the objective function for our ILP model based on whether we want to maxi-
mize or minimize a feature attribute. In both cases, the objective function is the sum
of the selected abstract variables, which are the feature interactions. The abstract
variables have their associated feature interaction attribute score as a coefficient. If
we maximize a feature attribute, then the objective function additionally consists of
the sum of the individual selected feature variables. The coefficient of the feature
variables is the associated feature attribute score. We introduced this definition of
the objective function in Section 3.4.2. (4) Next, we solve the resulting ILP model
and convert the solution into a configuration. For the generated configuration, we
determine the newly covered feature interactions. For each newly covered feature
interaction, we set its attribute score to 0 in our pre-build data. In this way, we
achieve that the already covered feature interactions are no longer included in the
objective function in our next ILP model. (5) At the end, we compute the t-wise
feature interaction coverage. If we have satisfied the criterion, we can terminate the
covering process and return the sample. Otherwise, we repeat the process.
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4.4 Feature Model Enrichment Tool

In the introduction, we established the aim that we will evaluate our sampling
algorithms on real-world systems. An industrial partner has provided us with a real-
world attributed feature model. The problem is that one attributed feature model is
not sufficient for a conclusive evaluation. Furthermore, publicly accessible real-world
attributed feature models are rare. Therefore, in Chapter 3, we introduced a concept
to enrich basic feature models with attributes artificially. We use feature models of
real-world systems, which we have extracted in previous scientific work [Wit21].

In this section, we explain the implementation to enrich feature models with at-
tributes artificially. Figure 4.5 shows a simple class diagram for the Feature Model
Enrichment. All methods to enrich basic feature models with attributes are in-
cluded in the FeatureModelEnrichment class. The methods to read a feature model
from the file system or save it to the file system are in the FeatureModelReader and
FeatureModelWriter classes. For our implementation, we use different classes and
methods from the fm.core and fm.attributes packages, which are part of FeatureIDE.
Our previously presented concept includes two different methods to enrich a feature
model with attributes. In the following, we explain the implementation of the two
methods in detail.

Figure 4.5: Class diagram for FeatureModelEnrichment.

Initialization

We create an instance of the class FeatureModelEnrichment to enrich a feature
model. The constructor requires the file path to the basic feature model, which
is used to load the feature model from the file system. Next, an extended feature
model is created, and all features, structures, and constraints of the basic feature
model are copied to the extended feature model. The newly generated extended
feature model can be enriched with attributes after the conversion. Finally, the
extended feature model can be retrieved for direct utilization with the getExtended-
FeatureModel method or saved to the file system with the save method.
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Random-based Enrichment

For random-based enrichment, we provide the four methods addDoubleAttribute,
addLongAttribute, addBooleanAttribute, and addStringAttribute for the different at-
tribute types. Below we explain the program flow for the attribute type Long. For
the other attributes, the enrichment process is almost identical. Only the required
parameters of the named methods and the generation of the attribute values differ
slightly.

The addLongAttribute method, shown in Listing 4.9, is the entry point to create
feature attributes of type Long for all features that are included in the feature model.
The name of the attribute, the unit of the attribute, and the boundaries between
which the attribute value is randomly selected must be passed. It is also possible to
specify whether the feature attributes are recursive and configurable. The method
retrieves the root node and subsequently calls the addLongAttributeToNode method,
represented in Listing 4.10.

1 public void addLongAttribute(String name , String unit , long min , long max ,

2 boolean recursive , boolean configurable) {

3 IFeatureStructure r = extendedFeatureModel.getStructure (). getRoot ();

4 addLongAttributeToNode(r, name , unit , min , max , recursive , configurable );

5 }

Listing 4.9: Initialization for adding a feature attribute of type Long.

The addLongAttributeToNode method first determines the feature for the passed
node. For this feature, a feature attribute of class LongFeatureAttribute is created
with the passed parameters and added to the extended feature model. If the current
feature is not the root feature, a random value between the passed boundaries is
selected and assigned to the feature attribute. After that, the method calls itself
for each child of the current node. The enrichment process is complete when the
method has been called for each node in the feature model.

1 private void addLongAttributeToNode(IFeatureStructure node , String name ,

2 String unit , long min , long max , boolean recursive , boolean configurable) {

3 ExtendedFeature f = (ExtendedFeature) node.getFeature ();

4 FeatureAttribute a = new LongFeatureAttribute(f, name , unit , null ,

5 recursive , configurable );

6 extendedFeature.addAttribute(a);

7 if (!node.isRoot ()) {

8 long value = ThreadLocalRandom.current (). nextLong(min ,max + 1);

9 a.setValue(value);

10 }

11

12 List <IFeatureStructure > children = node.getChildren ();

13 for (IFeatureStructure child : children) {

14 addLongAttributeToNode(child , name , unit , min , max ,

15 recursive , configurable );

16 }

17 }

Listing 4.10: Adding a feature attribute of type Long to the feature model.

Incremental Enrichment

For incremental enrichment, we provide the two methods addDoubleAttributeIncre-
mental and addLongAttributeIncremental. As we have already explained in Chap-
ter 3, this approach is only practical for the data types Double and Long. Same
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as for the random-based approach, we will explain the program flow only for the
attribute type Long.

Listing 4.11 shows the method to incrementally enrich a feature model with feature
attributes of type Long. Also, for this method, the name and the unit of the at-
tribute, and the boundaries for an attribute value must be passed. In addition, it
can be defined whether the feature attributes are recursive and configurable. The
method determines the root node and selects a random start value between the
two passed boundaries. Next, it invokes the addLongAttributeIncrementalToNode
method, which is represented in Listing 4.12.

1 public void addLongAttributeIncremental(String name , String unit ,

2 long min , long max , boolean recursive , boolean configurable) {

3 IFeatureStructure r = extendedFeatureModel.getStructure (). getRoot ();

4 long v = ThreadLocalRandom.current (). nextLong(min , max +1);

5 addLongAttributeIncrementalToNode(r, name , unit , v, recursive , configurable );

6 }

Listing 4.11: Initialization for incremental adding a feature attribute of type Long.

The addLongAttributeIncrementalToNode method creates a feature attribute of the
LongFeatureAttribute class with the passed parameters and adds it to the extended
feature model. Next, it checks whether the current node has one or more children.
If it does, then a list of attribute values is generated, where the number of elements
corresponds to the number of children. The list is generated using the splitLongValue
method, which receives the attribute value of the parent node and the number of
children as input parameters. The sum of the generated values is identical to the
passed attribute value. For each child of the current node, the method calls itself
and passes an attribute value from the list.

1 private void addLongAttributeIncrementalToNode(IFeatureStructure node , String name ,

2 String unit , long value , boolean recursive , boolean configurable) {

3 ExtendedFeature f = (ExtendedFeature) node.getFeature ();

4 FeatureAttribute a = new LongFeatureAttribute(f, name , unit , value ,

5 recursive , configurable );

6 extendedFeature.addAttribute(a);

7

8 List <IFeatureStructure > children = node.getChildren ();

9 int numOfChildren = children.size ();

10 if (numOfChildren < 1)

11 return;

12

13 List <Long > values = splitLongValue(value , numOfChildren );

14 for (IFeatureStructure child : children) {

15 Long childValue = values.remove (0);

16 addLongAttributeIncremental(child , name , unit , childValue ,

17 recursive , configurable );

18 }

19 }

Listing 4.12: Incrementally adding a feature attribute of type Long to the feature
model.

Console Application

We provide a console application to enrich feature models with attributes artificially.
Table 4.1 shows the accepted input parameters for the console application. The
application supports both methods of enrichment, which can be specified by the
parameter m. If we choose incremental enrichment, we can only enrich the feature
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model with attributes of type Double or Long. The path to the feature model and
the output path for the enriched model are mandatory. The name and type of the
attribute are also mandatory, and the unit is optional. If we choose the attribute
type String, we must use the value parameter to pass the attribute value. If we
choose the attribute type Double or Long, we must use the parameters min and
max to pass a lower and upper bound for the attribute value. Moreover, if we use
the Boolean attribute type, we do not have to pass an attribute value. With the
parameters c and r we can define whether the flags configurable and recursive for
the attributes should be set.

Parameter Description
-fm PATH File path to the feature model
-out PATH Output path for the enriched feature model
-m NUM Used method (0=Random, 1=Incremental)
-name STRING Name of the attribute
-type STRING Type of the attribute
-unit STRING Unit of the attribute
-value STRING Value of the attribute
-min NUM Minimum value of the attribute
-max NUM Maximum value of the attribute
-c sets whether attribute is configurable
-r sets whether attribute is recursive

Table 4.3: Accepted parameters for the feature model enrichment console applica-
tion.

4.5 Summary

In this chapter, we presented the implementation of our two sampling algorithms, the
attribute score calculations, and the feature model enrichment tool. We introduced
the framework FeatureIDE, which we use as an implementation baseline, and the
open-source software suite Google OR-Tools, which we use for our ILP-based
Sampling algorithm.

Previously, we discussed the attribute score calculation, which implements our at-
tribute score metrics introduced in Chapter 3. This tool provides methods for calcu-
lating the Total Attribute Score, Weighted Attribute Score, Partial Attribute Score,
and Configuration Attribute Score. We also provide a Java console application for
the attribute score calculation. We use the attribute score calculation to compare
the sample optimization effectiveness of our algorithms with other state-of-the-art
t-wise sampling algorithms.

After that, we presented the implementation of our two sampling algorithms Ex-
tended YASA and ILP-based Sampling. For Extended YASA, we introduced the
new classes and methods and highlighted the modifications made to the existing
classes and methods of YASA, which are required to implement the conceptual ideas
presented in Chapter 3. For the ILP-based Sampling approach, we have introduced
the new classes, methods, and data structures and described the program flow in
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detail. We provide a Java console application to generate optimized samples with
the developed sampling algorithms.

Lastly, we described the implementation to enrich basic feature models with at-
tributes artificially. The tool converts basic feature models into extended feature
models and supports adding feature attributes of type Double, Long, String, and
Boolean. Since we have only one real-world attributed feature model available from
the industry, we use this method to enrich existing basic feature models with at-
tributes artificially.

https://doi.org/10.24355/dbbs.084-202201210857-0



5. Evaluation

In this chapter, we evaluate our developed sampling algorithms on seven real-world
systems. Therefore, we examine different criteria such as the effectiveness of sam-
ple optimization and prioritization, the computation time, the sample size, and the
degree of t-wise feature interaction coverage. To determine the effectiveness of sam-
ple optimization and prioritization, we use our Attribute Score metric. We start in
Section 5.1 with an introduction of our research questions, which we will answer
using the results of our experiments. In Section 5.2, we describe the setup and ex-
ecution of each experiment in detail. We present the different real-world systems
that we use for our experiments in Section 5.3. We describe the hardware speci-
fications and software specifications of the computer system on which we run the
experiments in Section 5.4. Afterward, we present the results of our evaluation in
Section 5.5. In the experiments, we use basic feature models, which we artificially
enrich with feature attributes. Therefore we investigate and evaluate the impact
of artificial attribute enrichment on the sample optimization process. We discuss
the sampling and testing efficiency of the different sampling algorithms we use for
our experiments. Furthermore, we analyze and evaluate the effectiveness of sample
optimization and prioritization of the different sampling algorithms by using our
Attribute Score metric. Finally, in Section 5.7, we discuss threats to the validity of
our results and summarize the evaluation in Section 5.8.

5.1 Research Questions

We mentioned in the introduction that the main contribution of this master thesis is
the generation of optimized samples with attributed feature models. Therefore, we
developed the two sampling approaches Extended YASA and ILP-based Sampling,
which we want to evaluate in this chapter. We also designed the Attribute Score
metric to measure the efficiency of sample optimization. Furthermore, we noted that
open-source real-world feature models with attributes are rare. Therefore, we have
developed a technique to artificially enrich basic feature models with attributes,
which we will also evaluate. By evaluating our different concepts, we answer the
following research questions.
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Research Question 1: How does the artificial enrichment of feature models with
attributes affect the sample optimization?

We have just one attributed feature model from the industry with real attributes.
Consequently, we have to enrich most of our feature models with attributes arti-
ficially. Therefore we analyze the impacts of artificial enrichment on sample opti-
mization.

Research Question 2: How efficient are the developed attribute-based sampling
algorithms compared to existing sampling algorithms?

Our sampling approaches produce a sample that achieves t-wise feature interaction
coverage as well as optimize and prioritize the sample based on feature attributes.
This additional optimization process may increase computation time or alter sample
size compared to other state-of-the-art t-wise sampling algorithms. We create sam-
ples using existing t-wise sampling algorithms and our developed attribute-based
sampling algorithms. We collect different measured values such as the computation
time, the sample size, and the t-wise feature interaction coverage. By comparing
these values, we answer this research question.

Research Question 3: How effective are the developed attribute-based sampling
algorithms in optimizing the sample?

We evaluate the attribute score of the samples that we generated using different
sampling algorithms. First, we generate samples using existing t-wise sampling
algorithms and our developed attribute-based sampling algorithms. Subsequently,
we calculate the total and weighted attribute score with our developed metric for all
generated samples. We can identify whether our algorithms optimize and prioritize a
sample compared to other t-wise sampling algorithms by comparing these attribute
values.

Research Question 4: How does sample optimization affects the covering of t-wise
feature interactions?

We evaluate the t-wise feature interaction coverage of the samples generated by
our sampling algorithms and other t-wise sampling algorithms. We require that all
generated samples completely achieve the defined t-wise feature interaction coverage.
Existing state-of-the-art t-wise sampling algorithms are designed to cover a high
number of feature interactions as quickly as possible. Our attribute-based sampling
algorithms additionally aim to optimize and prioritize the sample based on feature
attributes. We analyze how this affects the distribution of newly covered feature
interactions per configuration. We use the samples we already generated for research
question RQ3. We interact over each configuration of a sample and compute the
percentage increase of the achieved t-wise feature interaction coverage.

Research Question 5: How does higher t-wise feature interaction coverage affect
sample optimization?

To answer research question RQ5, we will first generate samples using our attribute-
based sampling algorithms and other t-wise sampling algorithms for different degrees
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T . For all different degrees T , we can now compare different values such as computa-
tion time, sample size, and the attribute score. We want to determine the scalability
of the developed attribute-based sampling algorithms for higher degree T and larger
feature models. Also, we are interested in determining whether the optimization is
more or less effective for a smaller or larger degree T .

5.2 Experiments

This section describes the setups and procedures of our experiments that we execute
to evaluate our implementations and answer our research questions. We divide
the experiments into two different groups. With the first experiment, explained in
Section 5.2.1, we evaluate the impact of artificially enriching feature models with
attributes on sample optimization. With the second experiment, which we describe
in Section 5.2.2, we evaluate different criteria of our developed sampling algorithms
and compare them with other state-of-the-art t-wise sampling algorithms.

5.2.1 Experiment for the Artificial Enrichment of Feature Models

with Attributes

This experiment will study the impacts of artificial feature attribute enrichment
on sample optimization and will answer the research question RQ1 afterward. The
experiment is limited because we only have one attributed feature model with real
industrial data. We perform the experiment five times to obtain conclusive results.

First, we will remove all feature attributes from the attributed feature model. Then
we artificially enrich the feature model with attributes using the Incremental En-
richment method. With the artificial enrichment process, we want to reproduce the
original attribute values as closely as possible. For this we adopt the name Installa-
tion Rate, the data type Double and the domain for the attribute values D = [0, 1].
For the enrichment, we have to consider the special structure of the feature model. It
has a root feature, which has only subordinate individual mandatory features or al-
ternative groups of features. Each mandatory feature gets an attribute with a value
of 1. And each child feature of an alternative group gets an attribute with a value
from the domain D = [0, 1] so that the sum of all attribute values in an alternative
group is 1. After enrichment, using different t-wise sampling algorithms included
our sampling approaches, we create samples for the original and the artificially en-
riched attributed feature model. We calculate the attribute score for each sample
and check whether the artificial enrichment has affected the sample optimization.

5.2.2 Experiments for Generating Optimized Samples

This section presents the experiments we perform to evaluate the sample opti-
mization. With the observations and results, we answer the research questions
RQ2 − RQ5. We can divide the experiments into four steps: (1) choosing the real-
world systems and their (attributed) feature models (2) enriching the basic feature
models with feature attributes artificially (3) generating samples for each attributed
feature model with different sampling algorithms, and (4) calculating different at-
tribute scores.
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Step 1: Choosing the real-world systems and their (attributed) feature models

In the first step, we select the real-world systems and their feature models, which
we utilize for our experiments. We have three different sources for our feature mod-
els. The first source is an industry partner who provides us with one attributed
feature model with real data, which we already used in our first experiment. The
second source is our former scientific work in which we extracted feature models from
Kconfig models [Wit21]. Here we have a repository1 containing feature model evo-
lution histories of the real-world systems BusyBox, Soletta, Toybox, Fiasco,
and uClibc-ng. Moreover, the third source is FeatureIDE, which provides a set of
example feature models. We use the feature model evolution history FinancialSer-
vices012, which includes ten basic feature models. We provide detailed information
about the feature models in Section 5.3.

Step 2: Enriching the basic feature models with feature attributes artificially

We skip this step if a feature model already has attributes that we can utilize for
sample optimization. Otherwise, we artificially enrich the feature model with one
attribute. For each feature model, we use an identical enrichment setup, which is
shown in Table 5.1. Successive feature models in an evolution history usually have
a large set of features in common. We define that the attribute values of a feature
do not change over evolution history. Therefore, when enriching a feature model, we
pass the feature attributes of the previous feature models in the evolution history
as input. Due to the similarity of the attributed feature models, we expect more
similar results in the sample optimization. This allows us to group and compare the
variety of results according to the sampling algorithms and real-world systems.

Parameter Value
Method Random-based Enrichment
Attribute name Installation Rate
Attribute type Double
Minimum attribute value 0
Maximum attribute value 1
Number of decimal digits 10

Table 5.1: Setup for artificial enrichment of the feature models.

Step 3: Generating samples for each attributed feature model with different sam-
pling algorithms

The third step is based on the attributed feature models, which we have previously
selected and artificially enriched. We generate a sample for each attributed fea-
ture model. To answer the research questions RQ2 − RQ4, we restrict ourselves to
pair-wise sampling. First, we generate the samples using the state-of-the-art t-wise
sampling algorithms Chvatal, ICPL, IncLing, and YASA. Then, we create a sample

1https://github.com/witschel/kconfig-base-data-acquisition
2https://github.com/FeatureIDE/FeatureIDE/tree/develop/plugins/de.ovgu.featureide.

examples/featureide examples/FeatureModels/FinancialServices01
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using a random-based sampling algorithm and limit the size of the sample. The limit
results from the size of the sample we generated with the sampling algorithm IncLing
because it generally generates the largest samples compared to the other t-wise sam-
pling algorithms mentioned previously [KTS+20, Wit21]. Finally, we generate an
optimized sample for each attributed feature model using our sampling approaches,
Extended YASA, and ILP-based Sampling. The objective of the sample optimization
is to maximize the feature attribute named Installation Rate of type Double. For
each sample, we track the computation time and determine the sample size.

To answer the research question RQ5, we must generate samples with higher t-wise
feature interaction coverage. Since generating a sample with a higher t-wise feature
interaction coverage can be very time-consuming, we restrict ourselves to a t-wise
feature interaction coverage of t = 3 and a subset of attributed feature models. We
use only one attributed feature model from each system.

Step 4: Calculating different attribute scores

The last step is performed on the generated samples. For each sample, we deter-
mine the effectiveness of sample optimization. Therefore we use the self-developed
Attribute Score metric, which we introduced in Section 3.3. We calculate for each
sample the total attribute score, defined in Definition 3.3.5, and the weighted at-
tribute score, defined in Definition 3.3.7.

5.3 Subject Systems

In this section, we describe the subject systems and the feature models that we use
for our experiments. We use six subject systems with an evolutionary history, which
means we have multiple feature models for each system. The feature models of an
evolutionary history differ in the number of features, the number of constraints, and
the source. The system FinancialServices01 3 is from the FeatureIDE project and
the systems BusyBox, uClibc-ng, Soletta, Toybox, and Fiasco are from a previous
scientific work [Wit21]. Since none of these feature models have attributes, we artifi-
cially enrich each with attributes. For each system, we will present different changes
over the evolution. Furthermore, we use one subject system without evolution his-
tory, which means that we only have one feature model for the system Automotive.
Table 5.2 shows the systems, their number of feature models, their source, and the
source of the feature attributes.

Automotive and Automotive Artificial

The first subject system we present is Automotive. In contrast to the other systems,
the feature model of this system has feature attributes that are based on real data
from the industry. Since this is an industry product, the data is obfuscated to
preserve confidentiality. The feature model contains 392 features and 583 cross-tree
constraints. We use the feature model Automotive to answer the research question
RQ1 since it is the only feature model with real attributes that we have. For this,

3https://github.com/FeatureIDE/FeatureIDE/tree/develop/plugins/de.ovgu.featureide.
examples/featureide examples/FeatureModels/FinancialServices01
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System #Feature models Source Attributes source
Automotive 1 Industry Real data
Automotive Artificial 5 Industry Artificial enriched
FinancialServices01 10 FeatureIDE Artificial enriched
BusyBox 454 Scientific work Artificial enriched
uClibc-ng 177 Scientific work Artificial enriched
Soletta 173 Scientific work Artificial enriched
Toybox 62 Scientific work Artificial enriched
Fiasco 33 Scientific work Artificial enriched

Table 5.2: Overview of the chosen subject systems.

we copy the Automotive feature model five times and call it Automotive Artificial.
Then we remove all attributes from the copies and artificially enrich them with
new feature attributes. The number of features, constraints, and attributes remains
identical. Only the values of the attributes differ between the feature models.

FinancialServices01

FinancialServices01 is the first subject system that has an evolution history. In
contrast to the following subject systems, which also have an evolution history, Fi-
nancialServices01 is from the FeatureIDE project. Like Automotive, FinancialSer-
vices01 is an industrial product where the features have been obfuscated to protect
confidentiality. The evolution includes a total of ten feature models. We use the
feature models from this subject system alongside all other feature models to answer
research questions RQ2 −RQ5.
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Figure 5.1: Bar Chart: Evolution of FinancialServices01.
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Figure 5.1 shows the ten feature models in chronological order. The number of fea-
tures, the number of constraints, the number of feature attributes, and the number
of reused feature attributes are specified for each feature model. We observe an
increase in features over the complete evolution. The first feature model has 557
features, and the last feature model has 771 features. The number of constraints
increases and decreases as the system evolves. We cannot find any correlation be-
tween the number of constraints and the number of features. The number of feature
attributes equals the number of features minus one since the root feature has no
feature attribute. If an attribute has already been assigned to a feature in one
of the previous feature models, it will be reused for the following feature models.
Since no previous feature model exists before the first feature model, the number of
reused feature attributes is zero. In general, we recognize that the number of reused
feature attributes is very close to the total number of feature attributes. For the
feature models 2017-05-22 and 2018-01-23, we recognize a larger difference, which
is probably due to the fact that major changes were made to the feature model.

BusyBox

BusyBox and all of the following subject systems are taken from a previous scientific
work in which we extracted the feature models from Kconfig models [Wit21]. The
evolution of BusyBox is the largest we use in the evaluation and includes a total
of 454 feature models represented in Figure 5.2. Also, in this system, as in all
the following systems, the number of attributes is very similar to the number of
features. For this reason, the green lines overlap the blue lines in the charts. At the
beginning of 2017, the system consisted of 408 features and 429 constraints. By the
end of 2020, these numbers have doubled to 800 features and 996 constraints. From
2007 to 2011, we observe solid growth in features and constraints. It is particularly
noticeable that the number of constraints has grown even more strongly than the
number of features. Moreover, we can observe that major feature changes affect the
number of reused feature attributes.
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Figure 5.2: Line Chart: Evolution of BusyBox.

uClibc-ng

uClibc-ng has the second-largest evolution, which we use for the experiments. From
the development period from June 5, 2008, to December 24, 2020, we have 177
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feature models available, which are shown in the line chart in Figure 5.3. We can
observe that the number of features, attributes, and reused attributes changes only
slightly between 230 and 250 over the complete evolution. In contrast, we detect
significant changes in the number of constraints, which varies between 1000 and
1800 over evolution. The number of constraints starts with the first feature model
in 2008 at about 1700, drops to 800 in 2015, and increases to nearly 1700 by the end
of 2020.
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Figure 5.3: Line Chart: Evolution of uClibc-ng.

Soletta

The third-largest evolution has the system Soletta with a total of 173 feature models,
which are presented in Figure 5.4. Over the evolution, the number of features has
quadrupled from 114 to 457. At the same time, the number of constraints has
increased nearly ten times, from 192 to 1862. Between July 2015 and September
2015, we observe a large increase in the number of reused feature attributes. This
is caused by an abrupt increase in features, which is triggered by missing feature
models or a major system change.
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Toybox

The evolution history of the subject system Toybox includes 62 feature models and
is shown in Figure 5.5. Of all the subject systems, Toybox has the feature models
with the smallest number of features and constraints. The absence of feature mod-
els causes a linear increase between 2008 and 2015. It is the only system in our
experiment where the feature models have fewer constraints than features.
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Figure 5.5: Line Chart: Evolution of Toybox.

Fiasco

With 33 feature models, the subject system Fiasco has the smallest evolution in
our experiment. In Figure 5.6, we can observe that the feature models have a very
constant low number of features of about 200. In contrast, the feature models have
a very high and slightly increasing number of constraints, between about 1000 and
1600.
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5.4 Evaluation System

In this section, we describe the hardware and software we used in the evaluation.
We executed all calculations on the same software and hardware system to fairly
compare the obtained measured values with each other. In addition, the software
and hardware specifications help to understand the results better.

Hardware and Software Specifications:

� OS Windows 10 Pro 64-bit, Build 19042.1288

� CPU Intel Core i5-7600K 3.8GHz

� Physical Memory 32 GB

We calculated the samples using the following software with the algorithms Chvatal,
ICPL, IncLing, and YASA.

� Java JDK 1.8.0 261

� EclipseIDE Eclipse IDE for Java Developers 2020-12 (4.18.0)

� FeatureIDE-Library Customized and compiled version from branch develop

We used the following software to artificially enrich the feature models with at-
tributes, generate the samples with the two self-developed sampling algorithms, and
calculate the attribute score.

� Java JDK 15.0.1

� IntelliJ IDEA IntelliJ IDEA 2021.2

� FeatureIDE-Framework Required source code of the FeatureIDE framework
from branch develop

5.5 Evaluation Results

In this section, we illustrate and discuss the results of our experiments. We explain
our observations concerning the impacts of artificially enriching feature models with
feature attributes on sample optimization in Section 5.5.1. In Section 5.5.2, we
present the sampling and testing efficiency of used sampling algorithms. Finally, in
Section 5.5.3, we present the attribute score values for each subject system inde-
pendently. Additionally, we consider the impact of sample optimization on t-wise
feature interaction coverage.
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5.5.1 Feature Model Enrichment

The majority of our feature models do not have feature attributes by nature. Con-
sequently, we had to enrich many feature models with feature attributes artificially.
For this reason, we investigate whether artificial enrichment affects sample opti-
mization. To do this, we performed the experiment described in Section 5.2.1. The
resulting attribute score values are presented in Figure 5.7. On the left side is the
total attribute score and on the right side is the weighted attribute score. The
X-axis shows the applied sampling algorithm, and the Y-axis the attribute score
values. The boxes present the attribute score values for the artificially enriched
feature models of the subject system Automotive Artificial. The crosses present the
attribute score values for the original attributed feature model Automotive.
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Figure 5.7: Box Plots: Attribute Score for the subject system Automotive and
Automotive Artificial.

We observe that both the total attribute score and the weighted attribute score for
the system Automotive are significantly higher compared to the system Automo-
tive Artificial for all sampling algorithms.

First, we analyze the total attribute score on the left side of the figure. For the
Automotive system, the algorithms Chvatal, ICPL, YASA, and Random Sampling
(t-wise feature interaction coverage not achieved) generate samples with very similar
attribute score values. In contrast, the sampling algorithm IncLing produces samples
with lower attribute scores. Our sampling algorithms Extended YASA and ILP-based
Sampling, produce samples with clearly higher attribute scores. The attribute score
values of the samples generated with ILP-based Sampling are higher than those of
the samples generated with Extended YASA. If we look at the attribute scores of
the samples of the system Automotive Artificial, we notice some similarities but also
differences. A common characteristic is that Chvatal and ICPL generate samples
with a very similar attribute score, and IncLing generates samples whose attribute
scores are slightly lower. The first difference is that YASA and Random Sampling
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generate samples that have lower attribute scores on average compared to the other
sampling algorithms. The second difference is that the samples generated with
Extended YASA have a higher average attribute score compared to the samples
generated with ILP-based Sampling.

Next, we look at the weighted attribute scores on the right side of the figure and an-
alyze the values for the system Automotive. We observe that the samples generated
with the sampling algorithms Chvatal, ICPL, IncLing, and Random Sampling have a
very similar attribute score. In comparison, the attribute scores of the samples gen-
erated with YASA are slightly higher. Our sampling algorithms Extended YASA and
ILP-based Sampling, generate the samples with the highest attribute scores. When
we analyze the attribute scores of the samples for the system Automotive Artificial,
we make similar observations as we do for the total attribute scores. The average
attributes scores of the samples generated with IncLing, YASA, and Random Sam-
pling are slightly lower than those of the samples generated with Chvatal and ICPL.
For the Automotive system, they are very similar or even higher. In addition, the
average attribute scores of the samples generated with Extended YASA are higher
than those of the samples generated with ILP-based Sampling. For the Automotive
system, we observe the opposite.

5.5.2 Sampling and Testing Efficiency

We perform the evaluation of our sampling algorithms considering different criteria.
Like Varshosaz et al. [VAHT+18], we evaluate the efficiency and effectiveness of the
samples generated by Extended YASA and ILP-based Sampling. The effectiveness
of our sampling algorithms addresses the sample optimization and prioritization as
well as t-wise feature interaction coverage, which are evaluated in Section 5.5.3.
We divide the efficiency of the sampling algorithms into sampling efficiency and
testing efficiency. Sampling efficiency is defined by Varshosaz et al. [VAHT+18] as
the computation time it takes to generate a sample. Testing efficiency addresses the
size of the sample and can be measured in the number of configurations [VAHT+18].

Sampling Efficiency

For each subject system, we generated normal samples using the sampling algorithms
Chvatal, ICPL, IncLing, YASA, and Random Sampling, and optimized samples us-
ing our sampling algorithms Extended YASA and ILP-based Sampling. We measured
the sampling time for each generated sample and plotted them in Figure 5.8 and
Figure 5.9. In order to minimize measurement errors and external influences, we
performed each calculation five times and calculated the average value of the repe-
titions. Each generated sample, except samples generated with Random Sampling,
achieves pair-wise feature interaction coverage. Since Random Sampling does not
have a termination criterion, we limit the sample size to the size of the previously
generated sample with the sampling algorithm IncLing, because it generally gener-
ates the largest samples compared to the other t-wise sampling algorithms mentioned
before [KTS+20, Wit21].

We start with the computation times for the samples of the subject system without
an evolution history, shown in Figure 5.8. We combined the two systems Automo-
tive and Automotive Artificial, because they have identical attributed feature models
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Figure 5.8: Box Plot: Sampling efficiency for the subject systems Automotive and
Automotive Artificial.

where only the feature attribute values differ. We assume that this fact does not
affect the sampling time. The X-axis shows the sampling algorithm used, and the
Y-axis shows the logarithmic calculation time in milliseconds needed to calculate
the sample. Considering the already existing t-wise sampling algorithms, we find
that Chvatal has the highest computation time with about 50 seconds on average.
Significantly faster are the sampling algorithms ICPL with about 4 seconds, IncLing
with about 1.5 seconds, and YASA with about 1 second. If we look at our sampling
algorithms, we find that ILP-based Sampling has the highest overall computation
time with an average of 15 minutes, while Extended YASA takes 18 seconds on av-
erage to calculate a sample. Thus, Extended YASA is about 50 times faster than
ILP-based Sampling and still almost 3 times faster than Chvatal. However, the sam-
pling algorithms ICPL, IncLing, and YASA are up to 20 times faster than Extended
YASA.

We continue with the computation times for the samples of the subject systems with
an evolution history shown in Figure 5.9. Above each subplot is the respective name
of the subject system. The X-axis shows the number of features of the feature model
for which the sample was generated. The Y-axis shows the logarithmic calculation
time in milliseconds needed to calculate the sample.

We note that we have set a timeout to 6 hours for the calculation of a sample. Us-
ing our sampling algorithm, ILP-based Sampling, we could not compute uClibc-ng
for any feature model of the subject system in the given time. We can also ob-
serve that ILP-based Sampling has the highest computation times. Due to the time
constraints of this master thesis, it was only possible to generate samples for the
complete evolution history of the systems Soletta and Toybox. For the systems Fi-
nancialServices01, BusyBox, and Fiasco, we computed a sample for the first feature
model in each evolution only.
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Figure 5.9: Scatter Plots: Sampling efficiency for subject systems with evolution
history.

We observe the second-highest computation times for the sampling algorithm Chvatal.
For the subject system Toybox, Chvatal is slightly faster when the feature models
have less than 30 features. Also, Chvatal is approximately as fast as our sampling
algorithm Extended YASA for the subject system Soletta when the feature models
have about 100 features.

Our sampling algorithm Extended YASA has the third-highest computation times
for the systems BusyBox, Toybox, uClibc-ng, and Soletta. For the system Fiasco,
Extended YASA is faster than IncLing and as fast as ICPL. However, for the system
FinancialServices01, Extended YASA is the second fastest algorithm behind YASA.

We observe very different results for the sampling algorithms ICPL and IncLing. For
the system uClibc-ng, we obtain very similar computation times, but while the com-
putation times of ICPL are relatively dense, those of IncLing are more scattered. We
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find that IncLing is faster than ICPL for the systems FinancialServices01, BusyBox,
Soletta, and Toybox. However, for the system Fiasco, ICPL is faster than IncLing.

Although Random Sampling generates samples in the shortest computation time, it
does not achieve t-wise feature interaction coverage. With some exceptions, YASA
is the fastest t-wise sampling algorithm.

Testing Efficiency

In addition to the sampling time, we determined the sample size of each generated
sample, which is shown in Figure 5.10 and Figure 5.11. We begin with the sample
sizes of the subject system without an evolution history, presented in Figure 5.10.
The X-axis shows the utilized sampling algorithm, and the Y-axis shows the number
of configurations of a sample.
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Figure 5.10: Box Plot: Testing efficiency for the subject systems Automotive and
Automotive Artificial.

The sampling algorithm IncLing generates the largest samples with an average of
215 configurations. Thus, compared to the other sampling algorithms, IncLing
generates samples that are, on average, between 15% and 30% larger. Extended
YASA generates samples that are the second largest on average with 187 configura-
tions. In comparison, the original sampling algorithm YASA generates samples that
are slightly smaller on average with 184 configurations. The samples generated by
Chvatal and ICPL have a similar size, with an average of 175 configurations, which
makes them the second smallest samples compared to the others. Our sampling
algorithm, ILP-based Sampling, generates the smallest sample with an average of
165 configurations.

We proceed with the sample sizes of the subject systems with an evolution history
presented in Figure 5.11. Above each subplot is the respective name of the subject
system. The X-axis shows the number of features of the feature model that was
used to generate the sample. The number of configurations of the sample is shown
on the Y-axis.
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Figure 5.11: Scatter Plots: Testing efficiency for subject systems with evolution
history.

As for the previous Automotive system, we observe that IncLing generates the
largest samples for all other subject systems. Depending on the system, the sam-
ples generated with IncLing are up to approximately 80% larger compared to the
samples generated with the other sampling algorithms.

The sample sizes of the other sampling algorithms differ less from each other. Fur-
thermore, we cannot recognize a fixed order of the sampling algorithms concerning
the sample size. For the uClibc-ng and FinancialServices01 systems, all sampling
algorithms, except IncLing, produce samples with a very similar size.

We observe that our sampling algorithm Extended YASA produces the smallest
samples for the system BusyBox and the second-largest samples for the systems
Soletta and Fiasco. For the Toybox system, we observe a large distribution of sample
sizes of samples generated with Extended YASA.
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Since ILP-based Sampling often failed to generate a sample within the given time
limit, we have less data for this sampling algorithm. For BusyBox and Fiasco, ILP-
based Sampling generates the second-largest samples. However, ILP-based Sampling
generates relatively small samples for Soletta and Toybox.

5.5.3 Sampling Effectiveness

In this subsection, we evaluate the effectiveness of our sampling algorithms. We
divide the evaluation into two parts. First, in Section 5.5.3.1, we evaluate the effec-
tiveness of the sample optimization and prioritization. For this, we use the attribute
score values that we calculated for each generated sample. Then, in Section 5.5.3.2,
we evaluate the effectiveness of the coverage process for the t-wise feature inter-
actions. For this, we selected one sample from each subject system for which we
computed the progress of t-wise feature interaction coverage over the configurations.
We have limited ourselves to one sample per subject system because we need one
chart per sample to visualize the data. With the evaluation results of both parts,
we answer research questions RQ3 and RQ4.

5.5.3.1 Sample Optimization

One aim of our sampling algorithms is to optimize and prioritize the sample based
on a feature attribute. We developed the Weighted Attribute Score metric, which
we defined in Definition 3.3.7, to evaluate optimization and prioritization. For this
reason, we calculate the weighted attribute score for each generated sample to eval-
uate the effectiveness of the sample optimization and prioritization. To visualize the
weighted attribute score values, we use box plots for each subject system, shown in
Figure 5.12.

The X-axis shows the applied sampling algorithm, and the Y-axis the weighted
attribute score. Each box in the plot shows the distribution of weighted attribute
score values over the complete evolution history. We note that the weighted attribute
scores for the system Automotive and Automotive Artificial are not included in
Figure 5.12, as we have already presented and discussed them in Section 5.5.1.

Looking at the weighted attribute scores in Figure 5.12, we must first note that for
ILP-based Sampling there are fewer values compared to the other sampling algo-
rithms, as some calculations were too time-consuming. For the systems Soletta and
Toybox, we could generate a sample for each feature model from the evolution. For
FinancialServices01, BusyBox, and Fiasco, we could generate a sample for each of
the first feature models from the evolution. However, we could not create a sample
for the uClibc-ng system.

We note that the sampling algorithms Chvatal and ICPL produce the samples with
the lowest weighted attribute score values on average for all systems. IncLing and
YASA produce samples that have slightly higher weighted attribute score values on
average. For the system uClibc-ng, we even observe significantly higher values.

If we look at the weighted attribute scores values of our sampling algorithms, we find
that they are on average significantly higher than those of the other sampling algo-
rithms. For the system BusyBox, the average weighted attribute score for Extended
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Figure 5.12: Box Plots: Sampling effectiveness for subject systems with evolution
history.

YASA is about 40% higher compared to the other t-wise sampling algorithms. For
the system uClibc-ng, the weighted attribute score is on average 25% higher com-
pared to YASA and IncLing. Extended YASA can achieve a 10-15% higher weighted
attribute score on average for FinancialServices01, Soletta, and Fiasco systems.
ILP-based Sampling generates samples for the systems Soletta and Toybox with a
weighted attribute score that is on average 30% higher compared to the other t-wise
sampling algorithms.

For the samples we generated for the system Toybox, we obtain weighted attribute
scores that do not match the values found for the other systems. For YASA, we
observe the second lowest values, while we found higher values on average for the
other systems. The samples generated by Extended YASA even have the lowest
weighted attribute scores. Considering that Extended YASA is supposed to optimize
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a sample and has proved to achieve this for other systems, this is an unexpected
result.

In the following, we examine the configuration attribute scores of a sample in detail.
For this purpose, we use the sample generated for the first feature model from
the evolution history of each subject system. We use two line charts, as shown in
Figure 5.13, to visualize the configuration attribute scores of a sample. The upper
line chart shows the real order of the configurations in a given sample. In the lower
line chart, we have sorted all samples according to the configuration attribute score
to obtain a more precise representation.

Automotive

In the upper line chart shown in Figure 5.13, we can clearly see that our sampling
algorithms generate a sample in which the individual configurations are prioritized
concerning the attribute score. Compared to the other t-wise sampling algorithms,
Extended YASA and ILP-based Sampling generate samples where two-thirds of the
configurations have a higher attribute score. For the remaining configurations, the
attribute score is similar or lower.

The configuration attribute scores of the t-wise sampling algorithms YASA and
IncLing decrease slightly more consistently compared to Chvatal and ICPL. In the
range between the 70th and 120th configurations, the configuration attribute scores
for Chvatal and ICPL are very consistent.
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Figure 5.13: Line Chart: Configuration attribute scores for the system Automotive.

FinancialServices01

In the upper line chart, displayed in Figure 5.14, we note that compared to Extended
YASA, the configuration attribute scores for ILP-based Sampling are slightly higher
over the entire sample. Furthermore, we again recognize the prioritization of the
configurations, which is considered in the weighted attribute score. In the lower line
chart, shown in Figure 5.14, we find that the sorted samples barely differ from each
other. However, we find slightly higher values for ILP-based Sampling.
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Figure 5.14: Line Chart: Configuration attribute scores for the system FinancialSer-
vices01.

BusyBox

We observe in Figure 5.15 that ILP-based Sampling consistently generates the con-
figurations with the highest attribute score. Only for the last configurations, the
attribute score decreases since these configurations cover the feature interactions for
which features must be deselected. Extended YASA generates configurations that
have the second-highest attribute scores for the first half of the sample. Due to the
previously explained fact, the scores drop to the level of the others in the second
half of the sample. Compared to the configuration attribute scores of Chvatal and
ICPL, those of Extended YASA are almost consistently higher.
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Figure 5.15: Line Chart: Configuration attribute scores for the system BusyBox.
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For IncLing and YASA, we can make the remarkable observation that there is one
configuration in the sample with a very high and very low attribute score, respec-
tively. The other configurations in the sample have more densely distributed at-
tribute scores.

Soletta

For the Soletta system, we observe in Figure 5.16 that our sampling algorithms Ex-
tended YASA and ILP-based Sampling generate relatively few configurations with
a higher configuration attribute score compared to the other t-wise sampling algo-
rithms. After about 15 configurations, the attribute scores of IncLing and YASA
are slightly higher. Nevertheless, Chvatal and ICPL mainly generate configurations
that have a lower attribute score.
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Figure 5.16: Line Chart: Configuration attribute scores for the system Soletta.

uClibc-ng

The configuration attribute scores of the system uClibc-ng, visualized in Figure 5.17,
support our previous observations enormously. In the unsorted sample shown in the
upper line chart, we make some fascinating observations. Comparable to each other
systems, we find that our sampling algorithm Extended YASA generates a priori-
tized sample. Considering the first 25% of configurations in the samples, we observe
that the t-wise sampling algorithms Chvatal, ICPL, and YASA have generated con-
figurations with very highly distributed attribute scores. For the remaining 75% of
the configurations in the samples, we observe different behavior. YASA produces
configurations with attribute scores that remain highly distributed. Chvatal and
ICPL produce configurations where the attribute score drops sharply and is only
slightly distributed.

In contrast, IncLing generates one configuration with a very high attribute score and
one with a very low attribute score at the beginning. After that, IncLing generates
configurations that have only slightly distributed attribute score values.
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Figure 5.17: Line Chart: Configuration attribute scores for the system uClibc-ng.

Fiasco

For the system Fiasco, a wide distribution of configuration attribute scores can be
observed in the upper line chart shown in Figure 5.18. In the lower line chart, we
see that our sampling algorithms Extended YASA and ILP-based Sampling generate
configurations with a significantly higher attribute score. For Extended YASA, ap-
proximately the last 60% of the configurations have a lower attribute score compared
to IncLing. Chvatal, ICPL, and YASA consistently produce the configurations with
the lowest attribute scores.
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Figure 5.18: Line Chart: Configuration attribute scores for the system Fiasco.
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Toybox

Compared to the other systems, we observe a different behavior for Toybox by our
sampling algorithms, Extended YASA, and ILP-based Sampling. All algorithms gen-
erate one configuration with a very high attribute score. After that, Extended YASA
and ILP-based Sampling cannot generate any other configurations with a higher at-
tribute score than those generated by the other sampling algorithms. While ILP-
based Sampling generates configurations similar to the others in terms of attribute
score, Extended YASA generates the configurations with the lowest attribute scores.
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Figure 5.19: Line Chart: Configuration attribute scores for the system Toybox.

5.5.3.2 T-Wise Feature Interaction Coverage

In addition to the sample optimization and prioritization, our sampling algorithms
cover all t-wise feature interactions for a defined degree T . All samples we generated
with the different sampling algorithms achieve 100 percent t-wise feature interaction
coverage. In this subsection, we investigate the impact of the sample optimization
and prioritization on the coverage process of the feature interactions. For this pur-
pose, we compute the newly covered feature interactions for each configuration of
a sample and plot the percentage progress of feature interaction coverage in a line
chart. We use the first sample from the evolution history of each subject system.
When we say that one sampling algorithm covers feature interactions faster than
another sampling algorithm, we mean in this context that the same number of con-
figurations covers more feature interactions.

Automotive

Figure 5.20 shows the coverage progress of the feature interactions for the samples we
generated with different sampling algorithms. We observe that the t-wise sampling
algorithms Chvatal, ICPL, and IncLing cover feature interactions faster compared
to the other sampling algorithms. While YASA is slightly slower at covering feature

https://doi.org/10.24355/dbbs.084-202201210857-0



80 5. Evaluation

interactions, we find that our sampling algorithms, ILP-based Sampling and Ex-
tended YASA are significantly slower. For Chvatal, ICPL, IncLing, and YASA, we
find that coverage of 90% is already achieved with 15 to 20 configurations. Extended
YASA and ILP-based Sampling generate 70 to 80 configurations to achieve the same
percentage coverage.
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Figure 5.20: Line Chart: T-wise feature interaction coverage for the system Auto-
motive.

FinancialServices01

For the system FinancialServices01, we observe that all the sampling algorithms
presented require more configurations to achieve a higher percentage coverage. While
for the system Automotive, less than 10% of the configurations were enough to cover
90% of the feature interactions, more than 60% of the configurations are required for
this system. We find that the effectiveness in covering feature interactions varies less
across the sampling algorithms. However, Extended YASA and ILP-based Sampling
are slower compared to the other sampling algorithms.
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Figure 5.21: Line Chart: T-wise feature interaction coverage for the system Finan-
cialServices01.

BusyBox, Soletta, uClibc-ng, Fiasco, and Toybox

The observations we made for the systems BusyBox, Soletta, uClibc-ng, Fiasco, and
Toybox are very similar to those of Automotive and FinancialServices01. For this
reason, we will not describe each system in detail. The remaining diagrams are
located in the appendix.
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5.5.4 Impact of Higher T-Wise Coverage on Sample Optimization

This subsection investigates the impact of different degrees T of t-wise feature inter-
action coverage on sample optimization. For this, we compute samples of different
degrees T using our sampling algorithm, Extended YASA, and the state-of-the-art
sampling algorithm YASA. Due to the limited time and hardware, we failed to gen-
erate more samples using other sampling algorithms. We calculated the weighted
attribute scores for each generated sample and visualized them in bar charts pre-
sented in Figure 5.22. The bars are grouped according to the applied sampling
algorithm, which is shown on the X-axis. The Y-axis shows the weighted attribute
score. Each group of bars presents the weighted attribute scores for pair-wise and
three-wise feature interaction coverage.
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Figure 5.22: Bar Charts: Weighted attribute scores for different degrees T .

For each system except Toybox, we find that Extended YASA achieves a higher
weighted attribute score for a sample with pair-wise feature interaction coverage
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compared to a sample with three-wise feature interaction coverage. For the samples
we generated with YASA, we also observe that the weighted attribute score tends
to decrease for higher t-wise coverage. Observing the systems in isolation, we find
that the difference in weighted attribute scores between a pair-wise and three-wise
sample is very similar for both sampling algorithms.

However, we can also make observations that differ significantly from the general
results. Considering the system uClibc-ng, we find that the weighted attribute score
decreases with a higher t-wise coverage when generating the sample with Extended
YASA. In comparison, the weighted attribute score increases with a higher t-wise
coverage when we generate the sample with YASA.

The previous evaluation results show that Extended YASA yields only low optimiza-
tion results for the Toybox system. However, when we utilize Extended YASA to
generate a sample with three-wise feature interaction coverage, we observe a signif-
icant increase in the weighted attribute score. When we generate the sample with
YASA, we notice only a minimal increase in the weighted attribute score. While the
weighted attribute score is lower for a pair-wise feature interaction sample generated
with Extended YASA, the weighted attribute score is higher for a three-wise feature
interaction sample compared to YASA.

5.6 Answering Research Questions

In this section, we answer our research questions defined in Section 5.1. Our answers
are based on evaluating the effectiveness and efficiency of our self-developed sam-
pling algorithms and other existing t-wise sampling algorithms that we applied to
the subject systems Automotive, FinancialServices01, BusyBox, Soletta, uClibc-ng,
Fiasco, and Toybox. We analyze whether artificially enriching a feature model with
attributes has an impact on sample optimization. With our observations, we answer
research question RQ1. We also evaluate the effectiveness and efficiency of our sam-
pling algorithms and compare them to other t-wise sampling algorithms. With the
results, we answer the remaining research questions RQ2 −RQ5.

5.6.1 RQ1: How does the artificial enrichment of feature models

with attributes affect the sample optimization?

Our first research question aims to identify whether the artificial enrichment of
feature models with attributes impacts sample optimization. For this purpose, we
copied an attributed feature model with real attributes from the industry several
times. We enriched the copies artificially with feature attributes. We generated
samples with different sampling algorithms for the original feature model and the
artificially enriched feature models. For each generated sample, we calculated and
compared the total attribute score and the weighted attribute score.

Our evaluation results from Section 5.5.1 show that we achieve different total at-
tribute scores and weighted attributes scores depending on the system and thus the
source of the attributes. The samples we generate for the artificially enriched feature
models have a lower attribute score than the samples we generate for the feature
model with real attributes for all sampling algorithms. We suspect that this effect
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is due to the constraints in the feature model. We recall that the feature attribute
we optimize is the installation rate. For example, constraints can cause features
to be selected frequently or rarely, affecting the feature attributes directly. If we
artificially enrich the feature models with attributes, then we may choose attribute
values that are uncharacteristic of the real system.

Moreover, our evaluation results show that the samples for the original feature model
with real attributes generated with ILP-based Sampling have the highest attribute
score. If we compute samples for the artificially enriched feature models using ILP-
based Sampling, we only get the second-highest attribute scores. One explanation
for the lower attribute score is that in ILP-based Sampling, we split the problem into
several smaller sub-problems. Therefore, we only consider a subset of the feature
interactions in our objective function. This may result in a lower attribute score
of the configuration. The constraints of the feature model have compensated that
effect, as they have previously ensured that exactly those features are selected with
a high attribute score. This effect is only given by the real data and is lost by the
artificial enrichment.

Our two sampling algorithms produce optimized samples with both real-world at-
tributed feature models and artificially enriched feature models. However, we ob-
serve that artificial enrichment can affect sample optimization. The sample op-
timization of Extended YASA behaves much more stable compared to ILP-based
Sampling. Our results are based on one real-world system only since we do not have
any additional data sets. Therefore, we cannot generalize the results and exclude
other influences.

5.6.2 RQ2: How efficient are the developed attribute-based sam-

pling algorithms compared to existing sampling algorithms?

Our developed sampling algorithms aim to cover all t-wise feature interactions and
optimize and prioritize the sample based on feature attributes. We assume that
the additional optimization process, which other t-wise sampling algorithms do not
perform, will cause an overhead in computation time. In addition, the modified
composition of the configurations can lead to deviating sample size. Our second
research question considers the efficiency of our two sampling algorithms and other
existing t-wise sampling algorithms. To answer this research question, we consider
the sample computation times and the sample sizes.

Our evaluation results from Section 5.5.2 show that the efficiency of our developed
sampling algorithms varies significantly and depends on the feature models of the
different systems.

Considering the results for the sampling algorithm ILP-based Sampling, we observe
that the computation times are significantly higher compared to the other t-wise
sampling algorithms. However, if we look at the size of the samples we generated
with ILP-based Sampling for the systems Automotive, FinancialServices01, Soletta,
and Toybox, we find that they are the same size or even smaller compared to the other
t-wise sampling algorithms. Nevertheless, ILP-based Sampling generates samples
for the systems BusyBox and uClibc-ng that are larger compared to other t-wise
sampling algorithms. Finally, we can summarize that a clear conclusion about the

https://doi.org/10.24355/dbbs.084-202201210857-0



84 5. Evaluation

efficiency of ILP-based Sampling is not possible. On one side, we have found that the
efficiency is significantly worse for some systems. On the other hand, we found that
ILP-based Sampling requires more time for sampling but produces smaller samples.
The smaller samples can reduce the testing time, which compensates for the higher
sampling time.

In comparison, our sampling algorithm Extended YASA takes less time to generate
a sample. Due to the additional sample optimization, Extended YASA is slightly
slower than the original YASA. Generally, Extended YASA is faster than Chvatal,
and for some systems, it is also faster than ICPL or IncLing. If we consider the size
of the generated samples, we find that Extended YASA produces significantly smaller
samples than IncLing. In general, we can say that the sample size of Extended YASA
is very similar to those of YASA. For the BusyBox system, Extended YASA produces
even the smallest samples. In summary, we conclude that the sample optimization
of Extended YASA has a slight negative impact on the sampling time. We cannot
identify a significant negative impact on the sample size.

5.6.3 RQ3: How effective are the developed attribute-based sam-

pling algorithms in optimizing the sample?

Our third research question considers the effectiveness of sample optimization and
prioritization of our developed sampling algorithms, Extended YASA, and ILP-based
Sampling. To answer this question, we generated multiple samples for all feature
models of our subject systems. We used our two developed sampling algorithms for
sample generation, Extended YASA and ILP-based Sampling, and the t-wise sam-
pling algorithms Chvatal, ICPL, IncLing, and YASA. After that, we calculated the
weighted attribute score for each generated sample. We also selected one sample
from each subject system that we generated for the first feature model of the evo-
lution history. For these samples, we calculated each of the configuration attribute
scores.

Our evaluation results from Section 5.5.1 and Section 5.5.3.1 show that for each
subject system, except Toybox, Extended YASA, and ILP-based Sampling generate
the samples with the highest weighted attribute score compared to the other t-wise
sampling algorithms. Looking at the weighted attribute scores, we can observe that
Extended YASA and ILP-based Sampling achieve the highest scores. Examining the
configuration attribute scores in detail, we find that Extended YASA and ILP-based
Sampling produce significantly more configurations with a high attribute score than
the other t-wise sampling algorithms.

For the exception of Toybox, we find that only ILP-based Sampling produced opti-
mized samples. Extended YASA generated the samples that have the worst weighted
attribute scores. Thus, Extended YASA misses the aim of optimizing a sample for
this subject system. We conclude that, in this case, a pure greedy algorithm is an
ineffective strategy.

Based on the previously given observations and results, we state that our developed
sampling algorithms produce an optimized and prioritized sample. The effectiveness
of sample optimization depends on the feature models. We have studied feature
models where Extended YASA performs more effectively compared to ILP-based
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Sampling and vice versa. Overall, both developed sampling algorithms produce
samples with a higher attribute score than the other t-wise sampling algorithms.
However, for feature models of one subject system, we observed that Extended YASA
missed its aim.

5.6.4 RQ4: How does sample optimization affects the covering of

t-wise feature interactions?

T-wise sampling algorithms aim to generate a set of configurations that cover all fea-
ture interactions for a defined degree T . State-of-the-art t-wise sampling algorithms
are designed to cover as many feature interactions as possible with as few configura-
tions as possible. However, there are many possibilities to build configurations that
finally result in a sample covering 100% of the feature interactions. Our developed
sampling algorithms must also achieve 100% feature interaction coverage. However,
we affect the composition of the configuration and the order of configurations in the
sample through the optimization and prioritization process.

The fourth research question considers the impact of sample optimization on the
percentage progress of feature interaction coverage. We generated a sample for the
first feature model from the evolution history of each subject system to answer this
question. After that, we compute the newly covered feature interactions for each
configuration of the previously generated samples.

Our evaluation results in Section 5.5.3.2 clearly show that the sample optimization
impacts the coverage of feature interactions. We observe that our sampling algo-
rithms Extended YASA and ILP-based Sampling are significantly more inefficient at
covering feature interactions for each sample. When comparing two equal-sized par-
tial samples, we find that the sample generated with our sampling algorithm covers
fewer feature interactions than the sample generated with another t-wise sampling
algorithm. Nevertheless, our sampling algorithms can cover all feature interactions.

We conclude that sample optimization affects the progress of coverage of feature
interactions. Finally, each considered sampling algorithm generates a sample that
covers 100% of the feature interactions. If we can test all generated configurations,
there is no disadvantage due to the altered coverage of feature interactions. If we
can only test the first n configurations of a sample generated with Extended YASA
or ILP-based Sampling, we will test fewer feature interactions. Because errors often
occur in feature interactions, it is a disadvantage to test fewer feature interactions.

5.6.5 RQ5: How does higher t-wise feature interaction coverage

affect sample optimization?

Our fifth research question addresses the impact of higher t-wise feature interaction
coverage on sample optimization. To answer this question, we selected one feature
model of the systems Automotive, BusyBox, Soletta, uClibc-ng, Fiasco, and Toy-
box. We generated a sample with different t-wise coverage for them. We generated
the samples using the sampling algorithms YASA and Extended YASA. We limited
ourselves to fewer sampling algorithms and feature models in this experiment be-
cause generating samples with higher t-wise feature interaction coverage is highly
time-consuming.
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Our evaluation results from Section 5.5.4 show that our sampling algorithm Extended
YASA produces an optimized and prioritized sample for a higher t-wise feature
interaction coverage. We find that Extended YASA also produces an optimized
sample for the system Toybox in the case of three-wise feature interaction coverage.
Intending to cover all pair-wise feature interactions, Extended YASA failed in the
sample optimization.

Furthermore, we can observe that the weighted attribute score is usually lower when
the sample covers a higher degree of t-wise feature interactions. However, we observe
this effect equally for both sampling algorithms YASA and Extended YASA. Thus,
we conclude that a higher degree of t-wise feature interaction coverage affects sample
optimization. Our data are not sufficient for a general statement about all degrees
T . We cannot predict whether the attribute score will decrease further for even
higher t-wise feature interaction coverage. Furthermore, we cannot make a general
conclusion for all sampling algorithms.

5.7 Threats to Validity

In this section, we discuss threats to the internal and external validity of our eval-
uation. First, we consider internal validity by checking whether other variables or
factors influence the confidence of our results. Afterward, we examine external va-
lidity by checking whether our results can be generalized to similar examples in this
domain.

5.7.1 Internal Validity

Extended YASA and ILP-based Sampling

We designed and implemented the sampling algorithms Extended YASA and ILP-
based Sampling, as described in Section 3.4 and Section 4.3, to generate optimized
and prioritized samples. For both sampling algorithms, we cannot exclude a chance
for errors in the concept or implementation. Moreover, both our sampling algorithms
are based on the sampling algorithm YASA. There is a chance that the original im-
plementation also contains bugs. We selected a small attributed feature model from
FeatureIDE to generate several optimized samples to mitigate these threats. We
checked the validity of the configurations, the t-wise coverage, and the optimization
and prioritization for the generated samples.

Attribute Score Metric

We designed and implemented the Attribute Score metric, as described in Section 3.3
and Section 4.2, to evaluate the sample optimization effectiveness of our sampling
algorithms. Although we have been careful in designing and implementing the sys-
tem, we cannot exclude the presence of defects. We tested the metric with a small
attributed feature model to reduce the threats of defects in the concept and imple-
mentation. We created several optimized samples for this attributed feature model.
For these samples, we calculated the weighted attribute score, total attribute score,
and partial attribute score manually and with the metric. By comparing the values,
we could not find any errors in the experiment. Nevertheless, the threat remains

https://doi.org/10.24355/dbbs.084-202201210857-0



5.7. Threats to Validity 87

that our concept is unsuitable. The metric sums up all the values of the attributes
that we have selected for the sample optimization. Only the attributes of the se-
lected features are considered. If we want to maximize or minimize an attribute, we
need to consider the complete configuration. For example, if we want to minimize
the memory consumption of a product, then we need to consider every feature in
that product and sum up all the values. For this reason, we argue that the sum is
the appropriate method. Since the configurations in a sample should be prioritized,
we argue that weighting the configurations is a suitable scoring method. In the end,
we divide the value by the number of configurations in a sample to compare samples
of different sizes with each other.

Measuring calculation times

In Section 5.5.3, we compared the efficiency of our developed sampling algorithms
with existing t-wise sampling algorithms. For this purpose, we measured the calcu-
lation time for each generated sample. We cannot exclude that external influences
such as concurrent applications or processes slowed down the sampling process. To
mitigate the influences, we repeated each calculation five times and averaged all
the measurements afterward. In addition, to ensure a fair comparison of the mea-
sured values, we performed all calculations on a system with the same hardware and
software specifications.

Translation to (extended) feature models

We have used only real-world systems for our evaluation. Since open-source real-
world feature models are generally difficult to obtain, we used feature models that
we translated from Kconfig models as part of a previous scientific work [Wit21]. We
cannot guarantee that the translations will not change the semantics of the model.
However, we have analyzed the translated feature models with FeatureIDE to detect
defects. We found that some feature models could not be translated correctly, so
we removed them. In addition, these feature models have no attributes. Therefore,
we have developed a tool to translate the basic feature models into extended fea-
ture models and subsequently enrich them with attributes artificially. We checked
the translation to an extended feature model several times and could not find any
anomalies.

5.7.2 External Validity

Sampling algorithms

We compared our self-developed sampling algorithms against existing t-wise sam-
pling algorithms to evaluate their effectiveness and efficiency. For this, we generated
several samples using the sampling algorithms Extended YASA, ILP-based Sampling,
Chvatal, ICPL, IncLing, and YASA. We found that our sampling algorithms gener-
ate an optimized sample compared to the other t-wise sampling algorithms. Since
we compared our sampling algorithms with only a few existing t-wise sampling algo-
rithms, the results may not be generalizable to all t-wise sampling algorithms. How-
ever, the algorithms of our experiments are state-of-the-art [VAHT+18, KTS+20].
Therefore we argue that our results are generalizable for many use cases. Moreover,
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we have not compared our sampling algorithms with the search-based sampling al-
gorithms at all. Our focus was the calculation of optimized samples that guarantee
t-wise feature interaction coverage. Therefore, search-based algorithms are of minor
relevance and were out of the scope of our experiments.

Coverage criteria

We computed a significant part of the attribute score values for samples that satisfy
the pair-wise feature interaction coverage criterion. Furthermore, we analyzed how
a higher t-wise feature interaction coverage affects the sample optimization for a few
feature models. For this, we generated samples with a t-wise feature interaction with
T = 3. Since the sampling process for a higher degree T is very time-consuming,
further calculations were not possible. We found that the attribute score decreases
slightly at a higher degree T . However, we cannot generalize this observation for all
degrees T . Since our sampling algorithms aim to cover all t-wise feature interactions,
we automatically checked the coverage for each generated sample.

Homogeneity of feature models

As already mentioned, we have obtained a large number of our feature models from
the same source. Except for one real-world feature model with attributes, we only
used basic feature models translated from Kconfig models. Often the resulting fea-
ture models have a flat hierarchy in the feature diagram. Relationships are expressed
by cross-tree constraints. We cannot guarantee that we will achieve comparable re-
sults with other feature models.

Artificially enriched feature models

We have artificially enriched a large number of our feature models with attributes.
Therefore, we investigated the impacts of artificial enrichment on sample optimiza-
tion. However, we only have one real-world feature model with real attributes from
the industry as a reference. Thus, validity is exposed to two different threats. First,
we found that artificial enrichment has an impact on sample optimization. However,
we have observed that all sampling algorithms are equally affected. Therefore, we
argue that artificial enrichment does not explicitly affect the sample optimization
of our algorithms. Since we only experimented with one real data set, these results
cannot be generalized. Second, there is a chance that the implementation of our
enrichment tool contains bugs.

5.8 Summary

In this chapter, we evaluated our developed sampling algorithms Extended YASA
and ILP-based Sampling by considering different criteria and comparing them with
other t-wise sampling algorithms.

In the beginning, we introduced our research questions, which we want to answer
with our evaluation results. The first research question considers the impacts of the
artificial enrichment of a feature model with attributes on the sample optimization.
The second and third research questions consider the efficiency and effectiveness of
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our developed sampling algorithms. The last two research questions consider the
impacts of the sample optimization on the t-wise feature interaction coverage and
vice versa.

Next, we described the experiments we performed to obtain the data to answer
our research questions. We divided our experiments into two groups. We evaluate
the impacts of artificially enriching feature models with attributes on the sample
optimization with the first experiment. With the second experiment, we measure,
compute, and evaluate different criteria of our developed sampling algorithms and
compare them with other state-of-the-art t-wise sampling algorithms. Moreover, we
have listed the hardware and software specifications of our evaluation environment
and described the systems we are using for the experiments.

After performing the experiments, we visualized, described, and discussed the re-
sults. We found that our sampling algorithms Extended YASA and ILP-based Sam-
pling optimize and prioritize a sample. Moreover, the generated samples cover all
required t-wise feature interactions. The effectiveness of the sample optimization is
affected by the respective attributed feature model. We observed that the efficiency
of sample optimization is lower compared to some other t-wise sampling algorithms.
We used the evaluation results to answer our research questions.
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In this master thesis, we designed and implemented two sampling algorithms to
generate samples that cover t-wise feature interactions and optimize the selection
of configurations based on one feature attribute. To evaluate the effectiveness of
sample optimization, we analyzed samples generated using other t-wise sampling
algorithms.

Existing T-Wise Sampling Algorithms

In 1979, Chvatal [Chv79] designed an algorithm to generate a covering array of any
strength t. The algorithm uses a simple greedy heuristic so that no minimal result
is obtained. However, 100% t-wise feature interaction coverage is always achieved.
Since this approach is not suitable for generating product samples based on feature
models, Johansen et al. 2011 [JHF11] adapted the Chvatal algorithm.

Subsequently, Johansen et al. 2012 [JHF12] developed the t-wise sampling algorithm
ICPL, which works fundamentally like the adapted Chvatal algorithm. However,
Johansen et al. 2012 [JHF12] have added some improvements in ICPL to increase
the performance. The algorithm identifies and eliminates invalid t-sets early, finds
core and dead features quickly, and uses parallelization. Therefore, the algorithm
also scales for product lines with a higher number of features and constraints.

In 2016, Al-Hajjaji et al. [AHKT+16] developed the sampling algorithm IncLing,
which works similarly to ICPL but has some improvements. IncLing generates con-
figurations incrementally so that each generated configuration can be tested in par-
allel to the sampling process. In addition, the algorithm uses a feature ranking
heuristic to cover as many feature interactions as quickly as possible.

Krieter et al. [KTS+20] developed the t-wise sampling algorithm YASA in 2020,
which is based on the sampling technique IPOG [LKK+07]. The algorithm uses
different heuristics, caching methods, and pre-computed data structures to reduce
the computation time for generating a sample. The authors illustrated that YASA
scales well for large product lines and produces smaller samples than other t-wise
sampling methods.
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Our self-developed sampling algorithms and the previously presented sampling algo-
rithms can compute a sample that covers all t-wise feature interactions. Some of the
presented algorithms are limited to pair-wise sampling. Our sampling algorithms
can generate optimized samples with attributed feature models.

Multi-Objective Configuration of Extended Product Lines

The previously discussed t-wise sampling algorithms do not consider attributes in
the sampling process. However, many scientific papers in the literature focus on
the configuration of extended product lines. In 2018, Lina Ochoa et al. [OGRJ+18]
conducted a systematic literature review on the semi-automated configuration of
extended product lines. The authors reviewed and classified a total of 66 studies
from the period 2000 to 2016. For each work, they provide a detailed overview of the
used techniques, their evaluation, and their main shortcomings. They found that
evolutionary algorithms and constraint programming are the most commonly applied
techniques. Furthermore, researchers often prove the validity of their approach by
conducting a case study, performance tests, and scalability tests.

In their scientific work, Henard et al. (2013) [HPP+13] addressed the search-based
generation of multi-objective tests for software product lines. Current approaches
often consider just a single criterion when selecting test products, such as t-wise
feature interaction coverage. In reality, however, selecting products for testing is a
multi-dimensional problem. For example, the aim is to maximize the t-wise feature
interaction coverage while minimizing the number of products and testing costs. So
Henard et al. designed a genetic algorithm that handles multiple objective functions
and can optimize multiple attributes. However, this algorithm leads to a trade-off
between t-wise feature interaction coverage and optimization of other objectives.
Our sampling algorithms guarantee a fixed t-wise feature interaction coverage and
additionally optimize another objective.

Artificial Enrichment of Feature Models

In 2017, Siegmund et al. [SSA17] focused on attributed variability models and found
that only a few attributed variability models have attributes obtained based on
real, empirical observations. Most tools and algorithms that operate on attributed
variability models have been designed and trained based on artificial attribute values.
They investigated the impact of using artificially enriched attributed feature models
on the development of algorithms and tools. The authors aim to highlight this
problem to researchers and practitioners. They strive to use more realistic and
robust attributed variability models. For this purpose, they have developed the
tool THOR. This tool can be used to enrich large variability models with realistic
attribute values and feature interactions.

THOR scales an existing real-world attribute-value profile to a new variability model
using a combination of a genetic algorithm and kernel density estimation. Our en-
richment approach has two different methods. One method is specifically tailored
to the feature model Automotive to reproduce its attribute-value profile. The other
method distributes the attribute values randomly and reuses existing attribute val-
ues.
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Feature Attributes Optimization

In 2005, Benavides et al. [BTRC05] presented a proposal for modeling and automated
reasoning on software product lines using constraint programming. They introduced
a definition of extended feature models. Moreover, they presented an optimization
analysis to find optimal products based on feature attributes. The difference between
their and our approach is that they use constraint programming and only find a single
optimal configuration.

Heijblom [Hei13] presented another approach for optimization analysis of extended
feature models in 2013. Compared to Benavides et al. [BTRC05], Heijblom trans-
lated the extended feature model into integer problems and solved them with an
IP solver. Moreover, he compared the performance of integer programming and
constraint programming in terms of run-time. Heijblom concludes that integer pro-
gramming is inferior in run-time but should generally be preferred because the solver
requires less information than constraint programming. We used integer linear pro-
gramming to generate optimized configurations. Compared to Heijblom, our ap-
proach generates samples that guarantee t-wise feature interaction coverage. For
this, we consider the feature interactions in the optimization process.

Feature Attributes Optimization by Uniform Random Sampling

In 2017, Jeho et al. [OBMS17] addressed the challenge of finding optimal performing
configurations. Since the configuration space of highly configurable systems can be
huge, it is often not feasible to benchmark all configurations to find an optimal one.
Therefore, they presented a random sample approach and recursively searched a
configuration space directly to find an approximate optimal set of configurations.
An important step is to restrict the configuration space by determining statistically
significant features (or their absence), which leads to good performance. We could
use this approach to find a configuration that is optimal in any given attribute.
However, this approach does not produce a sample that covers all t-wise feature
interactions. In a following scientific paper, Jeho et al. [OGB19] showed that uniform
random sampling is not enough to achieve 100% t-wise feature interaction coverage.

Munoz et al. (2019) [MOP+19] focused on analyzing numerical feature models
(NFM) in further scientific work. NFMs, generally called attributed feature mod-
els, are feature models where numerical values such as reliability, performance, and
footprint are assigned to features [KAS+13]. The analysis of highly configurable
systems is usually done with automatic solvers. Often, these solvers do not support
numerical features because propositional formulas contain only Boolean variables.
Munoz et al. developed a method to encode the numerical features and their con-
straints into propositional formulas utilizing bit blasting. Based on the calculated
propositional formulas and existing SAT solvers, configurations can be counted, and
uniform random samples can be generated using the Smarch algorithm [OBH+19].
Also, Munoz et al. were able to find near-optimal sets of configurations for NFMs.

The random-based sampling approaches discussed above can be utilized to generate
near-optimal configurations. Compared to our sampling approaches, the random-
based approaches do not ensure complete coverage of the t-wise feature interactions.
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7. Conclusion

The variability of highly configurable systems is a significant challenge in efficient
testing. The ideal way to ensure the functional safety of each product is to test all
of them. Since the number of products increases exponentially with the number of
features, testing all products is often not feasible. Sample generation is a powerful
and common strategy to tackle the challenges of testing highly configurable systems
efficiently. In theory, we find various sampling strategies with different objectives or
coverage criteria. These include, for example, the t-wise sampling algorithms or the
multi-objective search-based algorithms. However, in practice, test configurations
are often selected manually based on expert knowledge. The existing variability
model can be enriched with this expert knowledge in the form of attributes. In
this master thesis, we develop sampling algorithms that automatically generate a
sample that achieves a defined t-wise feature interaction coverage and optimizes and
prioritizes the sample based on attributes. For this, we defined what we mean by
optimizing configurations and prioritizing a sample.

We have designed and developed two different sampling algorithms. The first ap-
proach is based on the state-of-the-art t-wise sampling algorithm YASA. We mod-
ified the configuration process to optimize and then prioritize the configurations
based on a selected feature attribute. The second approach uses integer linear pro-
gramming to generate optimized configurations. We formulate an ILP model that
aims to optimize a selected feature attribute and cover as many feature interactions
as possible for each new configuration that should be generated. We have devel-
oped and deployed a Java command-line application that supports both sampling
algorithms to generate optimized and prioritized samples.

Based on the definition of configuration optimization and sample prioritization, we
designed and implemented the Attribute Score metric. Using this metric, we can
determine the effectiveness of sample optimization and prioritization of our devel-
oped sampling algorithms. We have developed and deployed a Java command-line
application to calculate the attribute score of a sample.

To evaluate our sampling algorithms, we generated samples using our sampling al-
gorithms Extended YASA and ILP-based Sampling and the existing t-wise sampling
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algorithms Chvatal, ICPL, IncLing, and YASA. In the beginning, we only had
one real-world feature model with real attributes from the industry. Since real open-
source feature models with attributes are rare, we have artificially enriched basic
feature models with attributes. We generated the samples for the feature mod-
els of the systems Automotive, FinancialServices01, BusyBox, Soletta,
uClibc-ng, Fiasco, and Toybox. During the generation of the samples, we mea-
sured the sampling time. We also calculated the sample size, attribute score, t-wise
feature interaction coverage progress, and configuration attribute scores for some
samples.

Based on the collected information, we compared the efficiency and effectiveness of
our sampling algorithms with those of the existing t-wise sampling algorithms. Our
results show that the sample optimization of Extended YASA has a slightly nega-
tive impact on the sampling time. Computing a sample with Extended YASA takes
slightly more time compared to YASA. In general, Extended YASA is faster than
Chvatal and in some cases faster than ICPL and IncLing. We cannot detect
a significant negative impact on the sample size due to the sample optimization.
In comparison, our results show that the efficiency of ILP-based Sampling is sig-
nificantly worse for the subject system uClibc-ng. However, we also observed that
ILP-based Sampling takes more time but produces smaller samples, which can re-
duce the testing time. Finally, we can not conclude about the efficiency of ILP-based
Sampling. In general, our results show that both sampling algorithms produce an
optimized and prioritized sample. We found that the effectiveness of sample opti-
mization depends on the feature model. For some feature models, Extended YASA
performs more effectively compared to ILP-based Sampling and vice versa. We also
found that Extended YASA could not produce optimized samples for the feature
models of the system Toybox and a targeted t-wise feature interaction coverage
of T = 2. In this case, we conclude that a pure greedy algorithm is an ineffective
strategy.

We also studied the impacts of sample optimization on the progress of t-wise fea-
ture interaction coverage and vice versa. Our evaluation results show that sample
optimization affects the progress of t-wise feature interactions coverage. We found
that Extended YASA and ILP-based Sampling were significantly more inefficient in
covering the t-wise feature interactions for all analyzed samples. That means, if we
consider two equal-sized partial samples, the sample generated with our sampling
algorithm covers fewer feature interactions compared to the sample generated with
one of the other t-wise sampling algorithms. We expected this result because, al-
though our sampling algorithms always cover 100% of all t-wise feature interactions
with the final sample, the composition of the configurations focuses on optimizing
one feature attribute. We also find that a higher degree T affects the sample opti-
mization. Our results show that the weighted attribute score of a sample decreases
with increasing degree T . Since sampling is very time-consuming, we were only able
to analyze degrees T = 2 and T = 3 and the sampling algorithms YASA and Ex-
tended YASA. Therefore, we cannot generalize this result for all sampling algorithms
and higher degrees T .

In addition, since much of our feature models were artificially enriched with at-
tributes, we investigated the impacts on sample optimization. We copied our one
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feature model with real attributes from the industry and enriched it artificially with
attributes. After that, we generated optimized samples for the feature models and
calculated the attribute scores. We found that our sampling algorithms generated
optimized samples for the original and the artificially enriched attributed feature
model. However, we observed lower attribute scores for the samples we generated
for the artificially enriched feature model. Therefore, we conclude that artificial
enrichment can impact sample optimization. Since our experiment is based only on
one feature model with real attributes, the results cannot be generalized.
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8. Future Work

In this master thesis, we have tackled the generation of optimized samples based
on attributed feature models. We aim to achieve t-wise coverage and optimize the
sample concerning feature attributes. Therefore, we designed and implemented two
sampling approaches. We also developed a metric to compare the optimization
performance of our sampling approaches against state-of-the-art t-wise sampling
algorithms. Regarding future work, we identified several research aspects that could
be interesting for future research during the implementation and evaluation.

Support the selection of multiple feature attributes

As we mentioned, sampling approaches already exist that can generate samples
that handle multiple different objectives. The problem with these approaches is
that, for example, t-wise coverage and attribute optimization conflict with each
other. Thus we do not obtain a defined t-wise feature interaction coverage. Our
goal was to ensure that optimizing feature attributes did not conflict with t-wise
coverage. The developed sampling concept and the related implementation only
consider the optimization of one feature attribute. In future work, the concept and
implementation could be adapted to optimize multiple feature attributes.

Integrate the sampling algorithms into the FeatureIDE

framework

In Chapter 4, we mentioned that we use much functionality from FeatureIDE, and
the sampling algorithms are partially based on the state-of-the-art sampling algo-
rithm YASA. However, we did not implement our sampling algorithms directly in
FeatureIDE because we did not want to invest our limited time in studying Fea-
tureIDE intensively. Instead, we copied and modified the required source code from
FeatureIDE into our project. To simplify the usage of our sampling algorithms, it
makes sense to integrate them into the FeatureIDE framework.
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Design more efficient heuristics for feature interaction

costs

In Section 3.4.1, we mentioned that we want to consider feature interaction costs
when generating and sorting t-wise feature interactions. The feature interaction
cost is defined in Definition 3.4.1. During the implementation and in the following
evaluation, we noticed that our heuristics did not achieve the expected result. One
approach was to check which feature interactions are compatible with each other.
Due to a large number of feature interactions, this is a time-consuming process that
is not effective. A second approach is to determine how frequently the features of
an interaction occur in constraints and where the features are located in the tree.
We have observed that these heuristics can achieve an optimization advantage if the
calculated costs are correctly weighted. However, many samples must be calculated
to determine the correct weights. Furthermore, the weight differs depending on the
feature model. With further research in this area, generalized and more efficient
heuristics can be designed to improve sample optimization.

Reduce the number of decision variables

Currently, the ILP-based Sampling approach generates an ILP model in which each
feature and feature interaction is translated into a pair of two decision variables.
One variable expresses that the feature or the feature interaction is selected, and the
other expresses that it is not selected. However, this leads to the problem that both
variables cannot have the same value. Therefore, for each pair of decision variables,
we must introduce a constraint stating that exactly one variable must have the value
0 and the other the value 1. We chose this translation at the beginning because it
allowed us to formulate the ILP model quickly. Consequently, we have many decision
variables and constraints that are not necessary. As a result, this approach requires
more time to solve the ILP model and finally to create the sample. An alternative
formulation of the ILP model can reduce the computation time.

Consider constraints that are applied to feature attributes

Constraints applied to feature attributes can be helpful in certain use cases. For
example, imagine that we have a feature attribute memory consumption. For each
valid configuration, we want the memory consumption to be less than a defined
value. So we introduce as a feature attribute constraint that the sum of the feature
attributes of the selected features must be less than the defined value. The current
implementation of feature attributes and extended feature models in FeatureIDE
does not support feature attribute constraints. Thus, feature attribute constraints
must first be implemented in FeatureIDE. After that, our sampling algorithms must
be modified to produce an optimized sample that satisfies the feature attribute
constraints.
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A. Appendix

A.1 Product Sampling Data for Pairwise Sampling

This section provides the sampling efficiency and testing efficiency data for the
subject systems Automotive, Automotive Artificial, FinancialServices01, BusyBox,
Soletta, uClibc-ng, Fiasco, and Toybox. Each value is based on the calculation of a
sample that achieves pairwise feature interaction coverage. The calculation time is
given in milliseconds, and the sample size is the number of configurations of a sample.
The presented values are average values, which are based on five calculations.

A.1.1 Automotive
Table A.1: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2021-01-01 00-00-00 177 177 214 185 187 168 214 50049 4150 1661 985 12589 778517 43

A.1.2 Automotive Artificial
Table A.2: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2021-01-01 00-00-00 175 175 212 184 184 166 212 51084 3844 1697 1001 19121 879945 39

2021-01-01 00-00-01 176 177 215 183 188 163 215 49723 3825 1628 945 15668 857037 42

2021-01-01 00-00-02 176 177 213 182 188 163 213 49507 3987 1661 930 13451 885355 38

2021-01-01 00-00-03 175 176 212 183 189 167 212 52655 3824 1604 1040 15246 1007201 40

2021-01-01 00-00-04 175 177 218 182 188 166 218 49529 3850 1594 997 14141 935360 44

2021-01-01 00-00-05 177 177 213 182 184 166 213 48588 3777 1682 1012 26365 840659 42

2021-01-01 00-00-06 175 175 216 183 188 163 216 48715 3992 1542 940 21446 892225 42

2021-01-01 00-00-07 176 176 218 185 188 163 218 50246 3762 1480 853 21550 894087 41

2021-01-01 00-00-08 176 175 213 184 189 167 213 46579 3440 1566 843 22330 982446 38

2021-01-01 00-00-09 173 173 217 180 188 167 217 46231 3468 1413 866 18922 955905 39

A.1.3 FinancialServices01
Table A.3: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-05-22 401 401 408 403 398 416 408 1074680 243285 18507 2726 2908 5026755 270

2017-09-28 3194 3191 3431 3197 3194 [] 3431 6376608 1694449 827974 38503 109290 [] 5727

2017-10-20 3195 3194 3436 3198 3197 [] 3436 6628792 1770951 869937 39410 113394 [] 5747

2017-11-20 3190 3187 3418 3186 3189 [] 3418 6532890 1663921 865410 39792 148612 [] 5464

2017-12-22 3188 3188 3424 3187 3190 [] 3424 6507294 1728251 912158 40762 114237 [] 5553

2018-01-23 3182 3183 3421 3183 3186 [] 3421 6323498 1738787 877885 41758 117165 [] 5971

2018-02-20 3639 3638 4540 3640 3642 [] 4540 8570954 2275940 6576875 64694 547670 [] 9283

2018-03-26 3555 3554 3783 3559 3561 [] 3783 7620220 2068142 1080876 50091 203173 [] 7189

2018-04-23 4479 4481 4885 4430 4512 [] 4885 10344666 3646102 1653322 76729 315385 [] 11008

Continued on next page
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Table A.3 – continued from previous page

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2018-05-09 4463 4462 4867 4418 4497 [] 4867 9894084 3421984 1615531 76976 301161 [] 11333

A.1.4 BusyBox

Table A.4: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2007-01-24 09-14-09 42 40 56 38 37 51 56 35299 4544 913 1109 2477 250915 7

2007-01-24 09-32-19 41 40 58 39 36 [] 58 35800 4519 734 954 2101 [] 7

2007-01-24 09-32-42 41 39 57 39 36 [] 57 34556 4459 816 1026 2216 [] 12

2007-01-24 12-16-08 41 40 56 39 36 [] 56 35680 4294 665 910 2007 [] 7

2007-01-24 14-34-35 42 41 59 38 37 [] 59 35190 4322 673 930 2188 [] 8

2007-01-24 14-50-27 42 39 58 39 36 [] 58 34871 4275 662 914 1958 [] 7

2007-01-24 23-53-22 40 42 59 39 36 [] 59 35228 4513 666 953 1959 [] 9

2007-01-26 09-03-23 44 40 57 38 37 [] 57 35103 4483 671 988 2051 [] 7

2007-01-27 13-44-53 43 42 57 39 36 [] 57 36852 4362 646 915 1987 [] 7

2007-01-29 23-56-13 43 41 57 38 37 [] 57 35654 4411 669 947 1780 [] 7

2007-02-02 01-17-52 42 40 55 39 37 [] 55 35189 4381 723 911 2268 [] 6

2007-02-02 16-06-02 41 41 57 38 36 [] 57 34789 4117 644 904 2221 [] 7

2007-02-04 17-11-25 41 41 59 39 36 [] 59 34315 4312 678 902 2215 [] 7

2007-02-04 17-21-55 41 41 57 38 38 [] 57 34666 4240 662 898 2345 [] 7

2007-02-04 17-24-53 41 40 60 39 37 [] 60 35452 4397 701 955 2204 [] 7

2007-02-06 19-28-50 40 39 59 39 37 [] 59 37433 4363 703 928 2102 [] 7

2007-02-14 13-20-29 40 39 55 40 35 [] 55 36694 4442 669 915 2308 [] 7

2007-02-27 21-15-08 41 40 56 40 37 [] 56 36895 4480 707 961 2149 [] 6

2007-03-05 19-55-30 41 38 59 40 38 [] 59 37409 4366 702 922 2279 [] 8

2007-03-09 16-56-38 42 41 60 39 36 [] 60 37253 4484 696 935 2250 [] 7

2007-03-10 16-58-49 41 39 57 38 37 [] 57 37774 4558 708 934 2188 [] 7

2007-03-19 20-28-03 41 39 58 39 36 [] 58 37680 4656 689 912 2343 [] 7

2007-03-24 15-37-57 40 41 59 37 37 [] 59 38133 4806 694 933 2269 [] 7

2007-03-25 21-50-18 41 40 58 39 36 [] 58 37579 4606 703 920 2208 [] 7

2007-03-27 22-01-31 40 39 60 38 36 [] 60 37767 4461 689 915 2228 [] 7

2007-03-28 15-00-27 38 38 61 37 36 [] 61 36753 4554 718 912 2222 [] 7

2007-03-28 16-46-03 40 38 57 38 36 [] 57 38619 4668 696 924 2383 [] 7

2007-03-28 16-48-40 40 39 58 39 36 [] 58 38566 4765 761 976 2220 [] 8

2007-03-28 20-35-13 39 40 56 37 37 [] 56 38762 4847 699 941 2672 [] 7

2007-04-01 01-18-20 41 40 59 37 35 [] 59 39731 4899 710 939 2606 [] 7

2007-04-01 19-10-36 40 39 60 35 36 [] 60 40020 4705 715 943 2679 [] 7

2007-04-04 23-41-35 38 38 57 37 36 [] 57 41567 5038 719 946 2680 [] 7

2007-04-05 13-16-39 38 39 59 36 36 [] 59 40054 5133 729 964 2001 [] 7

2007-04-05 20-26-28 38 39 59 37 34 [] 59 40849 5158 755 1014 1902 [] 7

2007-04-09 13-04-50 40 39 58 37 34 [] 58 40571 5136 724 964 2466 [] 7

2007-04-10 23-03-30 38 37 61 37 35 [] 61 40648 4951 752 985 2359 [] 8

2007-04-10 23-32-37 39 36 60 37 35 [] 60 40210 5049 742 984 2257 [] 7

2007-04-13 10-00-12 38 38 58 37 36 [] 58 40466 5185 754 960 2221 [] 7

2007-04-15 08-43-23 40 38 59 37 35 [] 59 41137 5308 752 977 2314 [] 7

2007-04-28 16-48-04 40 39 60 36 37 [] 60 41343 5274 751 1000 3031 [] 7

2007-04-28 16-48-27 40 37 58 36 36 [] 58 41372 5456 790 995 2079 [] 7

2007-05-02 21-39-29 39 37 56 37 37 [] 56 42775 5345 779 1042 2523 [] 7

2007-05-02 22-04-38 39 37 59 36 37 [] 59 42298 5306 779 1007 2878 [] 8

2007-05-08 17-27-17 38 39 60 36 37 [] 60 41695 5190 776 986 2457 [] 7

2007-05-08 17-52-17 39 38 59 36 36 [] 59 41922 5537 758 1036 2235 [] 7

2007-05-15 23-57-46 39 39 58 39 35 [] 58 42846 5298 791 1024 2346 [] 8

2007-05-18 09-45-36 39 38 60 36 35 [] 60 42745 5263 791 992 2284 [] 8

2007-05-20 21-51-38 39 38 58 38 37 [] 58 42590 5290 788 984 2498 [] 7

2007-05-21 23-30-54 38 38 60 37 37 [] 60 41104 5147 766 978 2829 [] 8

2007-05-26 11-59-01 38 37 63 37 36 [] 63 41375 5228 772 991 2515 [] 8

2007-05-30 00-29-55 37 38 60 37 36 [] 60 40731 5153 768 974 2469 [] 8

2007-06-07 13-22-56 38 38 61 38 35 [] 61 45172 5374 768 1010 2248 [] 8

2007-06-08 08-02-53 39 39 59 38 36 [] 59 44134 5559 789 1036 2664 [] 7

2007-06-08 13-05-39 39 38 61 39 36 [] 61 43708 5662 794 1017 2290 [] 11

2007-06-10 15-08-44 38 36 60 37 36 [] 60 45307 5487 807 1023 2405 [] 7

2007-06-10 17-11-59 40 38 60 37 36 [] 60 44098 5601 803 1016 2532 [] 7

2007-06-10 18-04-54 39 38 60 37 35 [] 60 45575 6211 820 1012 2274 [] 7

2007-06-11 16-31-55 39 39 60 38 34 [] 60 44921 5741 797 1546 2602 [] 8

2007-06-12 08-12-33 40 38 60 38 36 [] 60 44980 5499 793 1019 2139 [] 8

2007-06-12 22-04-57 40 37 59 39 35 [] 59 46331 5830 814 1565 2567 [] 7

2007-06-13 07-34-15 39 39 59 37 36 [] 59 45382 6036 812 1562 2871 [] 7

2007-06-15 23-43-11 41 39 60 39 36 [] 60 47384 5682 810 1546 2559 [] 8

2007-06-16 00-30-52 41 38 61 36 36 [] 61 47599 5638 810 1606 2494 [] 8

2007-06-16 13-37-59 41 39 60 37 35 [] 60 46259 5840 828 1610 2863 [] 7

2007-06-16 13-56-51 41 38 59 38 34 [] 59 46276 5768 826 1573 2534 [] 7

2007-06-17 19-09-05 39 38 58 36 37 [] 58 45235 5714 819 1573 2675 [] 7

2007-06-19 11-24-47 39 39 59 38 35 [] 59 46334 5672 823 1557 3409 [] 8

2007-06-19 13-46-24 41 39 59 37 35 [] 59 45801 5643 831 1603 2841 [] 8

2007-06-19 22-22-57 37 37 58 38 36 [] 58 44471 5686 816 1602 2484 [] 7

2007-06-20 15-23-03 39 38 60 38 36 [] 60 45298 5575 837 1571 2870 [] 8

2007-06-21 12-41-59 41 39 58 37 36 [] 58 47256 5770 848 1578 2792 [] 7

2007-07-01 17-05-57 41 40 61 37 36 [] 61 46128 5662 836 1568 2844 [] 8

2007-07-14 22-07-14 42 39 60 37 36 [] 60 46938 6003 856 1591 2996 [] 8

2007-07-15 19-27-48 40 39 59 37 35 [] 59 45997 5869 817 1553 2508 [] 8

2007-07-19 21-49-30 43 40 60 37 35 [] 60 47522 5935 840 1604 2625 [] 8

2007-07-20 21-28-41 41 40 58 37 34 [] 58 49046 5839 851 1555 2820 [] 7

2007-07-23 14-03-30 42 40 61 39 38 [] 61 49784 6424 903 1666 2951 [] 8

2007-08-02 22-23-47 42 41 59 37 38 [] 59 49474 6064 834 1616 2821 [] 8

2007-08-12 21-05-49 41 41 59 36 36 [] 59 48462 5964 836 1584 2609 [] 8

2007-08-13 14-10-24 44 42 59 37 36 [] 59 51263 6419 859 1604 2632 [] 8

2007-08-14 16-45-29 43 40 59 38 36 [] 59 49810 6161 870 1628 2964 [] 8

2007-08-15 20-05-37 42 40 58 38 37 [] 58 50207 6329 859 1613 3205 [] 7

2007-08-21 10-26-55 42 41 60 38 36 [] 60 49672 6152 899 1654 5554 [] 8

2007-08-21 10-58-18 45 41 59 38 36 [] 59 51658 6227 869 1647 3963 [] 7

2007-08-25 18-25-24 52 50 69 48 46 [] 69 55026 7126 896 1708 5350 [] 9

2007-09-02 22-12-07 52 50 71 47 45 [] 71 56534 7315 1014 1791 5886 [] 10

2007-09-08 16-51-19 52 50 70 48 46 [] 70 55063 7246 922 1663 5032 [] 10

2007-09-15 13-28-30 50 49 69 49 44 [] 69 55718 7009 926 1670 5430 [] 9

2007-09-21 13-43-28 56 50 69 48 46 [] 69 56075 7069 951 1718 5789 [] 9

2007-09-21 22-35-18 53 49 70 48 46 [] 70 56733 7134 928 1680 4720 [] 10

2007-09-22 20-51-41 54 51 68 46 47 [] 68 55600 7458 930 1719 7628 [] 9

2007-09-29 22-26-01 53 52 70 46 46 [] 70 56070 7489 942 1671 5771 [] 10

2007-10-07 17-06-01 52 51 70 48 45 [] 70 56326 7231 914 1699 4865 [] 9

2007-10-07 17-06-26 55 55 71 48 45 [] 71 56906 7823 941 1647 5083 [] 9

2007-10-07 20-46-34 53 53 71 49 44 [] 71 57526 7995 939 1693 5979 [] 9

2007-10-13 03-36-03 55 52 71 48 46 [] 71 57367 7601 927 1661 5745 [] 10

2007-10-14 04-48-44 54 53 70 47 45 [] 70 56976 7567 936 1673 5559 [] 9

2007-10-14 04-55-59 53 51 69 49 44 [] 69 56233 7295 934 1672 4368 [] 9

2007-10-18 12-54-39 55 50 69 47 46 [] 69 57836 7441 933 1678 3306 [] 9

2007-10-20 00-17-34 55 53 69 47 45 [] 69 58038 7546 919 1674 3403 [] 9

2007-10-29 19-33-26 53 52 71 47 45 [] 71 57061 7284 924 1696 3223 [] 10

2007-10-29 21-21-27 58 53 70 47 43 [] 70 57748 7885 938 1670 3155 [] 9

2007-11-04 15-43-26 54 51 70 48 45 [] 70 57016 7753 931 1673 3480 [] 9

2007-11-14 10-18-33 56 54 71 48 45 [] 71 58293 7855 937 1691 3436 [] 10

2007-11-15 07-02-55 53 51 68 47 45 [] 68 56464 7662 934 1654 3569 [] 9

2007-11-18 05-36-50 55 54 69 47 46 [] 69 64003 8317 967 1679 3532 [] 9

2007-11-22 00-58-49 54 53 72 48 45 [] 72 61267 8078 968 1687 3106 [] 10

2007-11-22 01-10-41 54 52 72 46 46 [] 72 62649 7958 983 1729 3372 [] 10

2007-11-23 21-20-21 54 52 69 48 45 [] 69 64825 7791 958 1669 3517 [] 9

2007-11-23 23-28-55 51 49 68 42 39 [] 68 62337 8110 966 1684 2658 [] 9

2007-11-23 23-39-01 50 49 71 43 38 [] 71 61672 7838 985 1679 2636 [] 10

2007-11-25 03-15-24 50 50 69 42 39 [] 69 67520 9897 997 1694 2642 [] 10

2007-11-28 19-23-12 52 49 71 44 38 [] 71 67419 8314 995 1686 3023 [] 11

2007-12-02 03-27-42 51 48 69 43 41 [] 69 67822 7799 962 1715 2859 [] 9

2007-12-02 08-56-53 50 48 67 42 40 [] 67 68216 9181 952 1665 3148 [] 9

2007-12-10 07-06-04 52 48 68 45 40 [] 68 67721 7779 1038 1799 3211 [] 9

2007-12-22 15-40-13 51 49 70 43 40 [] 70 68031 7815 965 1705 2868 [] 9

2007-12-22 17-00-11 50 49 70 44 39 [] 70 66934 7989 954 1678 2801 [] 10

2007-12-24 14-09-19 51 50 70 45 40 [] 70 70746 8958 1000 1733 2942 [] 9

2007-12-25 01-08-58 51 48 70 43 40 [] 70 64162 8165 993 1726 2843 [] 10

2007-12-25 04-30-14 50 47 69 44 39 [] 69 62436 8337 1012 1720 2853 [] 9

2008-01-05 03-26-41 50 50 72 44 39 [] 72 70556 8460 1025 1716 2976 [] 10

2008-01-06 06-27-17 49 48 70 43 39 [] 70 70637 8368 1102 1772 2999 [] 10

2008-01-07 19-06-47 50 49 69 41 38 [] 69 68609 8533 1003 1760 2843 [] 10

2008-01-08 20-32-12 49 49 70 43 39 [] 70 71358 8457 1065 1761 2761 [] 12

2008-01-13 15-23-27 49 47 69 42 40 [] 69 70347 8377 1016 1726 3177 [] 9

2008-01-13 18-43-50 48 47 70 43 40 [] 70 63679 8543 1026 1766 2856 [] 10

2008-01-14 16-10-11 47 46 68 44 41 [] 68 64858 8103 996 1702 2999 [] 9

2008-01-18 20-41-24 50 48 71 44 41 [] 71 69903 8548 1082 1757 3081 [] 10

Continued on next page
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Table A.4 – continued from previous page

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-01-28 22-47-03 50 49 70 43 40 [] 70 71227 8991 1099 1833 3122 [] 10

2008-02-01 06-53-50 50 51 68 43 41 [] 68 72042 15328 1053 1709 3208 [] 9

2008-02-01 23-25-32 50 51 72 42 40 [] 72 71904 15750 1025 1692 3241 [] 10

2008-02-03 23-52-41 49 52 69 43 40 [] 69 70403 12657 999 1692 3010 [] 10

2008-02-04 13-12-16 52 51 68 43 40 [] 68 65426 8479 1015 1694 2860 [] 10

2008-02-08 15-04-00 45 46 69 43 40 [] 69 61068 8088 1005 1683 3197 [] 9

2008-02-08 18-24-54 47 47 69 43 40 [] 69 66038 8415 1049 1704 2884 [] 9

2008-02-11 11-44-38 49 47 70 43 41 [] 70 65699 9247 1174 1811 2894 [] 10

2008-02-13 16-52-00 48 47 70 42 40 [] 70 65420 8508 1060 1705 2872 [] 10

2008-02-14 20-37-54 50 47 70 44 39 [] 70 64645 8776 1054 1688 2861 [] 9

2008-02-15 02-27-19 48 47 69 44 39 [] 69 65664 9081 1042 1777 2919 [] 10

2008-02-15 15-17-23 49 46 70 43 40 [] 70 70772 8977 1015 1679 3303 [] 10

2008-02-16 23-28-42 47 45 70 44 38 [] 70 70808 9001 1037 1700 2936 [] 10

2008-02-18 12-07-49 47 45 70 43 39 [] 70 69196 9276 1066 1725 2875 [] 9

2008-02-18 21-08-49 50 53 71 41 40 [] 71 84137 17081 1196 1809 3254 [] 10

2008-02-18 23-24-46 48 54 72 44 38 [] 72 84138 18267 1224 1863 3498 [] 10

2008-02-19 02-57-07 49 55 71 45 40 [] 71 85658 17869 1236 1892 3596 [] 11

2008-02-19 11-26-28 49 54 71 43 41 [] 71 85637 18307 1222 1852 3282 [] 11

2008-02-19 11-36-22 52 53 72 45 40 [] 72 89766 12276 1237 1874 3670 [] 11

2008-02-19 23-42-22 54 53 69 44 41 [] 69 89182 20232 1295 2033 3685 [] 10

2008-02-20 22-29-52 54 54 73 45 39 [] 73 94239 14059 1288 1968 3253 [] 11

2008-02-22 22-24-48 52 52 71 43 40 [] 71 92599 13983 1306 2060 3456 [] 11

2008-02-24 22-45-04 53 54 71 45 38 [] 71 94859 14522 1272 1919 3165 [] 11

2008-02-24 23-32-36 53 52 70 45 39 [] 70 92469 15413 1260 1962 3308 [] 10

2008-02-26 18-25-24 49 53 71 46 39 [] 71 91570 14354 1273 1908 3198 [] 10

2008-02-26 20-13-52 49 54 72 44 40 [] 72 93060 18830 1284 1876 3357 [] 10

2008-02-27 09-39-04 49 53 70 44 41 [] 70 91078 18987 1272 1938 3580 [] 10

2008-02-27 11-54-59 47 52 72 45 41 [] 72 89938 18587 1261 1890 3401 [] 11

2008-03-12 22-10-25 47 54 70 44 40 [] 70 87584 17567 1249 1890 3572 [] 10

2008-03-17 09-10-39 48 52 70 45 40 [] 70 90238 19847 1380 1953 3681 [] 12

2008-03-17 09-13-22 48 52 69 44 40 [] 69 90410 18443 1249 1901 3363 [] 10

2008-03-17 09-17-27 47 52 72 45 40 [] 72 91417 18816 1315 1893 3249 [] 10

2008-03-17 09-21-26 49 50 71 45 40 [] 71 88446 17552 1261 1876 3444 [] 10

2008-03-17 09-25-05 50 48 66 44 41 [] 66 84964 10755 1235 1938 4019 [] 9

2008-03-19 23-15-26 50 50 70 45 40 [] 70 85336 14247 1244 1873 6288 [] 11

2008-03-20 16-04-36 51 50 70 43 39 [] 70 87160 13740 1185 1853 5345 [] 10

2008-03-21 18-29-01 52 50 70 44 41 [] 70 86836 12594 1216 1874 6366 [] 10

2008-03-25 01-17-40 48 50 71 46 40 [] 71 86532 12662 1299 2067 4656 [] 11

2008-03-26 13-32-30 51 51 71 44 40 [] 71 90045 14194 1210 1886 3696 [] 10

2008-03-26 15-12-11 51 51 70 44 39 [] 70 88242 16563 1217 1831 3269 [] 10

2008-03-27 13-14-29 52 51 70 45 39 [] 70 87997 16921 1215 1891 3235 [] 10

2008-03-29 17-26-10 51 52 71 45 39 [] 71 86482 18409 1276 1968 3224 [] 11

2008-04-01 14-47-57 51 51 72 44 38 [] 72 86631 18257 1225 1946 3435 [] 11

2008-04-05 00-07-46 48 49 70 44 38 [] 70 84092 17491 1233 1850 3132 [] 10

2008-04-05 02-44-30 53 51 72 44 38 [] 72 88159 13803 1215 1870 3347 [] 10

2008-04-06 07-17-02 49 51 71 43 38 [] 71 83783 17270 1220 1887 3269 [] 10

2008-04-12 20-07-53 52 50 71 46 38 [] 71 85016 12437 1230 1884 3170 [] 11

2008-04-13 08-20-00 53 51 72 42 37 [] 72 90497 12899 1235 1862 3154 [] 11

2008-04-13 22-41-27 53 52 70 43 39 [] 70 89900 14995 1203 1861 3259 [] 10

2008-04-21 02-21-45 53 52 72 43 37 [] 72 90058 12834 1238 1868 3289 [] 10

2008-04-21 05-05-17 53 51 71 45 38 [] 71 90644 11452 1230 1876 3388 [] 13

2008-04-21 20-27-29 53 51 69 44 38 [] 69 90053 11536 1203 1809 3461 [] 10

2008-04-22 00-16-29 53 52 69 44 39 [] 69 88868 15565 1201 1864 3325 [] 10

2008-04-23 05-46-55 52 52 74 45 38 [] 74 87498 12757 1227 1803 3470 [] 11

2008-05-13 02-43-27 50 51 71 41 39 [] 71 86717 16990 1178 1811 3318 [] 11

2008-05-16 16-10-31 52 50 72 42 37 [] 72 88888 15583 1202 1841 3340 [] 10

2008-05-18 14-39-43 47 48 71 40 38 [] 71 84299 16426 1212 1813 3217 [] 10

2008-05-18 23-05-34 49 51 68 42 38 [] 68 87966 19592 1540 2226 3308 [] 10

2008-05-19 08-25-23 47 53 70 41 38 [] 70 92701 17458 1229 1830 3654 [] 12

2008-05-22 02-07-58 47 52 69 41 37 [] 69 88382 17577 1317 1864 3273 [] 10

2008-05-22 21-56-26 47 53 70 40 38 [] 70 89994 18461 1278 1968 3649 [] 10

2008-05-24 20-47-18 46 51 70 40 38 [] 70 92365 18544 1285 1945 3765 [] 12

2008-05-26 12-01-49 48 53 74 40 37 [] 74 92549 18556 1291 1925 3361 [] 10

2008-05-27 08-41-32 46 51 72 42 38 [] 72 91042 18995 1363 1955 3660 [] 11

2008-05-27 10-55-34 49 52 71 42 38 [] 71 100731 19758 1295 1933 3517 [] 11

2008-05-28 12-00-59 48 50 71 43 38 [] 71 96448 19325 1270 1937 3484 [] 11

2008-06-01 22-36-39 47 51 72 43 39 [] 72 93498 19584 1288 1986 3448 [] 10

2008-06-02 04-51-29 46 50 70 43 38 [] 70 93625 19380 1309 1999 3180 [] 10

2008-06-02 13-28-47 46 51 71 42 39 [] 71 93568 19683 1346 1894 3334 [] 13

2008-06-02 18-59-16 50 51 71 42 38 [] 71 94623 18632 1299 1944 3694 [] 12

2008-06-04 11-28-24 48 54 69 42 37 [] 69 95079 19982 1272 1969 3638 [] 10

2008-06-04 22-41-14 49 52 71 42 37 [] 71 95304 19606 1284 1952 3643 [] 10

2008-06-12 20-23-03 49 51 71 43 38 [] 71 96299 18771 1277 1957 3408 [] 11

2008-06-13 11-16-09 49 52 70 42 37 [] 70 96471 19088 1278 1938 4359 [] 11

2008-06-15 18-35-34 49 51 73 41 38 [] 73 97001 19289 1336 1970 4211 [] 12

2008-06-15 19-02-31 50 51 69 42 38 [] 69 95589 16429 1291 1918 3844 [] 10

2008-06-15 20-14-26 50 52 70 43 40 [] 70 95819 17901 1301 1916 4173 [] 10

2008-06-15 20-15-27 49 51 68 41 39 [] 68 95010 16477 1288 1930 3711 [] 10

2008-06-16 04-09-25 49 52 70 42 38 [] 70 95622 18207 1304 1950 3939 [] 10

2008-06-23 22-31-52 51 51 70 44 40 [] 70 97671 19747 1293 1951 3700 [] 10

2008-07-01 12-20-20 51 51 70 43 39 [] 70 99070 17642 1279 1901 3505 [] 10

2008-07-04 10-25-44 50 55 71 44 45 [] 71 98870 19551 1376 1972 4734 [] 12

2008-07-09 09-50-33 51 56 72 44 45 [] 72 100833 20473 1368 1944 4475 [] 14

2008-07-09 21-24-18 52 56 73 44 45 [] 73 100054 16070 1307 1942 4552 [] 11

2008-07-10 14-16-11 51 56 71 46 46 [] 71 100659 20735 1349 1950 3981 [] 11

2008-07-10 23-06-00 53 55 71 45 46 [] 71 100058 14465 1336 1960 4365 [] 11

2008-07-10 23-42-36 53 57 70 46 46 [] 70 101164 18249 1329 1900 4646 [] 11

2008-07-15 22-01-49 53 56 72 44 43 [] 72 103208 22035 1312 1922 4123 [] 11

2008-07-16 23-45-11 53 55 71 44 43 [] 71 103414 22184 1307 1904 3990 [] 12

2008-07-17 18-26-45 51 56 72 45 43 [] 72 101027 22054 1345 1924 4554 [] 11

2008-07-19 09-27-19 54 55 70 45 45 [] 70 103939 23238 1370 1940 4172 [] 11

2008-07-19 22-57-00 51 56 71 45 45 [] 71 101049 22516 1366 1920 4412 [] 13

2008-07-22 18-27-53 52 56 70 44 42 [] 70 101127 22398 1338 1922 3932 [] 10

2008-07-22 18-32-06 52 55 75 45 43 [] 75 100292 22499 1335 1917 3819 [] 11

2008-07-27 12-10-07 53 56 74 45 46 [] 74 104979 22888 1305 1922 4344 [] 12

2008-07-28 00-01-16 51 56 69 47 45 [] 69 102862 23946 1313 1925 4589 [] 11

2008-08-05 13-10-34 54 52 70 43 43 [] 70 94109 17217 1287 1901 3931 [] 10

2008-08-05 13-16-18 51 53 71 45 42 [] 71 94207 18698 1279 1877 3883 [] 11

2008-08-06 17-39-30 52 52 73 45 43 [] 73 92777 19321 1331 2165 4330 [] 15

2008-08-09 16-15-14 52 51 72 45 43 [] 72 94829 17850 1264 1845 4429 [] 10

2008-08-17 14-12-26 53 55 73 44 43 [] 73 96258 18769 1309 1901 3959 [] 11

2008-08-17 14-17-48 51 54 72 45 44 [] 72 92968 18309 1283 1917 4183 [] 12

2008-08-19 11-28-52 52 54 72 45 43 [] 72 94021 19385 1331 1846 3859 [] 11

2008-08-19 22-26-05 52 52 72 45 43 [] 72 93041 19456 1282 1878 4434 [] 11

2008-08-22 08-25-26 51 54 72 44 43 [] 72 92787 19141 1290 1883 3838 [] 11

2008-08-28 22-42-52 52 55 70 44 44 [] 70 93621 18119 1258 1882 4286 [] 11

2008-08-29 08-37-07 52 50 71 44 42 [] 71 93391 17713 1288 1872 4273 [] 13

2008-09-01 15-26-12 52 52 73 44 43 [] 73 93563 18591 1340 1945 3830 [] 11

2008-09-04 13-22-58 51 52 73 43 43 [] 73 92802 20257 1306 1885 4034 [] 11

2008-09-13 14-59-38 48 52 69 41 40 [] 69 90503 18999 1271 1809 4153 [] 10

2008-09-16 19-35-42 48 52 72 42 38 [] 72 92542 19109 1251 1846 3771 [] 11

2008-09-22 21-34-24 48 51 70 41 40 [] 70 101510 19655 1263 1968 3835 [] 10

2008-09-25 10-48-06 48 49 69 43 39 [] 69 97870 17383 1258 1880 3872 [] 11

2008-09-25 11-50-13 46 49 71 43 39 [] 71 94011 17258 1280 1847 3649 [] 11

2008-09-26 15-14-56 48 48 68 41 40 [] 68 93935 17468 1254 1829 3431 [] 10

2008-09-27 14-01-22 50 50 72 40 40 [] 72 91666 12392 1284 1876 4168 [] 10

2008-09-28 13-50-57 49 50 71 43 38 [] 71 95327 13867 1314 1894 4108 [] 11

2008-10-02 13-30-31 51 49 71 42 38 [] 71 92899 18683 1281 1858 3587 [] 11

2008-10-12 11-20-08 52 49 72 41 38 [] 72 92860 14206 1305 1852 3838 [] 11

2008-10-13 08-53-43 47 49 71 42 38 [] 71 95648 12559 1306 1846 3593 [] 10

2008-10-15 14-50-14 48 49 71 41 39 [] 71 95799 19043 1295 1864 3453 [] 11

2008-10-20 08-43-10 50 50 71 42 40 [] 71 98404 14999 1303 1889 3949 [] 11

2008-10-21 17-14-26 51 51 71 42 39 [] 71 99584 12429 1299 1873 3944 [] 11

2008-10-24 10-49-49 50 47 73 43 41 [] 73 93957 12009 1326 1876 4094 [] 11

2008-10-24 19-48-47 51 49 71 42 40 [] 71 93165 11999 1305 1866 3769 [] 11

2008-10-24 22-43-27 50 49 70 41 40 [] 70 99270 14297 1325 1899 4644 [] 11

2008-10-26 00-24-38 51 49 72 43 39 [] 72 95879 12335 1326 1895 3604 [] 11

2008-10-26 11-08-14 51 50 70 42 39 [] 70 98880 12685 1302 1966 3869 [] 11

2008-10-27 21-30-39 51 50 72 41 40 [] 72 99235 16155 1337 1923 4060 [] 11

2008-10-29 01-19-15 50 50 71 42 39 [] 71 98059 12988 1381 1929 3597 [] 12

2008-10-29 01-20-13 51 50 72 44 39 [] 72 102035 12617 1312 1918 4119 [] 11

2008-11-06 00-49-59 49 48 73 43 38 [] 73 98733 13661 1316 1877 3393 [] 11

2008-11-06 23-07-42 50 49 73 41 40 [] 73 98891 12199 1368 1911 3779 [] 11

2008-11-06 23-42-42 48 47 72 43 39 [] 72 100003 13362 1383 1930 3754 [] 12

2008-11-07 01-12-16 47 47 74 41 39 [] 74 100623 13467 1387 1927 3736 [] 12

2008-11-09 02-23-42 49 48 73 43 39 [] 73 102128 16016 1376 1899 4154 [] 11

2008-11-10 09-33-42 48 48 69 43 39 [] 69 100457 13033 1357 1908 3846 [] 10

2008-11-10 13-32-50 49 47 72 41 40 [] 72 99251 12888 1372 1930 3754 [] 11

2008-11-10 18-52-35 46 48 71 42 38 [] 71 100733 17099 1360 1910 3567 [] 11

2008-11-14 21-18-45 46 47 72 42 38 [] 72 103402 19665 1391 1937 3784 [] 11

2008-11-22 18-41-41 46 47 70 43 39 [] 70 102528 20333 1377 2126 3392 [] 11

2008-11-24 13-25-20 44 48 71 43 39 [] 71 103522 18999 1395 1957 3623 [] 12

2008-11-29 09-05-50 47 49 71 44 38 [] 71 103078 16908 1367 1939 3532 [] 11

2008-12-03 18-48-39 46 47 73 43 39 [] 73 105631 15357 1417 1943 3688 [] 11

2008-12-04 12-05-26 48 47 70 40 39 [] 70 102434 16360 1377 1953 3744 [] 11

2009-01-22 13-27-14 46 47 72 43 40 [] 72 104512 16708 1383 1972 4170 [] 11

2009-01-23 02-07-14 46 46 71 45 39 [] 71 105385 18578 1404 1934 3713 [] 11

2009-01-31 14-22-24 48 47 73 41 40 [] 73 105954 14857 1409 1966 4225 [] 12

Continued on next page

https://doi.org/10.24355/dbbs.084-202201210857-0



104 A. Appendix

Table A.4 – continued from previous page

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2009-01-31 21-45-57 49 48 71 41 39 [] 71 104401 17429 1380 1932 3938 [] 11

2009-02-03 23-59-41 47 49 71 42 40 [] 71 106710 13984 1414 1984 3956 [] 11

2009-02-04 23-43-44 47 48 72 43 40 [] 72 103717 16294 1408 1978 3797 [] 11

2009-02-14 12-13-13 47 47 71 44 40 [] 71 105681 17466 1401 1966 3652 [] 11

2009-02-14 12-19-37 47 48 70 45 41 [] 70 102229 16096 1378 1939 3894 [] 11

2009-02-14 12-58-48 48 47 74 44 39 [] 74 103771 13693 1407 1956 3716 [] 12

2009-02-14 13-17-48 47 48 73 45 39 [] 73 103917 16787 1451 1951 3897 [] 13

2009-02-18 13-23-46 47 47 72 41 39 [] 72 105505 17089 1393 1944 3563 [] 12

2009-02-24 10-03-22 48 49 70 44 39 [] 70 104206 18320 1380 1938 3475 [] 11

2009-02-24 10-05-15 46 49 72 43 40 [] 72 103612 16325 1388 1962 3404 [] 11

2009-03-05 09-26-17 47 48 72 43 38 [] 72 105185 14753 1404 1940 3276 [] 12

2009-03-08 09-30-56 49 49 72 40 40 [] 72 102604 13621 1437 1965 3595 [] 11

2009-03-08 23-46-48 48 48 71 43 39 [] 71 102615 13324 1423 1941 3980 [] 11

2009-03-20 22-17-13 49 48 72 43 39 [] 72 102928 13635 1437 1969 3816 [] 11

2009-03-28 02-13-01 47 47 71 42 39 [] 71 104312 13489 1433 1992 4113 [] 11

2009-03-28 12-12-58 49 48 72 44 39 [] 72 104725 13753 1404 1983 4085 [] 11

2009-03-29 00-52-41 48 47 74 41 41 [] 74 102836 13753 1435 1984 3838 [] 11

2009-03-29 17-13-20 49 48 72 43 41 [] 72 103441 13507 1426 1930 4079 [] 11

2009-03-31 23-41-53 48 47 72 42 40 [] 72 102633 13825 1398 1985 3754 [] 11

2009-04-02 10-02-37 45 47 72 43 40 [] 72 106097 20402 1392 1946 3867 [] 14

2009-04-05 09-02-11 46 48 72 42 39 [] 72 105183 21031 1391 1956 4338 [] 11

2009-04-07 20-07-23 47 48 72 43 40 [] 72 105739 20565 1425 1962 3855 [] 12

2009-04-13 14-23-12 46 47 71 43 40 [] 71 105938 21086 1384 1958 3830 [] 11

2009-04-20 22-04-21 46 49 73 43 39 [] 73 105402 18237 1412 1956 4378 [] 11

2009-04-22 21-35-52 50 48 71 45 38 [] 71 105698 14370 1445 2000 4278 [] 14

2009-04-25 12-19-35 50 48 71 44 38 [] 71 105457 14117 1401 1990 3600 [] 11

2009-04-25 13-16-53 50 49 72 44 39 [] 72 105840 14151 1376 1992 3715 [] 11

2009-04-26 01-08-51 49 47 72 43 39 [] 72 108637 14267 1383 1990 3625 [] 11

2009-04-29 12-01-51 48 49 72 43 40 [] 72 106428 13991 1397 2010 3983 [] 12

2009-05-01 03-00-04 49 49 74 43 40 [] 74 111942 14711 1468 1982 5084 [] 12

2009-05-14 00-23-34 48 46 73 41 40 [] 73 109389 14477 1459 2021 6547 [] 12

2009-05-17 16-44-54 48 45 72 44 39 [] 72 105133 14935 1444 2013 7381 [] 11

2009-05-19 17-36-16 47 45 72 44 40 [] 72 104692 16184 1455 2012 8514 [] 11

2009-05-25 04-15-37 48 48 74 43 39 [] 74 104919 13938 1481 2038 4749 [] 12

2009-06-03 12-47-26 48 47 70 42 40 [] 70 104231 13933 1511 1985 4407 [] 11

2009-06-10 13-39-35 47 46 70 45 40 [] 70 104705 13954 1431 2004 3988 [] 11

2009-06-16 12-05-21 48 45 73 43 39 [] 73 105603 14178 1497 2034 3685 [] 13

2009-06-17 11-54-52 48 47 72 42 38 [] 72 107377 13966 1451 2006 3581 [] 11

2009-06-18 08-20-02 48 46 71 41 39 [] 71 104441 13941 1471 2005 3617 [] 11

2009-06-18 13-23-58 48 46 72 43 40 [] 72 104666 13775 1461 2009 3728 [] 11

2009-06-18 19-59-51 48 46 71 43 40 [] 71 103730 13760 1443 1988 3904 [] 11

2009-06-19 12-10-38 48 47 72 42 40 [] 72 104379 13941 1449 2004 3842 [] 11

2009-06-19 13-14-48 48 47 75 44 40 [] 75 104944 14356 1679 1995 3992 [] 12

2009-06-19 13-45-01 47 47 72 44 41 [] 72 106699 14085 1446 2030 3955 [] 11

2009-06-19 13-51-29 48 47 71 42 39 [] 71 104933 14024 1477 1987 3630 [] 11

2009-06-26 01-55-45 47 47 69 44 40 [] 69 105710 14081 1621 2190 4186 [] 12

2009-07-03 22-16-17 47 47 74 42 40 [] 74 110272 14113 1501 2033 3706 [] 12

2009-07-04 16-50-43 49 47 76 44 40 [] 76 106414 14035 1486 2014 3664 [] 12

2009-07-05 12-49-29 48 47 70 46 40 [] 70 108011 14037 1486 2012 3767 [] 11

2009-07-06 23-24-20 46 47 72 43 39 [] 72 107763 14063 1491 1996 3574 [] 12

2009-07-11 21-36-13 51 54 71 44 39 [] 71 113472 16556 1481 2035 3907 [] 12

2009-07-22 00-31-27 53 53 71 42 39 [] 71 112480 18630 1472 2018 3664 [] 12

2009-07-27 02-55-02 49 51 72 42 39 [] 72 120636 24967 1511 2005 3939 [] 12

2009-08-13 00-59-32 52 51 70 44 39 [] 70 122768 24853 1487 2033 3437 [] 12

2009-08-21 00-05-51 50 50 72 43 38 [] 72 112554 15204 1571 2024 3556 [] 12

2009-08-21 13-18-31 50 51 71 40 37 [] 71 118986 22680 1530 2029 3378 [] 11

2009-08-21 14-40-29 50 51 71 44 39 [] 71 121472 25164 1535 2030 4194 [] 12

2009-08-22 18-00-39 49 50 72 42 37 [] 72 118316 24934 1504 2039 3676 [] 12

2009-09-04 02-21-13 51 53 72 43 37 [] 72 126854 25821 1512 2042 3675 [] 12

2009-09-06 15-06-25 51 52 71 41 38 [] 71 126247 26920 1601 2124 3855 [] 11

2009-09-13 14-57-24 50 50 69 42 39 [] 69 121432 25614 1521 2020 4513 [] 11

2009-09-15 23-40-08 50 51 68 42 37 [] 68 121919 24803 1524 2024 4037 [] 11

2009-09-19 22-29-42 49 50 72 39 37 [] 72 123389 25099 1562 2036 4168 [] 11

2009-09-20 04-28-22 50 50 72 42 38 [] 72 122374 25228 1552 2005 3843 [] 12

2009-09-26 14-31-04 51 51 73 43 38 [] 73 123648 24760 1533 2029 3782 [] 11

2009-10-02 01-29-25 50 49 73 41 38 [] 73 124098 24622 1535 2019 4369 [] 12

2009-10-06 22-13-37 50 51 72 42 38 [] 72 121314 24977 1522 2001 3906 [] 11

2009-10-09 22-11-30 50 52 70 40 38 [] 70 123759 27084 1558 2023 4269 [] 11

2009-10-14 00-29-28 50 50 72 42 36 [] 72 127533 26661 1546 2043 3639 [] 12

2009-10-14 11-52-01 50 50 72 42 38 [] 72 127167 26616 1521 2030 4105 [] 11

2009-10-17 21-38-19 49 49 73 42 38 [] 73 124974 26467 1558 2028 3646 [] 12

2009-10-19 18-56-26 50 50 72 42 37 [] 72 125863 25723 1554 2004 3901 [] 12

2009-10-25 04-35-22 50 52 72 41 37 [] 72 125281 27560 1547 2034 3936 [] 12

2009-10-27 10-47-49 50 52 72 40 38 [] 72 125457 26836 1550 2040 4131 [] 12

2009-10-27 17-34-36 50 51 74 42 38 [] 74 125215 27326 1569 2040 4120 [] 12

2009-11-01 23-05-09 51 51 69 43 37 [] 69 128725 24035 1515 2055 3882 [] 13

2009-11-02 10-49-02 50 50 71 42 38 [] 71 127424 19623 1536 2034 3848 [] 12

2009-11-08 18-03-09 51 50 72 41 38 [] 72 127836 28333 1532 2053 4116 [] 12

2009-11-21 18-32-19 50 52 71 41 38 [] 71 127821 28767 1544 2029 3905 [] 11

2009-11-22 03-43-55 52 51 70 41 38 [] 70 125243 27486 1586 2047 4369 [] 12

2009-11-23 06-20-09 50 51 70 43 38 [] 70 126671 18853 1641 2083 4148 [] 11

2009-11-27 02-35-15 52 51 71 42 40 [] 71 127483 21789 1577 2060 4633 [] 12

2009-12-05 17-56-25 51 51 73 41 38 [] 73 123365 17243 1696 2159 4156 [] 12

2009-12-07 01-37-34 52 52 71 41 37 [] 71 131584 28660 1609 2090 3815 [] 12

2009-12-11 02-21-10 50 51 71 41 38 [] 71 124552 17007 1619 2127 3918 [] 12

2010-01-06 08-54-49 50 50 71 42 37 [] 71 124958 17206 1645 2158 4190 [] 12

2010-01-06 09-19-04 49 50 71 41 37 [] 71 131996 17375 1657 2144 4149 [] 12

2010-01-13 18-31-29 49 49 70 42 37 [] 70 131731 16908 1619 2117 4061 [] 13

2010-01-13 18-55-37 49 48 74 42 39 [] 74 128182 23438 1624 2070 4768 [] 12

2010-01-14 01-11-54 49 49 72 41 38 [] 72 127026 21387 1619 2096 4146 [] 12

2010-01-18 02-08-30 48 49 73 41 39 [] 73 124260 20661 1612 2109 4180 [] 12

2010-01-18 04-57-17 47 49 74 40 38 [] 74 129262 28196 1655 2133 3819 [] 13

2010-01-20 02-45-23 48 49 74 42 39 [] 74 126657 29114 1626 2098 3909 [] 12

2010-01-20 02-47-37 46 47 73 42 38 [] 73 126724 27436 1617 2072 4365 [] 12

2010-01-23 00-10-40 47 48 74 41 38 [] 74 125697 22589 1648 2080 4066 [] 12

2010-01-23 23-37-52 48 50 73 43 38 [] 73 126722 16873 1649 2093 3990 [] 13

2010-01-24 22-52-21 48 49 72 40 38 [] 72 126576 21837 1619 2129 3839 [] 14

2010-01-25 13-39-24 46 49 70 41 38 [] 70 129456 23433 1680 2114 4066 [] 12

2010-01-29 09-11-47 50 49 71 42 37 [] 71 128519 19512 1649 2223 4453 [] 12

2010-01-30 18-09-18 47 50 72 40 38 [] 72 129821 19895 1650 2154 4096 [] 12

2010-01-31 18-12-57 49 49 70 41 39 [] 70 131019 20806 1707 2176 4336 [] 12

2010-02-21 13-10-26 48 47 72 42 38 [] 72 131440 16999 1672 2129 4249 [] 12

2010-02-26 18-21-42 48 48 72 41 38 [] 72 129394 17096 1684 2127 4426 [] 12

2010-02-26 18-34-16 47 47 72 41 37 [] 72 128165 17006 1675 2189 4289 [] 12

2010-02-26 19-33-49 48 47 71 41 38 [] 71 129500 17141 1668 2119 4466 [] 12

2010-03-05 23-38-54 47 46 73 41 39 [] 73 128484 17127 1659 2102 4091 [] 12

2010-03-15 15-38-09 45 47 73 41 39 [] 73 133274 27495 1748 2209 4734 [] 13

2010-03-15 23-55-26 46 46 72 42 40 [] 72 135030 23113 1735 2210 4417 [] 13

2010-03-18 18-35-37 48 48 72 42 38 [] 72 140056 17995 1741 2151 4209 [] 12

2010-03-18 22-45-35 44 46 72 39 40 [] 72 139050 28896 1704 2134 4404 [] 12

2010-03-19 14-48-51 46 46 73 41 38 [] 73 134670 32863 1738 2200 4173 [] 13

2010-03-21 19-12-03 46 46 71 41 38 [] 71 142540 22159 1672 2108 4208 [] 12

2010-03-26 13-13-24 49 47 73 41 38 [] 73 142839 27795 1726 2186 4411 [] 12

2010-03-26 14-06-56 50 51 74 43 39 [] 74 138313 27609 1687 2107 4214 [] 13

2010-03-31 15-58-58 50 51 73 41 39 [] 73 137762 17854 1704 2177 4478 [] 12

2010-03-31 16-03-56 51 51 70 43 39 [] 70 132904 17475 1671 2134 4515 [] 12

2010-04-03 17-34-52 51 51 70 42 38 [] 70 132666 17709 1705 2149 4560 [] 13

2010-04-06 18-48-32 50 50 73 42 40 [] 73 137410 17059 1679 2101 4625 [] 12

2010-04-06 18-51-29 51 51 74 42 39 [] 74 135525 17419 1700 2132 4090 [] 13

2010-04-14 12-31-26 50 50 72 41 38 [] 72 143307 31386 1756 2158 3905 [] 12

2010-04-18 22-09-30 51 50 72 42 40 [] 72 142251 28062 1713 2210 4842 [] 12

2010-04-21 18-05-10 51 51 74 43 40 [] 74 141176 30968 1695 2138 4217 [] 12

2010-04-29 13-43-39 49 49 70 41 38 [] 70 139809 30252 1651 2114 4404 [] 12

2010-05-02 18-45-02 49 50 74 41 37 [] 74 139057 29362 1737 2108 4095 [] 12

2010-05-04 15-45-25 49 50 72 41 39 [] 72 136768 28745 1680 2116 4690 [] 12

2010-05-09 00-13-40 49 50 72 40 39 [] 72 137066 29413 1701 2146 4577 [] 12

2010-10-12 04-18-05 51 52 70 43 43 [] 70 191703 45492 2562 2502 5766 [] 13

2010-12-05 23-11-15 53 54 69 44 42 [] 69 183763 25084 2418 2393 5642 [] 14

2011-01-18 13-52-48 48 49 75 42 41 [] 75 177356 23747 2491 2367 5552 [] 14

2011-01-25 23-21-46 49 49 73 44 42 [] 73 175382 23696 2436 2392 5153 [] 14

2011-02-10 11-18-31 49 49 74 42 41 [] 74 182291 24679 2543 2401 4793 [] 14

2011-02-15 03-02-08 49 48 74 43 41 [] 74 183638 28708 2507 2404 4937 [] 14

2011-02-26 22-24-08 53 53 73 45 42 [] 73 202409 41326 2480 2377 5343 [] 13

2011-04-16 18-07-35 50 51 73 44 43 [] 73 181934 24824 2570 2440 5667 [] 13

2011-05-14 15-23-55 49 51 73 43 42 [] 73 181649 24055 2561 2437 5740 [] 13

2011-05-16 13-19-25 49 49 72 43 42 [] 72 181086 24181 2585 2465 5462 [] 13

2011-05-16 13-53-19 51 49 71 45 42 [] 71 182076 24102 2571 2432 5496 [] 13

2011-06-18 09-23-09 50 49 72 43 41 [] 72 181937 24198 2573 2460 5298 [] 13

2011-11-09 20-23-38 51 50 73 44 41 [] 73 189004 25548 2727 2465 5601 [] 14

2012-03-07 12-25-53 53 53 72 44 42 [] 72 204426 26852 2741 2531 5494 [] 13

2012-12-19 15-53-33 49 50 73 45 42 [] 73 205526 26803 2700 2492 5410 [] 14

2013-01-17 10-24-51 52 52 73 43 42 [] 73 222807 54961 2818 2573 5603 [] 14

2013-07-05 22-00-57 52 51 75 44 42 [] 75 227036 38434 2782 2554 5583 [] 15

2014-02-19 18-53-25 56 55 72 45 42 [] 72 232424 28855 2830 2521 6007 [] 14

2014-02-25 17-31-22 54 54 73 44 41 [] 73 236185 28646 2881 2554 5580 [] 15

2014-06-22 16-30-41 55 54 72 44 41 [] 72 228856 29107 2855 2561 5504 [] 14

2014-11-27 23-31-58 54 54 75 44 43 [] 75 252327 45142 2963 2573 6055 [] 15

2014-12-10 13-46-53 55 55 74 45 41 [] 74 255789 66497 2879 2564 6108 [] 14
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Table A.4 – continued from previous page

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2015-10-05 11-15-43 56 57 76 43 43 [] 76 281061 66476 3070 2609 6106 [] 15

2015-10-12 03-12-17 56 56 74 44 41 [] 74 273760 47569 3056 2654 6108 [] 15

2016-02-12 22-12-47 56 56 73 46 42 [] 73 257341 33650 3199 2759 5898 [] 15

2016-05-31 02-44-34 56 56 75 45 42 [] 75 256502 33296 3379 2767 6747 [] 15

2016-11-24 22-08-12 53 52 74 46 43 [] 74 259318 41241 3505 2737 6744 [] 16

2016-11-24 22-18-55 53 54 75 45 41 [] 75 264108 40841 3483 2753 6138 [] 16

2016-11-24 22-30-52 53 53 71 44 42 [] 71 259811 34577 3498 2780 7638 [] 14

2017-01-08 14-43-54 52 50 73 44 39 [] 73 254109 37273 3493 2744 6217 [] 15

2017-01-10 14-58-54 51 52 72 43 39 [] 72 264553 35469 3539 2854 6411 [] 15

2017-01-11 16-27-12 54 51 72 43 40 [] 72 274183 35850 3655 2886 7124 [] 16

2017-01-11 16-35-52 53 51 75 44 39 [] 75 270948 35176 3704 2847 6914 [] 16

2017-07-15 14-52-26 58 57 73 43 40 [] 73 306299 40185 3984 2942 8946 [] 16

2017-07-15 17-34-33 57 56 74 42 40 [] 74 307281 40389 4028 2981 12021 [] 18

2017-07-15 20-49-32 56 56 72 43 40 [] 72 306551 39872 3931 2979 9799 [] 16

2017-07-15 21-14-16 57 56 73 43 40 [] 73 306438 39961 3995 2940 6855 [] 17

2017-07-21 09-50-55 56 56 74 42 39 [] 74 306896 40399 3941 3045 6820 [] 17

2017-07-27 02-59-13 58 56 72 43 39 [] 72 308234 40048 3953 3015 6766 [] 16

2017-08-03 03-46-14 58 55 73 44 39 [] 73 310581 40361 3959 3054 7064 [] 17

2017-08-14 12-25-55 57 56 71 44 40 [] 71 307696 55880 3797 3002 7451 [] 16

2017-08-18 19-15-29 56 56 73 45 39 [] 73 331247 55374 3773 2973 6931 [] 16

2018-04-06 19-01-51 54 55 73 43 39 [] 73 347512 59091 3971 3082 6779 [] 16

2018-06-06 15-16-48 54 54 73 43 39 [] 73 355180 58875 3951 3082 7672 [] 17

2018-11-18 19-19-29 55 54 75 43 39 [] 75 326272 82981 4253 3086 7337 [] 17

2019-01-06 20-12-16 54 54 73 42 41 [] 73 362959 51142 4295 3197 7885 [] 17

2019-04-30 10-51-27 53 53 77 43 39 [] 77 328702 43233 4215 3104 7843 [] 18

2019-07-02 11-35-03 52 53 74 44 40 [] 74 333028 46434 4410 3288 7759 [] 17

2019-10-14 12-48-38 52 51 76 42 40 [] 76 335478 46851 5254 3939 8375 [] 19

2020-08-13 17-12-56 55 54 73 42 38 [] 73 342800 72363 2952 2926 6188 [] 17

2020-12-16 21-53-05 53 52 75 41 37 [] 75 344336 80388 2909 2979 5932 [] 17

A.1.5 Soletta
Table A.5: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2015-06-26 18-38-56 33 33 46 33 33 30 46 1252 228 68 160 1315 22109 3

2015-06-26 23-03-00 34 33 45 34 36 30 45 1291 215 67 160 1161 21993 3

2015-06-26 23-04-41 31 33 45 35 34 28 45 1198 189 65 156 1298 25249 3

2015-06-26 23-05-18 32 33 45 34 33 28 45 1201 189 64 158 1723 23228 2

2015-06-29 15-01-39 32 33 43 35 35 28 43 1199 190 64 158 1709 22696 2

2015-06-29 16-17-30 32 30 40 34 33 29 40 1198 178 60 155 1045 19061 2

2015-06-29 16-29-46 29 30 43 31 29 27 43 1157 185 53 154 840 25670 2

2015-06-29 17-08-49 29 29 43 31 29 27 43 1163 204 54 157 942 25608 2

2015-06-29 18-57-25 32 33 43 32 31 27 43 994 198 57 158 1654 23034 3

2015-06-30 14-20-41 30 31 43 32 30 27 43 989 198 57 159 1245 23619 3

2015-06-30 14-59-31 30 30 44 32 29 27 44 982 207 61 159 1215 25044 3

2015-06-30 17-33-39 30 30 43 31 30 27 43 932 183 55 156 1444 19643 2

2015-06-30 18-40-26 30 30 44 32 31 28 44 954 180 60 160 2646 16448 2

2015-06-30 19-23-17 30 30 44 34 31 28 44 951 182 58 155 975 16381 2

2015-07-02 11-02-35 30 31 43 32 30 28 43 991 173 58 155 1079 16171 2

2015-07-02 14-40-09 30 31 44 33 31 28 44 982 168 60 156 1396 16634 2

2015-07-02 18-39-42 33 32 49 32 29 30 49 1026 208 56 156 1044 18587 3

2015-07-02 18-48-59 34 31 49 32 29 30 49 1047 191 55 158 935 16319 3

2015-07-06 10-50-32 34 31 50 33 29 30 50 1053 192 57 153 1041 17467 3

2015-07-06 11-47-21 32 32 52 32 30 29 52 1205 210 60 158 1108 19648 3

2015-07-06 15-16-16 33 33 51 34 29 28 51 1162 220 62 162 1176 19996 3

2015-07-06 17-48-29 32 31 51 33 30 28 51 1247 222 62 164 775 13895 3

2015-07-06 18-41-52 31 30 50 33 29 27 50 1238 206 61 159 1233 16276 3

2015-07-07 18-42-03 32 31 51 34 30 27 51 1229 208 65 159 1149 17259 3

2015-07-07 19-50-10 32 31 50 33 29 27 50 1249 224 64 161 750 15714 3

2015-08-19 17-43-58 47 49 72 51 51 44 72 7636 666 296 273 1873 37376 6

2015-08-19 18-14-01 47 48 73 49 49 44 73 8031 703 292 294 1612 39277 7

2015-08-21 13-54-55 48 49 73 52 50 44 73 8201 725 287 270 1556 39730 6

2015-08-21 15-12-03 48 49 72 50 50 44 72 7254 729 307 277 1649 39312 6

2015-08-21 18-50-17 48 48 72 52 51 46 72 7303 695 288 264 1615 43098 6

2015-08-24 10-34-05 48 49 73 52 49 47 73 7890 740 303 269 1529 40563 6

2015-08-24 15-13-45 50 52 73 53 52 45 73 7844 756 316 285 1721 41505 6

2015-08-24 16-11-34 47 50 72 53 49 45 72 7919 779 316 265 1675 42085 6

2015-08-25 09-35-03 43 46 66 50 48 42 66 8430 846 241 297 1944 36591 7

2015-08-26 16-01-27 45 45 66 51 49 42 66 8521 727 229 278 2124 36789 6

2015-08-26 17-28-56 44 44 66 50 49 44 66 8675 928 260 285 1682 36793 6

2015-09-02 13-57-24 45 46 67 49 48 43 67 8729 922 256 282 1960 36682 6

2015-09-02 17-37-27 43 45 67 48 48 42 67 8705 840 238 284 1503 38355 6

2015-09-03 13-35-00 45 44 69 50 49 43 69 9457 955 252 305 1792 40119 6

2015-09-03 17-20-02 42 45 66 50 49 43 66 9331 887 259 284 1770 36202 6

2015-09-09 18-04-01 43 44 65 48 48 43 65 9189 885 239 287 2004 32295 5

2015-09-10 11-19-39 43 43 69 48 48 43 69 9555 977 247 301 1184 34208 6

2015-09-10 16-45-56 46 44 65 49 49 41 65 9453 981 240 289 1964 33164 6

2015-09-11 12-00-21 44 44 68 50 49 41 68 8858 929 239 289 1583 37266 6

2015-09-11 12-22-47 44 44 67 49 48 43 67 8896 841 245 290 1647 35385 6

2015-09-14 11-45-27 46 47 67 51 49 43 67 9759 958 288 287 1405 43311 6

2015-09-14 19-08-31 49 46 67 50 49 43 67 11926 899 294 309 1824 41758 6

2015-09-16 12-28-33 48 47 68 51 49 42 68 12142 939 288 301 1625 40701 6

2015-09-16 13-53-00 44 46 69 50 48 42 69 13210 917 302 310 1439 39679 7

2015-09-17 11-23-35 46 47 67 51 50 44 67 13509 1115 338 321 1679 39473 6

2015-09-24 11-18-47 47 48 66 52 51 44 66 13440 1115 331 311 2199 41099 6

2015-09-24 21-52-21 46 46 66 50 50 44 66 12915 1042 300 318 1782 42041 6

2015-09-25 09-02-06 46 46 65 49 48 41 65 11969 1021 313 324 1835 39245 6

2015-09-25 09-22-21 44 45 70 50 49 45 70 12028 1056 320 376 1637 38292 7

2015-09-28 17-02-04 45 46 69 51 49 44 69 13148 1075 330 335 1691 40546 7

2015-09-28 17-45-11 45 45 67 51 50 44 67 12523 1086 315 340 2032 41886 7

2015-09-30 20-13-26 45 46 68 49 51 44 68 12995 1117 338 338 1696 41772 6

2015-09-30 20-58-45 48 46 70 50 50 44 70 13459 1052 324 335 1888 41766 7

2015-10-05 16-26-18 45 46 67 51 50 45 67 14346 1051 335 322 1691 40751 6

2015-10-05 16-40-53 48 46 68 49 51 45 68 14341 1100 325 311 2211 41597 8

2015-10-05 17-35-00 48 45 70 50 49 42 70 15013 1050 306 475 2261 33701 7

2015-10-05 18-01-56 45 49 70 49 49 43 70 15678 1155 334 506 1557 37947 7

2015-10-08 18-29-01 47 46 66 50 51 43 66 16544 1173 338 496 2114 38217 6

2015-10-13 15-57-54 47 46 68 50 50 45 68 18027 1416 372 524 2216 42522 7

2015-10-14 15-02-52 48 45 68 51 50 43 68 17955 1484 403 545 1981 46307 7

2015-10-16 18-21-30 47 47 71 51 50 44 71 19327 1362 379 533 2093 48349 8

2015-10-20 16-33-58 47 47 68 50 50 44 68 20186 1322 343 506 1954 53270 7

2015-10-20 16-47-45 47 46 69 54 49 44 69 18859 1393 347 527 2011 39015 7

2015-10-20 17-46-20 48 44 69 51 51 46 69 18971 1302 374 510 2051 39963 7

2015-10-28 13-57-25 48 45 69 49 51 44 69 19018 1308 374 533 2348 38102 8

2015-10-29 11-22-17 47 45 70 49 49 42 70 18550 1409 393 532 2238 35719 8

2015-10-30 11-17-13 48 46 67 51 49 42 67 17836 1301 359 525 1874 35165 7

2015-10-30 18-14-23 47 46 68 48 49 43 68 19494 1322 394 537 2280 34967 7

2015-11-03 18-43-35 45 45 69 48 50 43 69 18924 1323 384 517 2425 34815 7

2015-11-04 13-35-55 47 46 69 47 49 41 69 18163 1330 380 504 2461 35441 7

2015-11-04 18-14-40 45 46 70 47 51 44 70 17950 1328 394 506 2234 37928 7

2015-11-05 17-26-37 47 44 70 47 50 43 70 17340 1304 387 517 2560 35528 8

2015-11-06 15-00-32 44 43 70 46 47 41 70 19934 1312 366 499 2053 36694 8

2015-11-06 15-06-34 43 41 69 45 48 41 69 19867 1382 364 495 1823 36784 7

2015-11-06 15-06-40 44 42 67 45 48 44 67 17706 1424 375 530 2485 40174 7

2015-11-09 19-00-12 44 43 69 47 46 44 69 18505 1419 398 515 2153 40630 8

2015-11-10 18-45-06 43 43 69 46 48 44 69 22135 1347 394 519 2063 39395 7

2015-11-17 11-53-12 46 42 65 49 50 44 65 21690 1385 389 510 2513 40097 7

2015-11-18 16-36-18 44 44 65 47 47 44 65 22288 1619 409 524 1803 38655 7

2015-11-18 16-37-15 45 44 68 46 48 41 68 22470 1437 372 527 1906 40692 7

2015-11-18 16-37-18 44 42 68 49 49 43 68 20923 1377 406 580 2164 46356 7

2015-11-23 13-53-49 44 42 69 48 50 43 69 20690 1424 437 537 2461 43805 7

2015-11-23 14-58-51 43 42 67 46 50 43 67 19756 1469 392 596 2515 42016 7

2015-11-23 15-29-58 41 44 67 45 48 43 67 20621 1415 380 540 2522 41253 7

2015-11-25 17-57-13 43 42 68 47 46 42 68 19847 1488 443 535 2136 41044 7

2015-11-27 14-29-46 44 42 66 46 48 41 66 19685 1410 402 540 2525 38306 7

2015-12-01 13-54-06 43 42 67 48 48 42 67 22192 1424 405 530 2225 38287 7

2015-12-10 16-11-17 43 41 68 44 49 42 68 22587 1416 397 515 2440 39283 8

2015-12-10 18-26-08 44 43 68 46 48 42 68 22902 1450 395 525 2206 39944 8

2015-12-17 17-14-39 45 0 70 47 49 42 70 22212 0 540 608 2481 38276 9

2015-12-28 13-48-28 44 41 68 48 48 45 68 24731 1600 489 540 2309 50946 8

2015-12-29 18-23-15 44 43 69 45 49 43 69 25016 1569 449 533 2329 39662 8

2016-01-13 16-07-39 43 44 69 46 50 44 69 26071 1553 408 545 2575 43296 8

2016-01-20 14-15-01 44 42 69 46 48 44 69 25542 1529 405 533 2450 39888 8

2016-01-21 11-24-25 44 42 70 45 48 42 70 26469 1611 409 543 2236 42404 8

2016-01-25 16-16-52 43 42 68 46 47 42 68 28761 1583 421 546 1994 41522 8

2016-01-29 14-02-27 46 43 67 47 48 42 67 29117 1723 447 536 1976 44950 8
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Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2016-02-03 09-59-17 46 44 72 46 46 42 72 33291 1611 431 552 2163 43697 9

2016-02-03 11-32-49 45 44 72 47 47 42 72 32892 1650 420 539 1689 45066 9

2016-02-03 11-33-53 45 44 68 45 47 43 68 33698 1674 453 552 2343 43106 8

2016-02-12 17-39-52 48 42 67 48 49 43 67 29437 1759 473 559 2271 44012 8

2016-02-12 18-59-37 48 42 68 46 48 43 68 29626 1728 473 559 2147 38947 8

2016-02-17 15-42-32 46 43 68 48 46 43 68 26156 1722 464 546 1845 39665 8

2016-02-17 16-43-25 54 52 75 55 56 51 75 30667 1796 485 566 2311 47215 10

2016-02-19 19-05-41 55 51 71 57 57 51 71 29977 1803 478 581 2353 45935 9

2016-02-19 20-56-47 54 51 72 55 56 51 72 30708 1842 486 577 1846 46207 8

2016-02-23 14-28-02 55 51 72 56 56 53 72 34577 1881 508 569 2222 48523 9

2016-02-23 15-54-03 55 53 74 56 57 49 74 28876 1853 505 576 2355 49516 9

2016-02-24 15-26-54 55 52 72 55 56 49 72 27547 1877 502 579 2770 49844 8

2016-03-01 10-32-30 57 53 72 55 58 53 72 34677 2092 516 594 2753 52687 9

2016-03-07 18-19-52 57 51 74 56 58 50 74 34879 1869 524 612 2317 53272 9

2016-03-08 14-08-57 56 52 73 57 60 51 73 40243 2011 539 589 2502 59088 9

2016-03-12 12-42-43 56 52 74 59 58 51 74 39271 1931 526 575 2784 56618 9

2016-03-16 09-14-47 57 51 76 59 57 51 76 32609 2162 552 603 2305 57789 10

2016-03-24 11-34-06 58 50 74 57 58 52 74 37063 2196 554 613 2529 58418 9

2016-03-28 15-54-39 58 52 74 57 59 50 74 45171 2439 688 654 2052 64560 10

2016-03-30 14-31-18 54 52 74 59 58 50 74 42702 2437 722 637 2003 64554 9

2016-03-31 18-28-39 56 52 74 58 60 50 74 41671 2306 675 641 2260 63552 10

2016-04-01 16-25-58 54 53 74 57 59 55 74 41540 2331 616 631 2319 69536 10

2016-04-04 17-06-14 54 53 73 57 60 53 73 41855 2352 684 636 2207 62160 9

2016-04-07 13-31-03 59 60 81 65 63 56 81 46090 2518 814 671 2259 142894 11

2016-04-08 16-08-18 61 59 78 64 63 56 78 48309 2688 851 713 2217 177816 11

2016-04-13 17-22-19 62 59 80 62 65 58 80 41329 2622 828 671 2171 157288 11

2016-04-19 18-34-18 61 59 80 65 65 58 80 40792 2647 792 717 2449 146420 11

2016-04-25 12-06-04 61 59 78 63 65 58 78 42039 2723 764 694 2139 148975 11

2016-04-26 15-48-10 63 59 74 63 63 58 74 44594 2853 751 679 2408 149264 10

2016-04-26 18-40-41 63 61 80 64 63 59 80 42624 2703 790 698 2206 145164 12

2016-04-26 19-24-05 63 59 78 64 64 59 78 46608 2669 842 681 2216 140324 11

2016-05-03 17-52-25 63 60 77 59 67 56 77 48218 2664 765 708 2716 148298 11

2016-05-03 18-52-10 60 60 82 63 63 56 82 47458 2884 905 747 2598 161245 13

2016-05-03 18-52-16 62 59 81 62 64 58 81 48039 2698 917 713 2587 157141 11

2016-05-04 14-10-08 61 58 78 64 62 56 78 46479 2722 813 734 2196 130767 11

2016-05-05 17-19-28 61 59 81 62 65 56 81 51326 2785 836 704 2611 129846 12

2016-05-05 23-28-36 64 59 79 62 63 55 79 53526 3070 852 725 2141 125566 12

2016-05-06 11-38-59 63 59 79 62 63 58 79 56077 2742 768 678 2269 153858 11

2016-05-09 16-14-40 61 59 79 61 65 56 79 54499 2664 856 692 2955 126075 13

2016-05-09 16-15-26 61 60 76 62 65 56 76 49745 2731 858 684 2495 127808 10

2016-05-10 15-10-10 63 60 79 63 65 55 79 52069 2858 808 722 2830 123716 11

2016-05-10 16-53-29 60 57 81 63 64 58 81 51962 2937 852 698 2719 131294 11

2016-05-11 18-21-25 63 56 80 62 63 58 80 60533 3093 862 706 2506 134639 11

2016-05-13 09-54-58 64 57 81 64 65 59 81 58442 3209 901 737 2600 137769 12

2016-05-13 17-01-39 62 57 77 64 62 59 77 58144 3153 881 727 2184 139658 11

2016-05-18 13-36-31 59 58 79 63 64 60 79 53864 3117 911 739 2600 162590 11

2016-05-23 14-22-27 59 58 81 63 62 64 81 55221 3219 908 708 2030 174786 12

2016-05-25 19-04-11 62 60 80 63 65 61 80 53555 3245 945 724 2510 158849 12

2016-06-02 14-58-43 61 58 81 61 63 61 81 53492 3077 976 730 2524 153882 11

2016-06-06 14-30-24 63 58 81 62 63 60 81 53898 3172 1014 745 2689 152052 12

2016-06-07 14-12-02 62 59 78 62 64 61 78 59949 3263 908 731 2530 154974 11

2016-06-07 14-19-55 61 59 82 61 64 59 82 69933 3296 888 741 2553 154814 13

2016-06-13 14-56-51 61 58 80 62 64 60 80 59679 3196 880 722 2646 145492 11

2016-06-13 17-39-38 59 57 80 60 63 60 80 61434 3255 874 730 2151 145652 11

2016-06-14 11-06-45 62 59 80 64 63 58 80 61116 3339 906 722 2439 144514 12

2016-06-17 16-06-07 62 59 80 62 63 58 80 56767 3409 931 747 2493 146390 13

2016-06-27 14-59-46 62 60 82 61 63 60 82 72515 3473 1005 747 2523 157944 12

2016-06-27 15-09-30 60 59 80 62 64 59 80 75431 3425 1067 742 2782 165404 12

2016-06-28 13-27-17 60 58 81 63 62 59 81 85323 3723 1035 772 2184 171640 12

2016-06-28 15-45-15 61 58 81 61 63 59 81 87330 3633 1031 811 2877 173756 12

2016-06-28 17-43-56 60 56 80 65 64 59 80 92178 3517 962 778 2967 173973 12

2016-07-01 15-00-13 61 57 83 61 63 60 83 90853 3364 1030 744 2570 163884 12

2016-07-19 18-32-56 62 57 83 63 63 60 83 92479 4129 1000 787 2565 172334 13

2016-07-22 09-19-36 59 58 82 60 65 60 82 88517 3601 998 756 2625 196063 13

2016-08-16 16-45-48 58 59 79 63 62 58 79 89698 3742 1087 755 2555 164038 11

2016-10-31 22-17-41 59 56 80 61 63 61 80 80759 3714 942 755 3594 180007 12

2016-11-01 10-03-33 60 58 79 61 64 61 79 89961 3591 991 762 3056 166581 11

2016-11-04 20-52-57 59 59 80 62 65 62 80 89460 3775 1019 801 3110 166716 12

2016-11-22 03-38-15 59 60 82 61 63 63 82 78425 3822 1007 782 2454 163700 12

2017-03-01 15-25-44 59 61 82 63 65 62 82 85315 3921 1154 773 3111 170197 12

2017-03-09 21-02-40 60 61 83 64 66 62 83 87791 3762 1106 770 2868 177316 13

A.1.6 uClibc-ng

Table A.6: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-06-05 13-46-47 512 509 772 512 508 [] 772 43107 15642 23243 1846 29931 [] 195

2008-06-07 15-19-18 513 509 773 512 509 [] 773 41311 14202 22135 1386 33251 [] 163

2008-06-27 09-08-44 513 512 786 509 510 [] 786 43833 16276 24625 1540 36561 [] 182

2008-07-08 02-41-21 511 511 781 509 509 [] 781 39312 13827 22362 1470 33503 [] 164

2008-08-27 14-59-15 511 511 775 508 508 [] 775 40889 13679 21179 1356 34047 [] 165

2008-09-09 12-58-57 511 510 774 510 508 [] 774 38872 13582 21998 1434 31402 [] 159

2008-09-15 10-24-22 509 513 776 510 507 [] 776 39403 14477 23147 1380 38007 [] 160

2008-09-25 09-03-14 510 510 775 510 507 [] 775 40116 14587 23104 1429 41304 [] 162

2008-09-25 12-51-24 509 511 769 510 508 [] 769 40292 14263 21471 1313 36470 [] 154

2008-10-06 08-55-23 521 518 789 517 516 [] 789 40167 15206 22763 1292 32703 [] 149

2008-10-06 09-15-39 520 517 787 515 516 [] 787 39487 14812 22386 1303 33662 [] 157

2008-10-06 09-16-43 519 517 794 516 515 [] 794 39881 15193 22343 1288 75316 [] 155

2008-10-14 15-16-20 517 519 789 516 515 [] 789 39808 14965 22177 1318 56548 [] 152

2008-10-17 14-05-53 517 517 798 519 515 [] 798 40445 15170 23049 1355 42679 [] 170

2008-10-27 14-15-26 518 517 792 519 517 [] 792 40644 14799 23201 1273 40295 [] 156

2008-10-27 22-02-54 518 517 791 520 515 [] 791 40476 14889 21909 1280 41657 [] 160

2008-10-30 08-05-36 517 516 800 520 517 [] 800 41432 15036 23149 1281 36635 [] 154

2008-11-11 11-05-57 516 516 797 520 515 [] 797 40907 15569 23208 1350 39158 [] 160

2008-11-14 00-35-40 515 516 794 515 516 [] 794 43083 15360 22012 1405 42171 [] 168

2008-12-22 19-16-14 515 516 797 516 515 [] 797 42827 15432 22049 1368 39755 [] 168

2008-12-22 20-18-56 515 516 794 516 516 [] 794 43186 15414 22038 1369 39894 [] 158

2008-12-29 13-55-44 515 515 795 515 515 [] 795 42457 15272 23214 1347 33016 [] 162

2008-12-31 00-31-38 518 516 802 517 516 [] 802 42351 15316 23117 1332 29951 [] 163

2009-02-05 07-50-54 515 518 800 520 520 [] 800 43313 15891 21621 1385 24348 [] 160

2009-02-18 19-47-35 516 516 792 517 520 [] 792 43199 16040 21252 1366 27286 [] 156

2009-02-20 14-37-43 518 521 810 518 519 [] 810 43600 15704 22859 1410 21798 [] 161

2009-02-24 07-20-53 519 517 807 517 514 [] 807 43659 15595 22455 1399 30227 [] 158

2009-02-24 18-42-38 519 520 805 517 518 [] 805 43611 16051 23045 1405 22240 [] 160

2009-03-14 11-30-56 518 519 810 520 519 [] 810 43812 16453 22082 1406 23393 [] 157

2009-08-01 01-40-34 518 517 821 518 517 [] 821 43133 15853 23497 1360 23723 [] 160

2009-09-14 16-00-24 518 519 810 518 517 [] 810 43386 16019 22893 1341 26945 [] 162

2009-09-16 10-00-56 519 519 814 518 516 [] 814 43627 15890 23566 1372 28743 [] 167

2009-09-17 09-29-59 519 519 809 516 516 [] 809 43765 15975 22702 1396 26738 [] 161

2009-09-26 09-37-45 519 518 814 515 516 [] 814 43200 16192 23243 1369 26692 [] 165

2009-10-08 16-56-33 518 518 819 516 516 [] 819 45544 16202 22953 1407 27226 [] 164

2009-10-17 14-45-31 516 518 810 517 515 [] 810 43552 17196 23738 1490 30026 [] 169

2009-10-28 20-12-54 517 521 834 520 522 [] 834 48319 17847 24175 1437 29922 [] 176

2009-10-28 20-49-18 518 519 831 519 523 [] 831 48115 17963 24215 1412 30779 [] 171

2009-10-28 20-56-34 518 520 827 519 520 [] 827 48305 17734 22949 1412 30280 [] 173

2009-11-09 15-35-16 518 519 827 517 523 [] 827 47254 17424 23825 1382 27473 [] 171

2009-11-09 15-35-26 517 520 819 520 523 [] 819 47658 17285 23227 1437 28543 [] 179

2009-11-09 15-37-37 517 521 825 519 523 [] 825 47473 17913 23455 1479 29875 [] 180

2009-11-19 17-57-37 517 520 836 519 522 [] 836 47385 17829 23342 1420 30404 [] 173

2009-11-19 18-03-00 519 521 824 520 520 [] 824 47735 18029 21699 1401 27494 [] 177

2009-11-19 18-21-10 519 519 828 517 523 [] 828 48017 17591 21152 1495 23772 [] 181

2009-11-19 18-23-41 517 519 830 515 520 [] 830 49094 18829 22815 1557 27656 [] 182

2009-11-19 18-57-32 520 521 828 519 522 [] 828 50767 17817 23098 1456 28405 [] 176

2009-11-19 22-36-07 520 521 839 515 524 [] 839 49252 17744 20804 1429 22773 [] 178

2009-11-22 03-17-46 520 521 843 517 523 [] 843 48153 18489 21646 1459 20479 [] 176

2009-11-22 23-54-40 520 520 831 519 521 [] 831 49843 19035 21857 1614 28260 [] 176

2010-02-16 15-11-07 520 520 832 517 522 [] 832 50939 18522 21133 1554 29286 [] 183

2010-03-12 14-47-15 520 522 821 520 524 [] 821 47122 16860 21096 1476 29002 [] 184

2010-03-12 17-06-35 520 520 827 517 521 [] 827 46707 17317 22022 1535 24305 [] 183

2010-03-13 00-31-36 520 519 825 518 520 [] 825 47888 17559 21444 1465 26278 [] 174

2010-04-02 09-19-24 521 521 833 519 520 [] 833 49689 18791 21843 1500 26603 [] 179

2010-04-02 10-29-00 520 522 833 517 523 [] 833 49335 18791 21253 1461 31481 [] 174

2010-04-12 16-38-37 521 521 837 518 521 [] 837 49407 18167 21893 1493 28296 [] 176

2010-04-14 15-34-22 519 518 815 519 522 [] 815 47583 17265 19732 1439 26881 [] 170

2010-04-29 17-17-18 520 521 833 518 524 [] 833 50309 19216 20340 1501 28306 [] 177

Continued on next page

https://doi.org/10.24355/dbbs.084-202201210857-0



A.1. Product Sampling Data for Pairwise Sampling 107

Table A.6 – continued from previous page

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2010-06-13 10-57-58 521 522 826 518 523 [] 826 50368 19791 19913 1541 28005 [] 187

2010-09-14 14-36-00 521 522 840 520 527 [] 840 52321 19324 21089 1519 23966 [] 180

2010-09-15 12-31-22 521 522 832 521 524 [] 832 52441 18376 20983 1548 24962 [] 171

2010-09-17 13-06-58 521 522 829 519 527 [] 829 52420 19119 22842 1616 23363 [] 212

2010-09-17 16-13-17 522 522 839 519 524 [] 839 53171 19679 22440 1841 23727 [] 202

2010-11-10 19-44-37 522 522 833 520 522 [] 833 54184 18742 21880 1534 22104 [] 200

2010-11-24 23-02-11 519 521 829 518 524 [] 829 50768 18933 20997 1612 24504 [] 192

2011-02-24 08-24-43 522 524 814 521 527 [] 814 54472 20047 23993 2048 32083 [] 195

2011-03-03 18-22-47 522 521 828 519 525 [] 828 52615 18063 22499 1579 31952 [] 185

2011-03-03 18-22-50 522 523 817 521 525 [] 817 52513 18341 22306 1597 28050 [] 183

2011-03-05 18-10-15 540 542 857 543 548 [] 857 60465 21066 28506 1678 30798 [] 218

2011-04-20 12-50-38 542 545 858 542 544 [] 858 57713 21539 26664 1699 29083 [] 195

2011-04-26 14-12-55 540 544 850 539 547 [] 850 57204 22258 29305 1688 32890 [] 199

2011-05-11 13-12-14 540 542 861 539 546 [] 861 56858 20115 27115 1606 29523 [] 220

2011-05-12 10-37-36 540 542 850 540 544 [] 850 56951 20647 25224 1557 28818 [] 193

2011-07-25 09-09-03 423 421 662 429 434 [] 662 36770 11352 9777 1569 21128 [] 199

2011-08-26 09-29-52 423 422 670 423 431 [] 670 40597 11941 9064 1218 23304 [] 132

2011-09-12 17-30-34 424 422 662 424 431 [] 662 36815 11282 9554 1301 22545 [] 123

2011-10-14 14-11-01 423 423 664 423 433 [] 664 37488 12268 10407 1338 23413 [] 131

2011-10-25 12-28-51 426 425 660 428 431 [] 660 36122 11208 9983 1303 28738 [] 123

2011-10-27 12-48-31 425 426 670 427 431 [] 670 39495 11288 10367 1324 28235 [] 131

2011-11-02 16-49-04 425 424 664 425 426 [] 664 37280 12306 10114 1265 20832 [] 125

2011-11-04 10-23-06 424 423 662 427 426 [] 662 36682 11675 9884 1334 19490 [] 128

2011-11-20 02-47-50 426 426 665 426 428 [] 665 36035 10909 10519 1250 21820 [] 138

2011-12-22 13-59-24 424 423 670 423 430 [] 670 40275 11538 10192 1298 20352 [] 129

2011-12-22 14-07-08 425 423 666 427 433 [] 666 39067 12033 9205 1359 21237 [] 130

2012-01-02 03-02-53 425 423 677 429 432 [] 677 39021 12102 9958 1324 22771 [] 129

2012-01-26 15-26-47 425 423 671 427 429 [] 671 38801 12214 9706 1451 22928 [] 136

2012-01-29 15-09-34 426 425 670 430 431 [] 670 39982 12852 10397 1409 21505 [] 130

2012-04-18 00-09-02 424 423 670 428 431 [] 670 40153 12041 10351 1333 20819 [] 127

2012-05-03 13-27-17 424 423 667 429 432 [] 667 40089 12066 10320 1359 23638 [] 128

2012-05-21 22-20-04 425 423 678 429 431 [] 678 39707 12356 10374 1315 21446 [] 128

2012-06-15 14-00-31 425 424 671 428 429 [] 671 38983 11833 9981 1374 21281 [] 140

2012-06-15 14-00-36 425 423 668 428 430 [] 668 38313 13089 9633 1372 23542 [] 132

2012-06-15 14-00-37 425 424 668 428 430 [] 668 37531 12329 9861 1214 21576 [] 127

2012-06-15 14-00-44 425 423 682 426 427 [] 682 39414 11566 9669 1325 21423 [] 139

2013-01-10 10-56-19 424 423 674 426 432 [] 674 40023 12921 10376 1372 22102 [] 135

2013-01-10 11-04-56 422 425 678 424 434 [] 678 41852 12232 9842 1348 25943 [] 140

2013-01-16 13-58-54 423 423 668 427 435 [] 668 41660 12359 9938 1393 20214 [] 133

2013-02-20 13-45-10 423 424 673 424 436 [] 673 43228 12469 9696 1339 18836 [] 130

2013-03-14 22-27-19 423 424 684 422 436 [] 684 40303 12713 9651 1403 19909 [] 138

2013-03-14 22-45-15 438 437 700 441 444 [] 700 43950 14175 11006 1416 22552 [] 136

2013-04-04 00-25-06 439 439 708 438 446 [] 708 43670 14187 12279 1509 22912 [] 143

2013-05-19 01-09-07 349 348 543 351 353 [] 543 29612 8243 4564 1006 16051 [] 91

2013-06-14 10-43-41 349 347 543 348 352 [] 543 28805 8399 5308 1234 19419 [] 93

2013-08-02 14-04-17 347 347 542 350 354 [] 542 28379 7722 4416 1132 17574 [] 90

2013-11-06 22-21-59 349 349 549 348 356 [] 549 28541 8534 4397 1082 15943 [] 92

2013-12-20 14-38-23 353 354 555 356 365 [] 555 30716 8334 4833 1180 18745 [] 100

2014-09-09 13-48-45 345 346 540 350 352 [] 540 29864 8072 4482 1048 16030 [] 93

2014-11-10 10-08-17 344 345 540 348 355 [] 540 29756 8070 4445 1142 15387 [] 93

2014-12-12 14-43-55 343 345 543 348 355 [] 543 29797 8080 4564 1122 15959 [] 103

2014-12-12 16-18-12 349 348 536 348 352 [] 536 29420 7851 4625 1108 15003 [] 94

2015-02-20 11-30-20 361 362 566 365 372 [] 566 33537 9342 5731 1185 19095 [] 102

2015-02-20 15-41-13 364 365 566 368 371 [] 566 34044 9530 5789 1216 23869 [] 103

2015-03-22 14-49-27 364 365 569 365 371 [] 569 33832 9833 5920 1199 21689 [] 104

2015-03-24 00-11-21 364 364 566 364 368 [] 566 34289 9937 5969 1174 24033 [] 106

2015-03-25 23-59-45 365 367 563 364 371 [] 563 34662 10242 5546 1160 18231 [] 98

2015-03-26 00-50-17 365 363 568 361 368 [] 568 34474 10167 5861 1206 25123 [] 105

2015-10-09 05-34-32 40 38 61 42 40 [] 61 8563 658 150 256 811 [] 5

2015-10-12 16-36-26 40 38 59 42 40 [] 59 8285 637 157 257 1057 [] 5

2015-10-16 19-27-26 41 40 61 43 42 [] 61 8250 663 148 253 1189 [] 4

2015-10-19 01-37-11 42 40 61 43 41 [] 61 7992 649 148 261 815 [] 5

2015-10-22 03-52-27 41 40 61 43 40 [] 61 8355 613 186 259 1048 [] 5

2015-11-03 18-39-11 40 40 60 43 41 [] 60 8802 657 158 254 895 [] 5

2015-12-05 21-00-06 40 38 61 43 41 [] 61 8290 643 146 260 888 [] 5

2015-12-05 21-10-30 40 39 60 43 40 [] 60 8244 687 143 251 714 [] 5

2015-12-05 21-12-19 40 39 62 43 41 [] 62 8480 632 144 248 920 [] 5

2015-12-05 21-16-11 40 39 62 44 41 [] 62 8247 632 147 247 1047 [] 5

2015-12-09 07-53-09 40 38 61 42 40 [] 61 8268 695 145 263 1035 [] 6

2016-01-01 19-48-17 43 42 59 42 41 [] 59 7879 715 139 279 1039 [] 5

2016-01-02 16-57-03 43 41 63 42 41 [] 63 7197 728 145 248 929 [] 5

2016-01-03 19-22-22 36 36 58 40 38 [] 58 7543 541 137 295 930 [] 6

2016-01-06 23-54-29 36 36 59 39 37 [] 59 7994 569 133 255 909 [] 4

2016-01-25 23-53-18 38 37 59 38 37 [] 59 7280 605 135 246 749 [] 4

2016-03-26 23-33-28 305 302 461 304 306 [] 461 21845 6158 3201 1066 18712 [] 80

2016-05-18 18-41-24 305 306 460 306 306 [] 460 20838 5927 2908 1032 17691 [] 80

2016-06-01 19-59-03 299 301 453 304 306 [] 453 21608 5773 2991 1012 17359 [] 75

2016-06-07 04-14-23 301 303 456 303 305 [] 456 21303 5922 2848 1008 17218 [] 76

2016-06-19 17-52-51 303 305 461 305 306 [] 461 21962 5964 2991 1008 16667 [] 77

2016-06-30 03-24-42 313 316 482 320 322 [] 482 23855 6397 3599 1034 16816 [] 82

2016-08-27 19-23-20 313 315 480 322 322 [] 480 25333 6605 3768 1059 18648 [] 83

2016-09-26 20-23-29 313 315 478 321 320 [] 478 25462 6592 3635 1015 19289 [] 79

2016-09-30 08-12-27 313 315 485 319 322 [] 485 25246 6706 3735 1013 18625 [] 85

2016-09-30 18-43-55 316 313 482 319 319 [] 482 24394 6696 3794 1098 17264 [] 86

2016-10-16 23-31-56 317 314 482 320 319 [] 482 24770 6560 4008 1006 16375 [] 82

2016-11-03 20-37-48 317 314 480 322 322 [] 480 24565 6882 3828 1037 17002 [] 86

2016-11-04 00-03-07 317 315 481 322 320 [] 481 25353 6584 3752 1088 16355 [] 88

2016-11-27 16-35-32 314 313 482 318 322 [] 482 24629 6667 3865 1030 15782 [] 81

2016-11-27 22-32-11 312 314 480 322 322 [] 480 24988 6864 4018 1077 17564 [] 83

2016-11-29 08-38-20 314 315 474 323 324 [] 474 24444 6776 4041 997 16141 [] 85

2016-12-14 07-56-05 313 314 478 322 323 [] 478 24483 6998 4155 1014 17192 [] 81

2016-12-20 19-57-05 314 315 480 319 327 [] 480 23940 6598 3949 1061 14867 [] 125

2016-12-20 20-51-59 313 313 480 321 321 [] 480 25208 7280 3862 1020 16821 [] 80

2016-12-21 18-50-24 314 312 479 319 321 [] 479 25174 6390 3898 1011 18465 [] 89

2016-12-23 07-53-31 314 315 483 322 320 [] 483 24733 7014 4075 1046 13232 [] 84

2016-12-29 13-38-09 317 317 482 319 321 [] 482 24656 6513 3778 1009 18299 [] 82

2016-12-31 06-13-53 315 316 487 324 321 [] 487 24770 6461 4013 1023 14928 [] 90

2017-01-22 10-06-29 315 317 479 320 324 [] 479 24874 7708 3937 1054 15893 [] 90

2017-01-24 05-14-44 313 315 482 321 323 [] 482 25259 6846 4216 1000 18139 [] 104

2017-02-01 17-48-38 335 335 512 340 344 [] 512 27811 7374 4930 1050 16750 [] 88

2017-03-20 18-10-36 336 336 516 338 344 [] 516 27351 7646 5429 1104 19478 [] 99

2017-04-17 17-51-12 337 336 512 338 340 [] 512 26229 7307 4628 1057 18784 [] 89

2017-05-14 10-29-09 337 336 517 339 340 [] 517 25669 7384 4640 1093 19219 [] 95

2017-06-23 23-46-04 344 343 530 346 347 [] 530 27638 7734 4951 1093 21061 [] 94

2017-08-20 12-53-17 345 343 529 347 345 [] 529 27821 7721 5046 1102 20046 [] 88

2017-11-19 09-20-11 365 364 559 368 369 [] 559 32122 9827 6217 1079 24509 [] 110

2017-12-31 11-12-07 348 348 535 351 353 [] 535 28816 8532 5945 1171 17826 [] 107

2018-01-02 03-07-47 350 350 545 353 355 [] 545 28920 8026 5011 1038 21485 [] 96

2018-01-31 18-44-51 347 349 537 354 352 [] 537 25818 7355 5146 1044 18250 [] 93

2018-03-12 20-11-14 357 357 542 358 362 [] 542 27930 7956 5481 1097 17382 [] 98

2018-04-17 18-15-58 360 357 546 360 362 [] 546 28069 7923 5924 1114 18004 [] 118

2018-06-10 06-35-18 364 365 559 366 374 [] 559 31941 9622 7150 1257 18240 [] 142

2018-08-10 16-02-45 365 366 558 366 368 [] 558 32542 9100 6270 1207 20422 [] 105

2019-11-01 00-39-10 364 365 553 370 366 [] 553 30041 8541 6316 1098 16269 [] 147

2019-11-08 03-03-43 365 364 554 368 367 [] 554 29500 9339 6435 1650 17462 [] 103

2020-09-21 13-39-06 361 360 551 366 368 [] 551 32940 9777 6726 1677 18371 [] 154

2020-10-02 19-10-36 367 368 558 371 375 [] 558 32934 9008 6606 1140 20240 [] 113

2020-12-24 11-54-53 367 367 567 374 376 [] 567 30267 8668 7089 1127 20310 [] 102

A.1.7 Fiasco
Table A.7: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-09-26 11-30-56 246 245 387 251 255 336 387 23083 7219 18686 964 6823 2787051 64

2018-02-09 09-07-43 240 245 388 252 255 [] 388 24902 8083 18562 925 7279 [] 63

2018-02-09 09-07-44 251 254 390 256 260 [] 390 26646 7376 18549 898 9212 [] 64

2018-02-09 09-07-45 189 189 278 190 193 [] 278 15141 4562 11711 819 4016 [] 49

2018-02-09 09-07-46 190 189 286 189 198 [] 286 16997 4977 12572 778 4102 [] 41

2018-02-09 09-07-48 189 185 287 194 202 [] 287 17132 5194 13897 824 4941 [] 40

2018-02-09 09-07-49 195 197 310 202 214 [] 310 19837 5924 14796 849 5291 [] 50

2018-02-09 09-07-50 196 195 310 204 209 [] 310 19460 5525 14085 863 5233 [] 45

2018-02-09 09-07-51 200 198 309 211 214 [] 309 19213 5477 15204 855 5677 [] 44

2018-02-09 09-07-52 209 208 322 210 220 [] 322 21731 6075 15145 830 9979 [] 47

2018-02-09 09-07-53 208 208 321 209 218 [] 321 20261 5747 14704 860 12109 [] 49

2018-02-19 10-18-21 209 205 324 210 219 [] 324 20538 6433 16836 882 8441 [] 54

2018-03-21 10-31-39 213 213 325 214 219 [] 325 23353 6238 15900 850 8709 [] 50
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Table A.7 – continued from previous page

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2018-04-20 15-56-20 212 212 321 212 218 [] 321 22099 6124 15541 842 4399 [] 50

2018-05-09 16-02-56 211 210 322 215 222 [] 322 24573 6589 16561 872 5511 [] 52

2018-08-20 14-36-18 208 206 316 208 217 [] 316 21518 6118 14361 841 4822 [] 51

2018-11-01 09-46-44 210 205 326 210 217 [] 326 23462 6321 15951 905 4668 [] 66

2018-11-19 10-41-18 206 207 325 212 214 [] 325 23692 6388 16408 842 4191 [] 63

2018-12-03 11-39-23 205 204 325 213 213 [] 325 24202 6790 17654 939 5078 [] 56

2018-12-14 09-41-08 204 204 327 215 220 [] 327 26377 6951 18440 977 6672 [] 62

2019-01-07 10-47-04 211 206 328 215 216 [] 328 25795 6488 19021 897 5398 [] 53

2019-01-11 10-36-57 211 208 327 216 216 [] 327 25034 6480 18857 837 4703 [] 50

2019-05-24 11-07-51 210 206 331 214 217 [] 331 24139 6121 18335 908 4612 [] 55

2019-11-05 15-47-28 210 206 336 219 218 [] 336 24907 6164 17988 879 5247 [] 58

2019-12-17 12-09-20 211 210 330 210 215 [] 330 24795 6216 18525 901 4687 [] 60

2020-03-31 11-32-10 213 208 330 212 214 [] 330 26310 6727 18549 932 5146 [] 65

2020-04-14 11-39-31 212 209 330 216 216 [] 330 30020 6949 19378 934 4915 [] 58

2020-05-19 11-29-13 212 211 337 217 220 [] 337 28062 6725 18554 925 5665 [] 55

2020-06-23 13-59-40 216 217 350 229 229 [] 350 29172 7452 21178 946 7153 [] 61

2020-10-13 11-46-16 220 219 344 226 224 [] 344 30416 7835 21675 939 5960 [] 63

2020-10-13 11-46-17 223 224 352 224 235 [] 352 32939 9082 24412 1042 5849 [] 66

2020-10-20 12-35-53 224 222 350 223 233 [] 350 33199 8087 23484 1054 4679 [] 69

2020-12-01 14-09-14 224 222 352 225 230 [] 352 34101 8241 23440 1042 5077 [] 65

A.1.8 Toybox

Table A.8: Sample sizes and calculation times

Sample Size Calculation Time

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2006-10-31 23-30-06 13 13 13 11 13 11 13 25 21 5 71 139 3018 0

2006-11-01 21-12-20 11 11 14 10 15 11 14 24 16 4 72 146 3171 0

2006-11-02 11-20-53 11 11 13 10 15 11 13 24 16 4 72 197 2797 0

2006-11-03 00-05-52 12 12 14 12 15 11 14 25 21 4 78 163 2897 0

2006-11-04 17-45-18 13 12 13 10 15 11 13 27 18 4 75 148 3049 0

2006-11-19 02-49-22 13 12 13 10 15 11 13 25 19 4 72 214 2867 0

2006-11-25 13-48-02 12 12 13 11 15 11 13 24 18 4 74 125 2832 0

2006-11-25 16-06-55 11 11 13 10 15 11 13 25 18 4 74 135 2847 0

2007-01-07 03-48-26 15 16 15 12 18 13 15 41 27 7 76 202 3932 0

2007-01-18 22-01-04 13 17 15 13 15 13 15 44 25 7 77 195 3750 0

2007-01-20 18-04-20 13 15 14 12 15 13 14 44 25 7 80 221 4024 0

2007-01-20 23-41-49 15 15 14 12 15 13 14 45 25 6 77 230 3716 0

2007-01-31 14-37-01 14 15 13 14 14 13 13 43 25 7 76 247 3844 0

2007-02-13 16-41-51 14 15 13 13 13 13 13 42 24 6 75 328 3590 0

2007-04-23 15-45-55 14 15 13 13 18 13 13 43 25 6 78 201 4269 0

2007-04-29 19-55-21 14 16 14 13 18 13 14 43 25 6 77 179 3898 0

2007-04-30 00-08-48 14 13 14 13 17 13 14 42 25 6 79 384 3708 0

2007-05-17 02-38-27 13 13 13 13 15 13 13 45 23 7 79 265 3863 0

2007-06-18 00-44-53 14 17 14 13 14 13 14 48 26 7 76 242 4481 0

2007-06-18 01-00-32 14 14 14 12 14 18 14 50 27 8 78 270 5085 0

2007-08-29 08-10-01 16 15 17 13 14 15 17 71 28 10 82 275 5102 0

2007-09-05 21-23-56 14 15 15 13 17 18 15 87 28 10 84 543 7100 0

2007-10-11 15-36-36 14 15 15 13 17 18 15 85 31 10 85 458 8346 0

2007-10-31 01-13-36 14 15 14 13 16 18 14 83 31 10 81 303 8447 0

2007-11-07 00-11-20 14 14 14 14 16 18 14 82 31 10 81 432 7887 0

2007-11-10 09-10-51 14 14 14 13 16 18 14 83 29 9 82 357 7062 0

2007-11-10 10-03-01 14 14 14 13 16 18 14 82 29 10 80 389 8403 0

2007-11-20 01-06-29 15 15 15 13 17 18 15 82 31 10 85 291 8925 0

2007-11-23 20-49-27 16 15 15 12 18 18 15 81 30 11 81 388 7121 0

2007-11-27 00-57-42 15 16 15 13 17 18 15 82 30 10 83 392 6536 0

2007-11-27 01-06-43 15 16 14 13 16 18 14 82 29 10 82 432 8286 0

2007-11-29 18-32-20 14 14 15 14 18 18 15 81 30 10 84 320 7586 0

2007-12-03 18-53-00 14 14 15 13 17 18 15 84 31 11 83 315 6904 0

2007-12-03 19-28-51 14 14 14 12 18 18 14 79 29 10 81 303 7404 0

2007-12-09 15-30-36 14 15 14 14 18 18 14 82 30 16 82 289 6716 0

2007-12-15 21-47-25 17 15 15 14 15 18 15 80 30 10 81 271 9166 0

2007-12-18 02-34-08 17 16 14 14 16 18 14 81 31 10 81 228 7780 0

2007-12-20 04-39-26 16 16 15 14 16 18 15 86 31 10 80 268 7282 0

2007-12-31 14-34-41 17 16 14 14 16 18 14 81 29 9 81 267 6668 0

2008-01-05 16-40-40 16 16 15 13 15 18 15 81 30 10 81 299 7877 0

2008-01-05 18-08-17 16 17 15 13 16 18 15 81 28 10 80 256 7633 0

2008-01-06 16-01-11 14 16 14 14 16 18 14 79 30 10 82 270 6367 0

2008-01-10 14-34-15 14 15 14 13 16 18 14 83 30 10 80 512 6427 0

2015-04-08 17-17-44 18 19 17 16 35 14 17 715 101 36 148 401 8218 1

2015-04-15 20-53-00 20 20 23 18 23 16 23 785 116 38 151 439 8540 1

2015-07-31 03-05-24 21 20 23 19 27 17 23 939 147 46 159 784 9796 1

2015-08-29 22-12-56 22 20 23 19 19 16 23 979 135 45 156 337 8351 1

2016-07-15 04-45-08 23 21 23 19 20 19 23 1455 195 58 171 699 9256 1

2016-10-01 15-52-00 22 21 24 19 20 18 24 1478 191 58 172 631 9869 1

2016-10-05 13-29-55 23 21 24 18 20 18 24 1480 190 58 175 456 9228 1

2017-03-20 12-41-22 21 21 23 19 20 17 23 1408 193 54 167 409 10676 1

2017-04-30 02-08-59 21 21 23 19 19 17 23 1330 175 50 161 681 8465 1

2017-05-08 22-09-08 20 20 24 19 19 17 24 1361 185 52 162 463 9339 1

2018-10-21 21-55-18 24 21 22 19 19 17 22 1037 149 43 151 434 7070 1

2019-02-23 08-27-32 22 20 23 18 18 16 23 989 134 43 158 541 7522 1

2019-03-03 18-50-03 22 19 22 19 18 16 22 1002 136 42 151 621 7449 1

2019-03-10 23-00-19 22 20 22 18 18 17 22 962 131 41 149 683 10816 1

2019-09-04 15-59-23 20 20 22 18 17 16 22 862 111 40 143 564 7672 1

2020-02-17 04-11-07 19 21 21 17 20 17 21 808 110 37 141 858 6946 1

2020-08-07 02-25-50 20 19 21 18 19 16 21 922 107 36 139 630 5662 1

2020-10-28 17-03-37 23 19 23 17 18 16 23 858 129 39 144 345 5765 1

2020-12-06 00-02-46 21 19 21 18 18 16 21 920 106 36 142 321 5622 1

A.2 Sample Attribute Score Data for Pairwise Sam-

pling

In this section we provide the sample attribute score data for the subject systems
Automotive, Automotive Artificial, FinancialServices01, BusyBox, Soletta, uClibc-
ng, Fiasco, and Toybox. For each sample, we have calculated the total attribute
score and the weighted attribute score. The presented values are average values,
which are based on five calculations.

A.2.1 Automotive
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Table A.9: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2021-01-01 00-00-00 51.40400364710571 51.505527101860345 51.42473134625593 52.004231389707556 54.5704237308345 54.947051505708146 51.635444336970764

Table A.10: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2021-01-01 00-00-00 102.82446252944828 102.85477924837883 102.26026101292521 102.91669849676335 104.16059989689734 105.06932523474882 102.85354690535095

A.2.2 Automotive Artificial
Table A.11: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2021-01-01 00-00-00 49.68730329866312 49.666265227915446 49.49822150254492 49.244071592354985 51.66491090400335 50.91081289920099 49.225626701977475

2021-01-01 00-00-01 50.07680940029354 50.12703467778314 49.634157696765286 49.87802226291784 51.43183089251071 51.15779284848067 49.68515871376115

2021-01-01 00-00-02 50.0160589238465 50.0351234736474 49.86228720883272 49.959816338841456 51.32179879012212 51.072799056032906 49.93435534364589

2021-01-01 00-00-03 50.061191934487866 50.03662238539508 50.3389107448274 50.520060737498184 51.891922943961355 51.42839372199192 50.120729612103865

2021-01-01 00-00-04 49.891350172963584 49.83282317476758 49.69676850653353 49.42650545441021 51.30694997027585 50.9118665601791 49.72276965262496

2021-01-01 00-00-05 49.68040774072364 49.67865320324982 49.53503682812409 49.52399171797736 51.66491090400335 50.9356362917095 49.1791427116297

2021-01-01 00-00-06 50.0737782454015 50.10350424397994 49.622211913519465 49.883988128938356 51.43183089251071 51.181775226935194 49.717646550986

2021-01-01 00-00-07 50.00897170906338 50.03390335365778 49.84617951457622 50.06468956707489 51.32179879012212 51.03290686302269 49.89564621488945

2021-01-01 00-00-08 50.07370390528335 50.04345700432759 50.32218959923432 50.556986171347795 51.891922943961355 51.41152840229762 50.18403832189885

2021-01-01 00-00-09 49.86818853584128 49.819502715140416 49.738234889074555 49.799401351258055 51.30694997027585 50.94568181731608 49.68806189966671

Table A.12: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2021-01-01 00-00-00 99.26731359523193 99.24160476805733 98.48082575353908 98.32770540944406 100.65118305842516 99.45800122454507 98.10134632633905

2021-01-01 00-00-01 100.2598757633588 100.41399779989972 98.78624874180369 99.05836300758351 100.37738162217101 100.06276302210729 98.87483982217937

2021-01-01 00-00-02 99.51811719183007 99.57778977219633 99.223177805426 99.2775992791498 100.24671323348392 100.05713867151226 99.41008680499618

2021-01-01 00-00-03 99.56781758723041 99.52167847919209 100.19191082664831 100.33403377955794 101.51603788707983 101.03217632573057 99.80039212392636

2021-01-01 00-00-04 99.11830645717976 99.04038831199007 99.00962956895748 98.49615462567196 100.01321035511543 99.76929602345483 98.98159953587587

2021-01-01 00-00-05 99.27716026494926 99.28679781978812 98.577582155524 98.64165731270029 100.65118305842516 99.51707290139716 97.91237733675533

2021-01-01 00-00-06 100.25094610660851 100.3349452160446 98.7455443846496 98.99447223358868 100.37738162217101 100.08101696182466 98.94130738835415

2021-01-01 00-00-07 99.52372060212424 99.57089819599518 99.19710632628052 99.46202129633676 100.24671323348392 99.95232436298544 99.37899941461876

2021-01-01 00-00-08 99.58882426630845 99.54837161724987 100.19989281770407 100.39670610981325 101.51603788707983 101.02677700742821 99.90854568352553

2021-01-01 00-00-09 99.08740919942039 98.99402806936261 99.07966258190575 99.03524679616274 100.01321035511543 99.81574708522047 98.8688821111663

A.2.3 FinancialServices01
Table A.13: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-05-22 12.732670577612456 12.732494246558838 12.713568353283149 12.69086596687536 13.109110594454574 13.129931099238666 12.68209500924355

2017-09-28 16.461515874003318 16.46129496185525 16.806310435256655 16.896624877385204 18.192497484085358 [] 16.38626948991329

2017-10-20 17.901323287083713 17.902623511432 18.24469337395626 18.32805483183454 19.64065992947149 [] 17.69149706834175

2017-11-20 17.521757578887676 17.520053130799624 17.85702206020901 17.939318862411618 19.25037395494777 [] 17.33074541695516

2017-12-22 17.47373385619261 17.478512919811386 17.840780854508807 17.930277549794095 19.217915609008447 [] 17.332515096942537

2018-01-23 17.78701976657277 17.781707673708635 18.076484704531833 18.221249008080182 19.45358865805998 [] 17.547608584565836

2018-02-20 20.65755204708922 20.66029102610521 22.688380394537667 22.40070594421989 25.655297260391983 [] 21.952918970446568

2018-03-26 25.011359378038836 25.013571544741932 25.624728135288933 25.735413478127604 27.585564100316446 [] 24.313021077922123

2018-04-23 22.512825331236275 22.514702752480712 22.772393808315112 22.311198608265073 26.722353546912274 [] 23.362832174750185

2018-05-09 22.956062905255404 22.95762298322709 23.015481888274312 22.631933218820734 26.944765690820056 [] 23.630437862870412

Table A.14: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-05-22 25.33892446985287 25.33892446985287 25.35250607005612 25.361550444388534 25.344932292759786 25.3837134383835 25.366120466753628

2017-09-28 32.7908330125837 32.79246192559155 33.524678234658 33.39529715172471 34.405105700842135 [] 32.86592080408432

2017-10-20 35.721023049419124 35.72483156387149 36.40197459482805 36.26177720291675 37.282061195761926 [] 35.50548004989098

2017-11-20 34.957774280437135 34.9543495001916 35.6451609933116 35.49362615140895 36.52480476142131 [] 34.793581774827445

2017-12-22 34.827710877795184 34.83350651778243 35.59276833451565 35.469505284967155 36.47641438567193 [] 34.78722569750129

2018-01-23 35.52114602868105 35.522536293405146 36.10073246984071 35.97419095106345 36.992380449682024 [] 35.228075603679756

2018-02-20 39.780920870798596 39.782041488817356 45.333973356620255 44.74348779361234 48.40914869062361 [] 43.893489308512194

2018-03-26 49.93095365372389 49.93482882913336 51.173522259567854 50.61645003026381 52.45981895987727 [] 48.856162908675

2018-04-23 45.25667686883604 45.264099347593806 46.71392068926102 46.62023765687968 48.627038269469196 [] 46.77446427820994

2018-05-09 46.23835588486945 46.234795861733915 47.31191011099503 47.59878068243097 49.0376258116041 [] 47.27261425003762

A.2.4 BusyBox

Table A.15: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2007-01-24 09-14-09 47.61729505484036 46.040199257167885 46.55252298461481 46.73735561025006 62.354642929886346 80.9294691850832 50.03248831280312

2007-01-24 09-32-19 47.866856075532645 46.573729845417496 46.757235065781295 41.60939900005012 62.460986083100295 [] 50.16165792184627

2007-01-24 09-32-42 48.0825965245845 47.28185040817259 46.727333933912035 46.90364075309023 63.75037245532394 [] 50.9180965658709

2007-01-24 12-16-08 48.019134708067995 46.691209292139376 46.68807973804732 46.2536384541169 64.37967517867955 [] 50.099281284305775

2007-01-24 14-34-35 46.74332703011986 46.381051678148886 46.90669460922684 45.59618139603675 64.02051703708129 [] 50.60112966090296

2007-01-24 14-50-27 47.75305483777763 47.505499761579294 46.71171049266665 46.19654245488178 63.33111211054023 [] 50.10607863052585

2007-01-24 23-53-22 47.622308135348895 46.672346549586806 46.22330091615355 46.12976004387825 63.601007304984094 [] 49.64218168038833

2007-01-26 09-03-23 47.820257212594896 47.222213079954045 46.01808886976346 46.116799145144874 64.69492941706335 [] 49.956963193078785

2007-01-27 13-44-53 48.40835954556653 48.238536671728454 46.39118476903559 47.00558009880509 64.21771148307076 [] 50.06164299167549

2007-01-29 23-56-13 49.6819089975095 48.484098552849176 46.56461027021841 46.6654219302156 61.39276731131115 [] 50.09102440260461

2007-02-02 01-17-52 48.5522024229203 47.91403912718854 46.74340487984187 45.62865692559086 63.835318451486884 [] 50.027522055022175

2007-02-02 16-06-02 49.00881047253363 48.528572239943045 46.66594683425136 46.49496018226761 62.984283563629106 [] 50.30337786462204

2007-02-04 17-11-25 49.33486226528338 48.05388449135852 46.90902750473288 46.51137604656208 63.91555188916684 [] 50.543044149307946

2007-02-04 17-21-55 48.86980293041686 47.9671560793901 46.64110842085647 47.07447723558775 61.56433194530962 [] 50.267264729395265

2007-02-04 17-24-53 49.10303933228546 48.622450774633656 46.402728514126146 46.95049501169177 65.06834481265035 [] 50.37732728323803

2007-02-06 19-28-50 49.55899988923146 48.41532528184291 46.97022753014022 47.19057531401705 64.30246591773866 [] 50.306001287741054

2007-02-14 13-20-29 48.22890589647149 48.755942940365294 47.001712112260904 48.490495442294176 65.22539924350261 [] 50.32437749506483

2007-02-27 21-15-08 48.81542784913903 48.01739105362445 46.672456601285965 47.534239146461616 62.90478889194744 [] 50.792174678081075

2007-03-05 19-55-30 47.9127500007211 49.33206316524521 47.03747690233355 47.96058820412272 63.5651176634856 [] 51.073733314364326

2007-03-09 16-56-38 48.22685379900467 48.65492785455338 47.24186905503677 47.2536532536163 63.74643644074134 [] 50.95550193613269

2007-03-10 16-58-49 49.62497610747768 48.277588897073116 47.406376086458316 49.1591776671651 63.70563036722755 [] 51.902645014920424

2007-03-19 20-28-03 48.961467682673245 48.54041800098654 47.378885382136296 46.715272440182595 65.16971973719949 [] 51.356172103876716

2007-03-24 15-37-57 49.376986402876106 47.624837291355405 47.59580461214351 49.0055252626591 66.42788452877559 [] 51.1690411370108

Continued on next page
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Table A.15 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2007-03-25 21-50-18 49.06466135961405 48.341485777221365 47.56225268701401 52.20080852534653 65.92812844752359 [] 51.41801230230787

2007-03-27 22-01-31 49.80143292106654 48.02460833797107 47.4257289195064 45.55724515744836 65.44882443897868 [] 51.209512480728996

2007-03-28 15-00-27 49.69287925595493 48.354291681358156 47.23507986951724 49.95039479215723 63.722128606562976 [] 51.404262499044464

2007-03-28 16-46-03 49.636104211328906 47.62304067412971 47.171514007645705 47.887076260629236 66.64764457301501 [] 51.49752929383031

2007-03-28 16-48-40 48.95434956566482 48.84432531784535 48.12267875113703 48.701810351933524 65.09327487811174 [] 51.753426268710555

2007-03-28 20-35-13 49.857932566533904 49.17568591541746 48.097107532831316 49.447429387574104 65.23175270296683 [] 51.72254361584212

2007-04-01 01-18-20 49.044242412446124 49.440359430394 48.14111148998301 47.75382729491678 66.08417151682568 [] 51.57818948840058

2007-04-01 19-10-36 49.580762761574285 50.52355725796391 48.165232627027834 48.66019482647668 65.83478770004483 [] 52.20725951621991

2007-04-04 23-41-35 50.82397452770121 49.85095576757726 48.07627249400021 46.315153600248934 67.26752283626237 [] 52.784158251902014

2007-04-05 13-16-39 50.66108098495722 50.73242831292106 48.798829046425254 47.74062650289691 67.43250912426126 [] 52.80803207545658

2007-04-05 20-26-28 51.164472524895956 49.94939442609335 48.526811498232206 47.377714325866364 67.92991409107678 [] 52.20149325069184

2007-04-09 13-04-50 50.69900830418265 50.35468454078228 48.54556403371091 48.21996400532828 68.6718147749948 [] 52.877039073023624

2007-04-10 23-03-30 51.01759026363891 51.43656924894303 48.74621438420388 47.89096739514301 66.22302353110622 [] 52.51696870295511

2007-04-10 23-32-37 51.010439478149806 51.44570590694004 48.51745975570835 48.20813540490778 68.78967743531742 [] 52.87180580939763

2007-04-13 10-00-12 50.724013134169255 50.36872027111933 48.463777691575686 49.30486999161552 67.30854990649246 [] 53.316490329449174

2007-04-15 08-43-23 51.11782936616204 50.791049100644166 48.98104689519246 48.13900638365352 67.50836743993875 [] 53.04559779331377

2007-04-28 16-48-04 50.025767959542335 50.57418173675272 49.24648105045768 50.26248969597581 66.84177744534517 [] 53.6559426789247

2007-04-28 16-48-27 50.9364610019765 51.34922060602828 49.59788224443642 49.34494943617348 67.53245446045312 [] 53.08825118338234

2007-05-02 21-39-29 50.94060688283814 51.11442433420849 49.34283134215508 48.50461173077316 68.33439933347604 [] 53.28133355844318

2007-05-02 22-04-38 51.20511459035849 51.53766200395546 49.208879391445805 50.82534477490781 66.80887374915652 [] 54.03817269210204

2007-05-08 17-27-17 51.6484676676543 50.2511015573573 49.472866800905436 50.4590234282705 66.42382571326957 [] 53.46007699888359

2007-05-08 17-52-17 51.06637682467321 50.5958541695559 49.26062803664844 48.611809297063246 67.19133904843366 [] 53.62602072201098

2007-05-15 23-57-46 52.669432317463155 51.55395969206445 49.42527357741401 47.997456506361 69.05334005995905 [] 53.378860246231966

2007-05-18 09-45-36 51.56615518101029 51.157445848785855 49.94656644706136 47.6164004997012 71.33279942335125 [] 53.51659024458611

2007-05-20 21-51-38 52.586775904856914 51.39836342261358 49.789837799487174 49.76321716248397 68.87553514542016 [] 53.45259303829224

2007-05-21 23-30-54 52.526736551362944 50.93954113532706 49.837399516507176 49.22760512289301 69.29793029917502 [] 53.147507459086754

2007-05-26 11-59-01 53.33905537337823 51.2590426338915 49.5901364870841 48.68682919403891 67.42051202419597 [] 53.66870454324645

2007-05-30 00-29-55 52.97397418034526 50.34540046957871 49.688671883349144 48.51768313337604 69.24276493347213 [] 54.12868275133587

2007-06-07 13-22-56 53.28036901812952 51.71689665463042 49.47450160340687 49.643906497816495 67.14894651408972 [] 53.85068420763148

2007-06-08 08-02-53 51.89241578245653 51.811053666356564 50.06861381341286 51.265591422301426 69.21024134902834 [] 54.28562093711878

2007-06-08 13-05-39 51.56557981074725 51.83771265523639 50.25178765969257 49.34757554240868 68.43724017591204 [] 54.59563185387299

2007-06-10 15-08-44 52.17608020427271 52.549779134254926 50.659579498699046 52.05550652336588 70.22247365630187 [] 54.362000524809574

2007-06-10 17-11-59 52.10556771365933 52.347848563840316 50.33268451157748 50.289009380255145 69.39664518274977 [] 54.841351733234276

2007-06-10 18-04-54 52.455151064472865 52.23110118749272 49.98749459232025 51.29015384177016 69.72607706762858 [] 54.7607005478276

2007-06-11 16-31-55 54.494956152999904 51.30913809544887 50.65058204969184 51.14811074966134 70.39847949977094 [] 54.41734300465794

2007-06-12 08-12-33 52.2068350468974 51.07626609047047 50.38013130464109 49.487552406428286 68.48067322086698 [] 54.248217524243486

2007-06-12 22-04-57 55.30692851854489 52.63697828987248 50.610158327737494 50.95430524581535 69.44013209189822 [] 54.85758815265423

2007-06-13 07-34-15 52.568566761081094 50.0525981647284 50.47289832228188 52.39778586859346 69.46520966313271 [] 55.073800986116694

2007-06-15 23-43-11 52.70221326695158 50.926198146379754 50.487875364912 50.098978034986246 69.57371749454599 [] 54.81159788048082

2007-06-16 00-30-52 53.37576255768998 51.702487364589686 50.69305011711224 50.96953462096651 69.61886418209201 [] 54.92880247588581

2007-06-16 13-37-59 53.50045641209798 51.343932886463165 50.306539177716324 52.44056543922915 70.64140042756722 [] 54.6636033449991

2007-06-16 13-56-51 53.25737010763986 51.75211095864065 50.37269341372526 51.713649517354305 69.88912839867217 [] 54.43021781344784

2007-06-17 19-09-05 53.34656692442625 51.84575047908377 50.12599292627759 50.87445008907419 69.85941415535073 [] 55.07248036305773

2007-06-19 11-24-47 53.376249229852476 51.5805953184147 50.54180863009818 50.011445050217986 68.56848368239721 [] 54.70490258989673

2007-06-19 13-46-24 52.50769392999725 51.95384559527588 50.586949165609624 49.45094303367246 70.65480487495304 [] 54.75286099907921

2007-06-19 22-22-57 52.043157940917084 52.31689835623233 50.55463798126392 51.40557267275293 69.66686687193162 [] 55.282856902876816

2007-06-20 15-23-03 53.06632442066832 51.97670569191071 50.48730868502842 52.76192235666262 69.92121833355381 [] 54.606321633126186

2007-06-21 12-41-59 53.71138294703949 51.94701378638697 50.800610559532345 49.28313397415698 70.3080004317438 [] 54.427066925726855

2007-07-01 17-05-57 53.03232164602623 51.044123337615346 50.40383288124464 48.97970027697736 69.39690542108657 [] 54.76976023972369

2007-07-14 22-07-14 53.12863629055862 51.99234048435803 50.65612942299043 47.71264166004934 71.0312042048585 [] 55.07949884338876

2007-07-15 19-27-48 52.82723829961128 51.41869883415821 50.6115203015505 49.77817204208664 69.78434807350166 [] 55.23212575193675

2007-07-19 21-49-30 52.52979238232892 51.140337211935595 51.28703547917674 51.78741845732769 69.67669807235832 [] 55.53791494628791

2007-07-20 21-28-41 52.995217132728655 52.77119534934104 51.04800927608933 51.623194839094594 72.37022664777234 [] 55.41058659876503

2007-07-23 14-03-30 55.06328457235558 54.524341748396445 51.574106482105186 51.34625112943843 71.55810759083268 [] 55.831590528895745

2007-08-02 22-23-47 54.72559679628946 54.370253015363275 51.87780085406401 50.9728438030467 70.54370938683135 [] 55.7049824133371

2007-08-12 21-05-49 55.12361480060614 52.861697004903604 51.63495015433502 49.24152223490773 70.75250677449533 [] 55.56191477550701

2007-08-13 14-10-24 53.28398086541055 52.78146345890066 51.82477096195388 50.9382544191052 70.51349194380042 [] 57.075442367430654

2007-08-14 16-45-29 52.85313728386709 53.03335186014185 52.23515301255783 52.59185288165944 72.1889807484093 [] 56.67008771228886

2007-08-15 20-05-37 53.41683738287186 52.38329375296337 52.20656822968122 51.460168305086725 70.06264252970554 [] 56.219012727595974

2007-08-21 10-26-55 54.55055751110234 53.8500858621933 52.36511814730845 52.51269784219211 72.12934495596805 [] 56.49493959150718

2007-08-21 10-58-18 52.608198062478415 53.159979565254446 52.261078713607176 51.732396170485764 72.64436239121271 [] 56.918138265236585

2007-08-25 18-25-24 51.129822439575356 51.63481295967749 52.77042382357354 51.322471294623746 74.30797342462583 [] 57.03769998213771

2007-09-02 22-12-07 51.141730874324764 50.822300412634625 52.39904712026222 52.2855572106899 76.30823535077312 [] 56.86609485360738

2007-09-08 16-51-19 51.42947388153241 50.72366119922572 52.275491972762744 49.514233438122325 75.10811966775418 [] 56.567383051063885

2007-09-15 13-28-30 53.00550421343146 51.52434549752652 52.79018727503601 50.41940870761032 76.82850979977272 [] 57.056449888087265

2007-09-21 13-43-28 49.66566382109129 50.78470966014416 52.44787840741775 52.05090215408312 75.70894854386928 [] 56.74921468350719

2007-09-21 22-35-18 51.76339126447483 52.173165000321504 52.47523393247441 51.884116410234775 76.38371953329064 [] 56.932715074597674

2007-09-22 20-51-41 50.89606985917278 51.765443193038344 52.64600854634616 53.935114660235115 74.70640649607314 [] 57.07170032371533

2007-09-29 22-26-01 51.69844090570814 51.5199827748127 52.49189235448521 52.68127620293101 74.47407588080662 [] 56.88619477556663

2007-10-07 17-06-01 52.33040308573076 50.515442922062924 52.65085556498025 51.60172817229002 75.67235945688633 [] 56.273856248132745

2007-10-07 17-06-26 50.14466305025301 50.03716022675819 52.472330501598535 51.83565934766919 73.63098578221516 [] 57.50891954800069

2007-10-07 20-46-34 51.305217722051964 51.11402128353314 52.8586006921732 53.031553941176504 76.05975675239543 [] 56.55967948902421

2007-10-13 03-36-03 50.03406410689985 51.32300097186611 52.846130234608815 52.62476065219884 74.352811481604 [] 56.631105866796396

2007-10-14 04-48-44 50.78999599622356 49.789663993143535 52.58369006924404 52.123056321815604 74.42857802095759 [] 56.89270863228459

2007-10-14 04-55-59 51.43411882469309 50.92101643412407 52.650652969099646 50.48419002800497 75.37540944830417 [] 56.76445532651189

2007-10-18 12-54-39 50.231226239014966 51.849171377473816 52.44140404599089 52.97824182826067 73.01855276858518 [] 56.79491993491089

2007-10-20 00-17-34 51.23863335564552 50.963060201626675 52.76892372520052 51.93103358561897 73.4042724641615 [] 57.03489886773026

2007-10-29 19-33-26 51.49069470262257 50.418430710249694 52.9269844390037 51.06437961148494 74.02910013252088 [] 57.039129917530474

2007-10-29 21-21-27 49.38992226027271 51.40911185992682 52.49227529982924 51.814982548054424 76.6910012423637 [] 56.74127831531958

2007-11-04 15-43-26 50.86451517288932 51.139062522332594 52.98886661443514 51.18382821110389 75.75570001473048 [] 56.596810347631035

2007-11-14 10-18-33 50.001222353817475 50.60402892797239 52.6964553078432 53.27166873294151 76.27348451076628 [] 57.21797501602968

2007-11-15 07-02-55 51.5338710162423 52.42520512964061 53.304276131641814 52.92690407163089 75.7529816173028 [] 57.51278294725056

2007-11-18 05-36-50 49.912205450860974 50.48676320421029 53.45541129642917 51.611523482149366 74.9390653949053 [] 57.09584164662071

2007-11-22 00-58-49 52.453752349977364 52.11208592191307 53.46828653568756 53.113674066055566 75.98675267742988 [] 57.59609566998388

2007-11-22 01-10-41 50.94550324724802 51.7745020343033 53.07294986471078 55.78925402669508 75.87574046462402 [] 57.70193756654943

2007-11-23 21-20-21 50.08874122874484 51.89642496027731 53.24469793656465 53.33178840122969 76.84952889228984 [] 57.52738854656393

2007-11-23 23-28-55 52.65711739620981 54.19735693515105 53.32517144038779 53.28245071045086 77.46397971544988 [] 57.6175301634132

2007-11-23 23-39-01 52.2868731635413 54.75018822811363 53.62248685684832 54.630597301644684 75.55733790974679 [] 57.89459239671798

2007-11-25 03-15-24 52.3487496218768 53.68864091600962 53.823246178034296 53.67731910023006 77.43585105512314 [] 57.80376225505679

2007-11-28 19-23-12 51.576426567576036 54.8246757002011 53.59573388872137 54.9874811908256 77.366670117214 [] 57.42389700877497

2007-12-02 03-27-42 52.04976692076913 54.24760716247465 53.48486005130544 53.05472526721071 75.78314350270077 [] 58.380597816382284

2007-12-02 08-56-53 52.970337423834145 53.8562959833975 53.71479181367031 51.709516105049374 76.98096487603652 [] 58.178416942814884

2007-12-10 07-06-04 51.94756434001374 53.1389215109816 53.80385307031342 53.38766605269567 76.41261815331985 [] 57.83006460641637

2007-12-22 15-40-13 52.11564962467779 53.68949200688509 53.59759224492266 51.287658328547366 76.0515749740039 [] 58.07749083952753

2007-12-22 17-00-11 52.628188168662845 54.489079983013916 53.70514534496924 53.20662608506077 77.3003729859784 [] 58.10670917374905

2007-12-24 14-09-19 52.576038191479995 53.843364497833576 53.61082265318488 56.28922416223522 76.11670596594254 [] 58.47068440885581

2007-12-25 01-08-58 53.819242733501255 54.81217354000154 54.10829031997217 52.71557773260325 78.52375980714582 [] 58.57523233383248

2007-12-25 04-30-14 54.57334105322961 56.08757148825265 54.26061954816903 53.06497643288036 76.70710364570702 [] 59.055745446617834

2008-01-05 03-26-41 52.72702802088202 53.83238318130145 54.6378698716379 53.2430462765307 79.4459236709078 [] 58.627112791356524

2008-01-06 06-27-17 54.72334111491868 55.99583510025563 54.35111392904396 52.85383766902821 78.13125311799465 [] 58.79437730683043

2008-01-07 19-06-47 54.188938052970414 54.77171456196021 54.26843484679493 53.778472607796246 77.66631134943327 [] 58.86987942680198

2008-01-08 20-32-12 53.819991038417854 55.46949861910108 54.45038260009115 53.17154409764159 79.00196065988109 [] 58.757687166616655

2008-01-13 15-23-27 53.94318090431555 56.7254213934368 54.1934808153502 53.59389734554662 78.74755220866481 [] 59.066056183871616

2008-01-13 18-43-50 55.633806152185436 55.079124318816504 54.97052371194153 54.236370886596674 78.76139900421413 [] 59.43269661405061

2008-01-14 16-10-11 55.72090521401367 55.98411994216504 54.87160724325101 52.81115013935098 76.31847628863898 [] 58.923868626493984

2008-01-18 20-41-24 51.37909652948188 55.8574728536618 54.3217605927877 55.07051983092201 78.07088503517431 [] 58.42501662295105

2008-01-28 22-47-03 53.49152999558247 54.64899260909844 54.85751004428793 52.00981422572515 78.29258908604142 [] 59.004950128767064

2008-02-01 06-53-50 53.14858304174693 53.975876184002985 54.76100092894969 52.7447179912128 78.46871312410303 [] 59.21937093725553

2008-02-01 23-25-32 53.3111938634976 53.58325224780511 54.755003616762 54.41169042626782 78.4912161399408 [] 59.012134091926086

2008-02-03 23-52-41 52.68191988571709 53.69079333400198 54.79063490658408 52.85245361135977 77.33812340135256 [] 59.09207996662769

2008-02-04 13-12-16 54.03548000924722 53.64556102051747 54.9328743407826 54.806436300555994 77.82236202865624 [] 59.4374818225451

2008-02-08 15-04-00 56.14596684601312 55.94738705136757 54.74705152785829 54.12617692230428 77.9078366312808 [] 59.53913514991871

2008-02-08 18-24-54 54.125314950862915 55.22877546798229 56.18513039175836 53.10156957891759 80.15452383437767 [] 60.81912103840599

2008-02-11 11-44-38 55.03762613674767 55.32151132126885 56.07157468663612 56.612962807595714 79.03809400513356 [] 60.07642807596145

2008-02-13 16-52-00 55.700332744185424 55.32645260667016 56.19029264384451 55.52268158604396 79.638877040333 [] 59.84171008967287

2008-02-14 20-37-54 55.59669328608319 55.306936690206065 56.07441556207296 55.95002150129957 79.71883792117481 [] 60.10924998878615

2008-02-15 02-27-19 55.19852750026003 55.983954892889315 55.995397925147515 55.37025216679668 80.03846707508265 [] 60.899502172541176

2008-02-15 15-17-23 54.82749351889008 56.36557466022638 56.83725912599355 55.73088994169022 79.85455913690346 [] 60.77841033690244

2008-02-16 23-28-42 55.40661711480806 57.859034934817146 56.68402337839548 56.8619352344754 80.84451770581386 [] 60.99161904206393

2008-02-18 12-07-49 55.244932632351926 57.09989229075251 57.03833711468525 55.69103238465262 80.90793787051516 [] 61.35799937981086

2008-02-18 21-08-49 57.963162930261696 59.05214843547973 60.125678313056724 60.99644012264399 86.71303972460723 [] 65.33447828563155

2008-02-18 23-24-46 59.61093250787527 59.142358814953184 59.72664608105897 58.716065067671664 87.21010539970376 [] 65.55258015191757

2008-02-19 02-57-07 59.211237792159615 58.889681826169316 59.949714215907456 59.884456221787424 87.67519727735672 [] 65.23525439248102

2008-02-19 11-26-28 59.83842322099857 59.696607810024204 60.30004836801838 58.620725234152545 87.12991670979741 [] 65.7221348853505

2008-02-19 11-36-22 60.54401343899955 60.61623215168912 61.07265650573724 62.53322350193794 87.83072286688585 [] 66.8847977667294

2008-02-19 23-42-22 59.98829109280475 60.49007788296524 61.7019521042602 60.239548479263064 89.29267412084366 [] 66.48111656642615

2008-02-20 22-29-52 59.94301146336477 59.428003288807396 61.758996821993264 61.472515901076655 86.56649781006436 [] 67.2573644711356

2008-02-22 22-24-48 60.74966070729145 60.545923187457234 61.91491849921239 61.87215545919812 89.37320696900227 [] 67.02561051289648

2008-02-24 22-45-04 60.50068736970254 60.93080620728425 61.84144890001511 58.67734073910674 88.69370612449832 [] 67.70116174031361

2008-02-24 23-32-36 60.46464224976753 61.390702147793924 61.90541194927057 61.73509632935829 88.25776559839014 [] 67.28029167774324

2008-02-26 18-25-24 61.19454191046141 60.553000865750576 61.709239030559885 60.16444051846431 88.77364033351034 [] 67.03002278764384

2008-02-26 20-13-52 60.80658613745093 61.48942780939632 61.619776827979685 61.66003151622864 87.91077028863677 [] 67.40585077236273

2008-02-27 09-39-04 60.751084078791564 60.887074116499605 60.69095321706444 61.03334311768615 88.0025044906104 [] 65.76912267950829

2008-02-27 11-54-59 60.271202322352984 60.56656190819867 60.56452444961267 58.86369511208936 88.12154509016969 [] 66.12045936626956

2008-03-12 22-10-25 59.83456292012279 60.220568923962674 60.36593578357781 58.96162610398328 87.59055171278251 [] 66.4633776707517

2008-03-17 09-10-39 61.10276449154854 61.53136237436472 61.01009449299814 58.514409816288534 87.98267193547383 [] 66.33289049617476

2008-03-17 09-13-22 61.01813344753422 60.7919081928603 60.946887553545324 58.27135428878055 88.67060398131528 [] 66.21310668072414

2008-03-17 09-17-27 61.23576755316898 60.990675486855764 60.8601474486695 60.77750826664853 88.43077356723549 [] 66.1304568931445

2008-03-17 09-21-26 60.28018190785267 60.77872631778628 60.71907267973965 60.72789880004035 87.71569846381391 [] 66.1362072786646

2008-03-17 09-25-05 57.34363958162809 57.95521717375141 58.944464140170794 56.42492192705255 84.32817487755031 [] 64.72311002109195

2008-03-19 23-15-26 57.79076617320219 57.28025189232026 59.158386836573 56.8510054144067 85.69933022306506 [] 64.57506943121226

2008-03-20 16-04-36 57.34829373515851 57.28507371790096 59.456087249210626 59.52005151031862 84.78268563939494 [] 64.82201260008272

2008-03-21 18-29-01 56.3133293802335 57.425065187051 59.53186979589856 56.45613080217233 83.74821146262596 [] 64.44845859099641

2008-03-25 01-17-40 58.36258986200452 57.29089240472342 59.70537951018703 60.02307110067469 85.85460833890005 [] 64.20910028866312

2008-03-26 13-32-30 57.24838891993606 57.52491330979611 59.620998207648356 59.99414118967125 84.71818299674149 [] 65.27711164004951

2008-03-26 15-12-11 57.78645581581911 56.942005767348064 59.726143007268206 56.924115661327924 84.47292005356 [] 64.43174887302885

2008-03-27 13-14-29 56.76096986101053 57.070116728335734 59.240444963937854 61.14974690081999 86.1199111656397 [] 64.55122005988326

2008-03-29 17-26-10 56.133045668563135 57.50514416156354 59.708954561325946 58.4146209549962 85.14153762326926 [] 65.0030905564992

2008-04-01 14-47-57 56.82827382777033 57.05337611150965 59.64885840973493 56.33499643829316 86.42398769486603 [] 64.66796138167177
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A.2. Sample Attribute Score Data for Pairwise Sampling 111

Table A.15 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-04-05 00-07-46 57.86134345744216 58.28446997866574 59.74048061560127 60.09050028389589 87.24612907884588 [] 64.58898011322273

2008-04-05 02-44-30 57.888789083145205 57.01337587271846 59.755815572126174 58.322843110206165 87.05609768236017 [] 64.87144282855074

2008-04-06 07-17-02 57.132011227663114 57.58006652488668 59.683420710537895 57.26386280812486 86.60076252252193 [] 64.84285997243829

2008-04-12 20-07-53 58.33108998821501 58.94874355636764 59.74171779045882 60.7528576887344 85.66216538061242 [] 64.82174881191901

2008-04-13 08-20-00 58.342851211977575 57.96963096949717 59.60027136995967 57.02231203743859 87.74829365173619 [] 64.83484719456048

2008-04-13 22-41-27 58.27725570146913 57.13507251438676 59.78437967115722 58.17639401323161 88.50688136691424 [] 64.52061103278321

2008-04-21 02-21-45 58.4707155811664 57.58601661955405 59.62447374806735 58.46514483292717 88.98579532506903 [] 64.68961983815498

2008-04-21 05-05-17 59.00617130050731 57.575074070247226 59.66927306347213 58.812102050252975 87.09348726184233 [] 64.47049155093649

2008-04-21 20-27-29 58.350081146258255 58.61238713995708 60.08674431677839 60.50195197565083 86.22663139684249 [] 64.36813855487081

2008-04-22 00-16-29 59.02968035044766 57.23619446033395 59.79595713354215 58.56692043013801 88.18706012216481 [] 64.57013568236391

2008-04-23 05-46-55 58.89137734505283 57.688962346647884 59.810752918274375 60.1025423089057 87.806706480073 [] 64.85714455903901

2008-05-13 02-43-27 59.05562398865286 57.50309563067365 59.715332078160905 59.13674821772234 86.43840124702116 [] 64.39238378121117

2008-05-16 16-10-31 58.664369416433814 57.78448255225637 59.81843519555845 55.8022326079771 88.22024956684028 [] 64.346263672015

2008-05-18 14-39-43 58.29778863144825 58.94142414753442 59.375102807130546 59.2730486870568 87.8805343757305 [] 64.7648241339228

2008-05-18 23-05-34 58.46256266938799 58.51881184206559 59.931745507604646 58.754416091103224 87.79080057734546 [] 64.9673897464983

2008-05-19 08-25-23 59.902077779625394 59.32479428380158 59.63203733404718 57.29431433312028 88.88996833615255 [] 65.06251160276187

2008-05-22 02-07-58 58.81097895327 59.16113486865485 60.504995581921165 59.71319251647342 88.00909633683322 [] 65.21371811446227

2008-05-22 21-56-26 59.04728232504566 59.74524276836547 60.375036978012474 59.30712526549166 87.77071079699958 [] 65.59566127386528

2008-05-24 20-47-18 59.21023928575664 59.61099514265595 60.09233023759644 60.60308314147626 88.37620712740613 [] 65.26891702049446

2008-05-26 12-01-49 58.293017279468664 58.549814786535435 60.63660940386255 60.60177488267546 87.90572361344772 [] 64.82231282699613

2008-05-27 08-41-32 59.299609268552466 59.79221911589351 60.16164082041989 60.65620328894961 89.48165280824722 [] 64.93152662952448

2008-05-27 10-55-34 59.86666260772247 60.584001946467026 60.595042477090075 58.94580481114449 90.02727438625698 [] 65.60629785813698

2008-05-28 12-00-59 60.79262562175561 61.298958902225785 60.01296362502889 61.3940185431818 89.35732155586288 [] 65.24345499360328

2008-06-01 22-36-39 59.83637214645451 60.78957583381712 60.56086677100668 61.177103309766984 89.47448976127623 [] 65.81767069156172

2008-06-02 04-51-29 61.822727795952424 61.96921696047609 61.12074314192034 60.97860763150459 88.37851555985826 [] 66.16055136259776

2008-06-02 13-28-47 62.402542759462165 62.60223419493717 61.350446659264776 59.552806421576385 89.70132631093091 [] 66.12621655180263

2008-06-02 18-59-16 61.08250456991906 62.85667266113361 61.50934409021723 60.580729581079005 89.79979634973013 [] 66.42521090991892

2008-06-04 11-28-24 62.77159492374145 62.15636888086216 61.70585620168769 63.66552522055726 91.53952817191143 [] 66.46917944409782

2008-06-04 22-41-14 60.54459478983053 62.3475196816997 61.349993130885366 60.567202725283266 91.12672337231132 [] 66.76295790919986

2008-06-12 20-23-03 62.66235082728873 61.12746629223845 62.181335714218825 61.080417864378305 90.9439979572846 [] 67.01722352255017

2008-06-13 11-16-09 62.73539169242402 61.134409449759275 61.79615519404824 60.4564391167518 90.21983316899778 [] 66.62402351751844

2008-06-15 18-35-34 62.30487768371218 61.65989961457598 62.039418399329215 59.24960242035318 91.85263234279454 [] 66.72301819746211

2008-06-15 19-02-31 61.96432046275426 61.72183446680132 61.68577251807337 61.179170536998754 92.84267616482246 [] 67.06054569907685

2008-06-15 20-14-26 62.03321228954498 61.407927133983165 61.74571021464029 62.36114490591103 89.23915316204616 [] 66.31801639158525

2008-06-15 20-15-27 62.59381719845495 61.65345628719333 61.658334521638835 60.70862740822561 91.34720832292966 [] 66.7660361584802

2008-06-16 04-09-25 62.595029034570686 61.52726989914015 61.795445180610784 60.47195311836966 91.79158909373434 [] 66.99276812272456

2008-06-23 22-31-52 61.88251724369509 61.321573399352204 61.63737241521894 60.376068129618645 91.2012091638992 [] 66.71946694403962

2008-07-01 12-20-20 61.64690598245083 62.0794846642486 61.48625604066126 60.44282795432572 90.45194209498067 [] 66.94630836635693

2008-07-04 10-25-44 61.47884658353055 59.89623768073483 61.680865681684466 60.4868114973966 87.9335412348868 [] 66.46213315263407

2008-07-09 09-50-33 60.37556058153983 60.924583618260975 61.630915758589914 62.84559986066006 88.35533097704483 [] 66.10125146181998

2008-07-09 21-24-18 60.464018994504556 60.278157003511 61.815964704501255 60.9363488827997 85.74620154296582 [] 66.58949902315904

2008-07-10 14-16-11 60.042231539548105 60.12557059214778 61.71506193678357 59.497432001181686 87.68662203018224 [] 66.70043856835521

2008-07-10 23-06-00 60.4419166964062 60.53826340577907 61.7926689646727 63.98122874357466 89.14589869862593 [] 66.7754935778989

2008-07-10 23-42-36 61.32189714783633 60.07583771760098 61.58545361134129 58.725387335290954 87.822348935939 [] 66.03475223353598

2008-07-15 22-01-49 60.01401110249329 61.45673455170519 61.60886522414349 62.467876896859266 87.72679092101322 [] 66.71556740821454

2008-07-16 23-45-11 61.19425290290083 61.52106499780397 61.58608518161488 59.642705743055025 87.79843526321386 [] 66.43763041206753

2008-07-17 18-26-45 60.10440209400783 61.56602630247056 61.667872394104236 60.02434345140988 87.69088353190591 [] 66.53390505129804

2008-07-19 09-27-19 59.67611165348147 62.984715252963454 61.79808250717849 61.35524274273148 87.2757634989483 [] 66.50002147784193

2008-07-19 22-57-00 59.965815058403166 61.30197642852122 61.749350146519305 61.96324657626029 88.80706292281823 [] 66.60085461362095

2008-07-22 18-27-53 59.97513296467821 61.05417756366673 61.69488760427854 58.63596538174412 88.03218779367975 [] 66.73299258148032

2008-07-22 18-32-06 61.560268707383806 61.527341209225575 61.717363295003736 62.278113685194285 86.40145385633569 [] 66.58310168544848

2008-07-27 12-10-07 60.43365056950586 61.416664829818764 61.80284219082819 63.05861110510716 87.6267188713478 [] 66.83731166845655

2008-07-28 00-01-16 61.49160035629988 61.487232359528115 61.992858891844854 62.50854254206574 88.18255099049085 [] 67.09650997709682

2008-08-05 13-10-34 60.0557133534017 60.97473093693803 60.68692816593834 58.775073313254424 88.18208022666667 [] 66.70379556495259

2008-08-05 13-16-18 61.434706252648105 61.352121168521855 60.552705368140025 60.19091999266684 88.0395439811042 [] 66.1394896454708

2008-08-06 17-39-30 60.15256275713527 61.589986032402884 61.45895641322913 60.3638496610745 86.71251782210973 [] 66.05948553487895

2008-08-09 16-15-14 60.65990437846453 61.15537322107584 60.98175150808147 59.49262839914496 89.30811092870447 [] 66.22981198421014

2008-08-17 14-12-26 60.06942983111243 60.45928124605014 61.235653261969446 60.828632327140134 88.11040270481489 [] 66.3617790466721

2008-08-17 14-17-48 61.0158864212577 60.818513162785095 61.67358364021122 61.35904454063164 87.21807561456338 [] 66.49677469704211

2008-08-19 11-28-52 60.68173848968073 59.871383447487744 61.018648401385576 61.70964183662399 86.28575301000217 [] 66.34626355796203

2008-08-19 22-26-05 60.28841174478738 60.820440579039754 61.087749231227875 62.042978252475564 87.41035434992229 [] 66.31573516398036

2008-08-22 08-25-26 61.2210212868632 60.31221741512026 61.07021426710452 63.200392133721536 88.57943359947511 [] 65.89253475865682

2008-08-28 22-42-52 60.28600691889883 60.794832019127 61.30353615600633 59.31937642725444 86.57718688033913 [] 66.10472283641494

2008-08-29 08-37-07 59.65595241166629 60.490085050103424 60.61201525964149 61.083543745199755 88.8429763891422 [] 66.25472404542269

2008-09-01 15-26-12 60.05380783471528 60.04881914961616 60.59811664381389 58.031644893330665 85.95637012624744 [] 65.95088293754468

2008-09-04 13-22-58 59.869037634259826 60.19896363152409 60.67754251387707 59.292302118399654 87.90905991595022 [] 66.20825155087138

2008-09-13 14-59-38 60.37727711480168 59.98763213734632 60.96407484686595 57.93893372555457 88.44864664877113 [] 65.97155115820458

2008-09-16 19-35-42 62.4256664013929 62.63302268579921 61.43520117669273 61.62493792905015 87.80252780541454 [] 66.11689373955899

2008-09-22 21-34-24 62.85859194981318 63.681796769200524 62.05225855675717 60.43727573479506 89.25624764804395 [] 66.47477320107697

2008-09-25 10-48-06 61.65391409753742 62.002900294292054 62.06880971183025 63.30185029795454 90.20588872243889 [] 66.85023243803279

2008-09-25 11-50-13 61.59078160501976 62.07622357426097 62.13092157816736 62.11743663431103 92.7114030373198 [] 66.9784187304262

2008-09-26 15-14-56 61.81424537282817 62.63100040162018 62.25462062136246 61.91871444110556 89.7385845260808 [] 67.3997616882357

2008-09-27 14-01-22 61.20189178304804 62.432793887494356 62.95629165195248 63.64258112537999 90.46140156450204 [] 67.17917402125224

2008-09-28 13-50-57 61.62635028265623 62.31159331185626 62.42768834253724 64.91707867317916 91.75767845562339 [] 67.59336155692507

2008-10-02 13-30-31 60.99751881701015 61.90328196849354 62.52551580020402 61.397347085219415 91.54188071063643 [] 67.05484009854007

2008-10-12 11-20-08 62.00002537424784 62.09498258116597 63.01044143252803 63.92911060951606 92.65704041741563 [] 67.5245389892739

2008-10-13 08-53-43 61.5730818821722 62.83811623536445 62.700069943520056 61.834965947912266 91.82312446146082 [] 67.73740878750195

2008-10-15 14-50-14 61.79027551184856 61.57671036451951 63.33299362176099 59.266428683134585 92.42708730835128 [] 68.3646031370362

2008-10-20 08-43-10 62.307953179390964 62.820263486620675 62.44862212819692 61.18244888456856 93.29681273999827 [] 67.94610867457482

2008-10-21 17-14-26 62.40582405762384 61.365260556806334 63.07429542515844 62.15176339178944 93.57460444521303 [] 68.02168937628025

2008-10-24 10-49-49 62.057197444273676 63.03600769193622 63.213745364824796 62.08017414463357 92.62589319857383 [] 68.2387203401124

2008-10-24 19-48-47 61.12991606627253 62.27892856986879 63.235675940057284 62.1439012545917 91.42032787988737 [] 68.82228046814073

2008-10-24 22-43-27 61.31586470334217 61.47683857867535 63.50615297982792 61.172327790693 91.12611071890123 [] 67.99478494471369

2008-10-26 00-24-38 61.30146728964419 60.859461029986164 63.557655534961995 62.73429871535264 92.37587338241394 [] 68.44318219996914

2008-10-26 11-08-14 61.30254873775657 62.010502626695676 63.257775682541805 60.29915231475466 91.79521134318634 [] 68.26023596749013

2008-10-27 21-30-39 61.28160601070823 61.118058300144 63.11168203251666 60.641361995418016 90.50491706228408 [] 68.09145410427924

2008-10-29 01-19-15 61.5591430653731 61.44196556846468 63.357679096206446 62.73220363015334 93.71866877109255 [] 68.8730369221914

2008-10-29 01-20-13 61.34207780269355 61.57349309098773 63.23046665049649 64.92953080213152 92.79909948090608 [] 68.4083163315383

2008-11-06 00-49-59 62.22343199408628 61.94376648003002 63.20353911429845 63.080428345351855 90.48966334816035 [] 68.31616625958216

2008-11-06 23-07-42 62.52145983929832 61.315920646917064 64.13803106111357 64.70016486336206 92.66495363208132 [] 68.90245509557454

2008-11-06 23-42-42 66.48900632583877 65.95978562178337 64.47168247723023 61.95834726388946 95.13277917385643 [] 69.26486310681875

2008-11-07 01-12-16 66.01378810527476 66.23879369120327 64.19232181966694 63.64820103042259 95.81667435673447 [] 69.13870853331294

2008-11-09 02-23-42 66.175270582931 66.27999208028059 64.71989122165262 64.04910397977727 92.9372118725717 [] 68.71626428271466

2008-11-10 09-33-42 66.80066122903881 66.0415563560249 64.54371900426578 67.15847203084903 94.68976368869218 [] 69.30453652440518

2008-11-10 13-32-50 66.17074319250649 66.09798098332082 63.816652776593074 64.52278810779963 92.57785702109909 [] 69.0748785983429

2008-11-10 18-52-35 66.06775453047189 66.31825080028493 64.0394382713533 65.6125147625717 94.37356137183626 [] 69.42496978143566

2008-11-14 21-18-45 67.09455430141213 65.26391706225363 64.47232742093189 63.216128157290065 94.08568995284884 [] 69.11428277489033

2008-11-22 18-41-41 65.63522441345302 64.73074296738756 64.28158547167234 63.24823880386079 92.89235382281382 [] 69.95986940806173

2008-11-24 13-25-20 65.32971126402745 64.75563606746441 64.32257700136361 61.234089753183 93.01644723764304 [] 69.62576203221654

2008-11-29 09-05-50 66.6162278520149 65.59014429208204 64.68044876304093 64.78964720450092 92.07053742100808 [] 70.01696371735889

2008-12-03 18-48-39 66.39005339528815 65.45096303897914 64.63088267260225 65.2024094297667 92.78996453956884 [] 69.89029398634074

2008-12-04 12-05-26 65.83419591424617 66.28909856584399 64.6627151282393 64.09934674296929 94.51817318425044 [] 70.08772670444941

2009-01-22 13-27-14 66.64733974031039 65.85824975968144 64.80784677364375 64.39079800853482 95.12033483615461 [] 70.35572345097503

2009-01-23 02-07-14 66.49538387130279 66.96141921721627 64.77155943562839 64.87117935045401 93.38691250945524 [] 69.81907756212635

2009-01-31 14-22-24 65.70916077667546 65.6340428640377 64.77298559894014 63.99698923760474 95.74102261698484 [] 70.36438459722532

2009-01-31 21-45-57 66.11259269386471 65.83645567497322 64.84241434047797 62.511254329314696 96.18227127235882 [] 69.59651202185694

2009-02-03 23-59-41 65.69870969961816 65.45885765394374 64.90529334553847 64.58201954853598 94.34719913072038 [] 69.88174811869189

2009-02-04 23-43-44 66.03974977165566 65.4566005880801 65.37414199561903 69.59333221666067 93.61634417292777 [] 70.18679500888274

2009-02-14 12-13-13 65.69572039558668 65.38780838471165 64.97556715602826 62.65122590255621 92.19225079242554 [] 69.45119971468866

2009-02-14 12-19-37 64.47778971449452 64.94692332991602 64.66044002235985 66.68177137057617 94.80761552548145 [] 70.04907494439978

2009-02-14 12-58-48 65.6901072307043 64.84585607068246 65.09670394816835 63.19501680226058 93.80919442643601 [] 69.9910179354551

2009-02-14 13-17-48 65.48957666974684 65.00598590906894 64.82743574375574 62.076958774339445 93.58808885423483 [] 70.1964888910995

2009-02-18 13-23-46 66.39147580834836 64.87282554432176 64.90467400991591 63.53243679265614 94.76928901875701 [] 69.34554957409225

2009-02-24 10-03-22 65.45976154484234 65.0048620839585 64.92488241172416 63.33311567099427 94.88387612433579 [] 69.8295914324696

2009-02-24 10-05-15 66.53116199657252 64.32650998205102 64.61071313009327 63.61097691940463 93.75997313936739 [] 69.58824158273556

2009-03-05 09-26-17 65.94358150169487 64.26304550344032 64.73538631454232 66.21653934285291 94.3859241747155 [] 69.74102943657661

2009-03-08 09-30-56 65.70972767009867 64.56439101283983 64.82281969221644 60.63283366252621 95.12007434619541 [] 69.72124283614491

2009-03-08 23-46-48 65.37006326410965 65.33432368347131 64.87644372762158 63.11121081726909 93.25238887280376 [] 69.70740849775221

2009-03-20 22-17-13 65.00664005077712 64.95656311564179 65.05713841342633 65.10607103991778 93.0295168768052 [] 69.96622247436011

2009-03-28 02-13-01 66.12296307548579 64.72209084640231 65.41825948331768 63.77266032813769 95.71134542637778 [] 69.86287788573239

2009-03-28 12-12-58 65.20149902719852 65.16186177535113 65.20521310889596 66.80335651646719 93.72162902998551 [] 70.89669642855476

2009-03-29 00-52-41 64.79814302533141 65.04835142345956 65.17092883740759 63.81106030112613 94.29382118719546 [] 70.14178422434469

2009-03-29 17-13-20 65.37287617363236 64.6136398619297 65.56249173084906 64.8506051535103 94.76577358429009 [] 70.07925873017275

2009-03-31 23-41-53 65.09515702058644 65.1141893416197 64.83932722209393 66.84066108666374 94.39135359472775 [] 70.00542209113365

2009-04-02 10-02-37 64.60267835562037 65.36721007155322 64.84814237305318 61.6943898358281 92.95834647796089 [] 69.79857560877444

2009-04-05 09-02-11 64.376990815419 64.9662523507141 64.63451567154439 64.79259626804517 92.59005921571553 [] 69.65182222772397

2009-04-07 20-07-23 64.33546149166236 64.5830175452572 64.51139191569622 64.46783294615226 95.47846864225248 [] 69.21016763347744

2009-04-13 14-23-12 64.2162749629779 65.04778373420768 64.31258136824178 63.61942903657869 96.21250213264106 [] 69.45168135603896

2009-04-20 22-04-21 64.92104935959757 65.4612543861837 64.84908340691224 64.35155491918553 94.54116830432972 [] 70.01580129530473

2009-04-22 21-35-52 66.02362982151308 66.10523152618762 64.90883900266344 63.019493606859406 95.2879891860633 [] 70.31521609973468

2009-04-25 12-19-35 65.53221918498295 65.53813286223307 64.79394376097756 65.5508966696402 94.72374663138815 [] 70.19532977149736

2009-04-25 13-16-53 64.88631482659754 65.4101624541062 65.13334880668914 65.0698735315062 96.00697958510044 [] 69.95505018694645

2009-04-26 01-08-51 65.24063570684314 66.0825324569358 64.63799734492942 63.64975714818545 93.36799075960275 [] 70.00804429707587

2009-04-29 12-01-51 66.74637523365456 66.07197725120848 65.29868324708539 63.468926538142604 95.69714739963072 [] 70.36121953384

2009-05-01 03-00-04 66.12577387360456 65.98574486793578 65.3907035759839 63.98677407213479 95.08029168743575 [] 69.91829788401652

2009-05-14 00-23-34 66.22603650826704 65.6011385810552 65.72491518229909 65.51104395443227 96.41795918035146 [] 70.89578802551775

2009-05-17 16-44-54 66.56799499742644 66.58638527255525 65.90776091651925 61.33544381903317 94.96804575820593 [] 70.68301304420179

2009-05-19 17-36-16 66.6631683431952 66.33617643948453 65.93130026881781 64.4073591385395 95.0659056299575 [] 70.53270125765205

2009-05-25 04-15-37 65.68711302197988 65.47370814359303 65.59561107676905 65.84593960675963 95.0426523551278 [] 70.91269041084206

2009-06-03 12-47-26 65.57798391714918 65.8888858604355 65.5970119635347 67.2107892770306 97.25953878601536 [] 70.63300473343025

2009-06-10 13-39-35 65.64768457445861 66.62996205270542 65.80656587164297 68.36179299901929 95.36334198652443 [] 70.97530893279911

2009-06-16 12-05-21 66.05831534238702 66.5081442324146 65.93542494484397 65.0616899491989 98.07858043217915 [] 70.89810954816735

2009-06-17 11-54-52 66.91610001226766 66.73714753719398 65.65052256671592 63.086596164822666 94.28472478392774 [] 70.28167110039315

2009-06-18 08-20-02 65.45180644965198 65.80550563978714 65.78130414722293 63.94968560782378 97.0262948526062 [] 70.76074882032836

2009-06-18 13-23-58 66.31435089378064 66.31855128018836 65.71540345242767 62.847385994708965 93.3930956776894 [] 70.44611711728403

2009-06-18 19-59-51 65.77243441317181 66.53905899475802 65.79059093977517 67.12328733438098 96.43316918467613 [] 70.77914159166558

2009-06-19 12-10-38 65.80407063731627 64.64748354501117 65.37669788329617 65.75581823194408 97.53603625895856 [] 70.74528441654415

2009-06-19 13-14-48 65.88268236277993 65.65632887490816 65.91246323483361 65.83678816070504 97.874156358434 [] 70.81483514382383

2009-06-19 13-45-01 66.44483170656761 66.35477497804798 65.57637195398505 65.41459999258741 95.25647777612994 [] 71.10194781550997
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Table A.15 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2009-06-19 13-51-29 65.76021569898778 65.86627086465674 65.82588758001687 66.49472320545961 97.32949085233795 [] 70.94116587945891

2009-06-26 01-55-45 65.89660309926536 65.24808329449993 65.82177984576488 66.61839558686734 97.2290493331677 [] 70.71294039282427

2009-07-03 22-16-17 66.26999891971869 65.24347506117387 65.78217192154489 64.44159166245142 96.24805945293659 [] 71.29632828446724

2009-07-04 16-50-43 66.01388630097327 66.22552105643167 66.07759225118865 67.61359339647557 97.89982706370498 [] 71.10262954927614

2009-07-05 12-49-29 65.97246737907733 65.60551620753317 65.8976585297669 66.2804897738001 99.01524276935831 [] 70.91918092892608

2009-07-06 23-24-20 65.53388602700527 64.69626236498485 66.42269350670918 64.81537173998791 97.74423307650014 [] 70.96666775074661

2009-07-11 21-36-13 64.56063801998381 64.12082829492245 66.46430780465852 65.18516069244299 98.26567253762629 [] 71.6475067082871

2009-07-22 00-31-27 63.71779636446943 64.63427983953308 66.77455156328 65.48919609998802 97.32585640488585 [] 71.43070984420436

2009-07-27 02-55-02 64.77838870664941 64.29712219739048 66.60755505399439 65.72899494775984 97.5423810326514 [] 71.63141809780225

2009-08-13 00-59-32 63.841651213284536 63.94371118679264 66.77706773008141 67.91209004066329 96.27484355535299 [] 72.00126173208191

2009-08-21 00-05-51 65.96744665505153 65.31050459044309 66.78616461373812 63.18981926306232 94.1294211718966 [] 71.92570926516268

2009-08-21 13-18-31 64.96207608050769 64.27801091588472 66.7751982665363 64.18553321276754 96.84538624586608 [] 71.66831846258158

2009-08-21 14-40-29 65.57009206746007 64.83899749836624 66.53351955220454 68.00320419131809 95.62295252992683 [] 71.91205729576814

2009-08-22 18-00-39 68.37254306604365 66.4360340670805 67.12203760171903 66.35953581753321 92.1222623366766 [] 71.42086244742991

2009-09-04 02-21-13 64.94266764958246 63.449732981847504 67.14736918998605 69.63192537492674 93.37834051905394 [] 71.82900035408265

2009-09-06 15-06-25 65.21556440969243 64.32770881324929 67.0788652028933 69.16666470409432 96.35487016169895 [] 72.27738911415628

2009-09-13 14-57-24 64.50956493321895 65.409909508382 66.72546237880172 68.81051303665438 96.6413314645878 [] 72.5274620714504

2009-09-15 23-40-08 65.55446345954198 64.51691390476086 66.7093865036503 68.22844531615915 96.33543309727195 [] 72.28102068117194

2009-09-19 22-29-42 67.63358841177403 67.71368455991075 67.19093753729405 68.63283998744521 96.94061204246917 [] 71.98113131660622

2009-09-20 04-28-22 67.98474836841206 67.88141953064093 67.45925873750215 67.79828836292658 93.66658733868948 [] 72.09776196413581

2009-09-26 14-31-04 67.43066879126543 66.97445958016014 67.54510107227969 66.80476107678645 94.71425715138172 [] 72.10834531329911

2009-10-02 01-29-25 67.66515297754925 67.52559117145947 67.48804196048052 67.49738164530882 96.27997764299191 [] 72.38137329816564

2009-10-06 22-13-37 66.98670444008414 66.6797945668047 67.81213702824215 66.62635773489151 97.33815340562504 [] 71.83490241124807

2009-10-09 22-11-30 65.25232612345367 64.55596756077679 67.32240060484773 67.68980496563854 97.54424455188447 [] 72.76347038616022

2009-10-14 00-29-28 66.38174849824796 65.66737315959328 67.29550448316677 65.403860632525 97.20857584666302 [] 72.29024488807326

2009-10-14 11-52-01 65.97048790636582 65.89819250519105 67.52714974840478 68.43712166734382 97.27032595402761 [] 73.11983105029877

2009-10-17 21-38-19 68.18822016445276 67.5137951859451 67.210348464492 66.96229056715835 94.42985135605964 [] 72.94263726066428

2009-10-19 18-56-26 67.98827572614421 67.60384017868553 67.5769565831284 66.01800835893943 95.98439847056196 [] 72.26060126555038

2009-10-25 04-35-22 66.67408924608901 65.64806653493166 68.17875588771611 68.18353423112309 94.37570045760803 [] 72.50589516939615

2009-10-27 10-47-49 65.75500053190851 65.875849675539 67.85352730654168 69.82664163896104 96.66161940257614 [] 73.02672292362031

2009-10-27 17-34-36 65.60063884486628 65.99584448194524 68.04183665214988 67.92015750798518 96.27959983543016 [] 73.04847766450527

2009-11-01 23-05-09 65.7961032369473 65.82086831249413 67.94265792141755 69.38084322088471 98.04716330382142 [] 72.95485607104015

2009-11-02 10-49-02 68.73160190995301 68.55866636518394 68.03351458302586 70.06841151858232 94.59684438374518 [] 72.37897196698545

2009-11-08 18-03-09 66.76144217810585 66.69066699993841 67.76437286410173 66.62796468816033 98.14271578598871 [] 72.90580654081755

2009-11-21 18-32-19 67.17420451756234 65.84122743543139 67.59101971431508 66.23480747834584 98.30753401488596 [] 72.99964256977793

2009-11-22 03-43-55 67.17649743337711 66.23594584516846 68.47571864017536 65.7273251582735 97.64229575707998 [] 72.89586210740933

2009-11-23 06-20-09 67.15727825644304 66.01502072802953 67.96517823657365 66.23524940538118 96.1632397128653 [] 72.78384008077644

2009-11-27 02-35-15 66.83139777067258 67.45560862809114 68.22221625409847 68.87681738786058 97.76252494988712 [] 73.41391815220511

2009-12-05 17-56-25 69.32621082843036 68.74741457951976 68.3797642358473 69.07356644629718 97.82492011223836 [] 73.40059733864713

2009-12-07 01-37-34 67.51398321257106 66.8517726974055 68.48308623353607 67.29433251959827 97.5966548391954 [] 73.11560053419046

2009-12-11 02-21-10 67.55526394235696 66.36282133311163 67.99386489349222 67.63697894602657 97.56599304842567 [] 73.15544314779447

2010-01-06 08-54-49 66.73327222651281 67.47021880047029 68.33784410077519 66.9661780016387 98.61226144447724 [] 72.9562162021775

2010-01-06 09-19-04 67.51314990890089 67.98664154092737 68.63268189328558 69.64480031916824 98.02137004499306 [] 73.3797085284794

2010-01-13 18-31-29 66.57156150694411 66.37322203534814 67.89195131126151 69.53531196783119 97.55422594401595 [] 72.62384931110235

2010-01-13 18-55-37 66.85189722970526 68.41271152457912 68.29411789480034 67.69786573898052 99.56606152430516 [] 73.1192218522785

2010-01-14 01-11-54 68.18375311189845 67.5229662211517 68.60676112316621 67.92799366005815 100.15271680064953 [] 73.40415179003439

2010-01-18 02-08-30 67.41284121697394 68.02045283853785 68.10064338501563 69.20800502800412 99.59721741521807 [] 73.08579152717047

2010-01-18 04-57-17 66.15244588149667 66.89219001988636 68.52554074445952 65.42736771777712 97.26652474967261 [] 72.99564033327388

2010-01-20 02-45-23 64.91668225732141 67.71476693228617 68.33614530769397 68.80940722949363 96.6379557911745 [] 73.23666623498856

2010-01-20 02-47-37 68.97718487170235 69.45337024831306 68.68288486768255 69.03261351030471 97.62948871559553 [] 72.8784346083684

2010-01-23 00-10-40 68.84257054572376 69.17002401133101 68.55819714826876 68.61260079709734 99.74878512158625 [] 73.7460393908223

2010-01-23 23-37-52 66.85622868987238 67.1351988863225 68.35584101695096 68.35485656643331 98.18834515992971 [] 73.33052795820865

2010-01-24 22-52-21 66.92583902701993 67.03937508437151 68.74014920078831 67.42627997566315 98.46462513998907 [] 73.19128944306385

2010-01-25 13-39-24 66.19489348532143 67.11191068348421 68.45219563662155 65.22667468576135 99.56885131940454 [] 73.86091724212615

2010-01-29 09-11-47 65.86877355260306 66.94062817603849 69.3616331347281 70.40034121396832 98.17160832180215 [] 74.56635923403194

2010-01-30 18-09-18 66.15246340028331 67.4997165295419 69.55797927232508 68.08599755844733 100.30726730700758 [] 74.15166206179447

2010-01-31 18-12-57 66.26441902439781 66.74852860948491 69.41534109357941 69.13615409840439 99.69256847873298 [] 74.84051825435404

2010-02-21 13-10-26 67.37602599937958 67.2663901560853 70.11068780337685 70.99573942399152 103.73780253368997 [] 74.5764393270889

2010-02-26 18-21-42 66.95628567697413 67.04543191810748 70.06386795107957 70.40957035315179 103.70548837112639 [] 75.76701485538706

2010-02-26 18-34-16 67.72366001921523 67.39956722262757 70.37131185523377 70.78357003822615 100.55590367498425 [] 75.06176485876851

2010-02-26 19-33-49 66.9746214223984 66.60281870777366 70.18975124977723 70.6781577865298 102.88702482707409 [] 75.12891491695555

2010-03-05 23-38-54 67.85206523103459 67.24256657654306 70.06513181118362 71.60331791994234 104.57168993161865 [] 74.68429176595056

2010-03-15 15-38-09 68.24358469770934 69.58719430132801 70.01211856323486 64.84425028405218 102.13007047141309 [] 75.28234102790844

2010-03-15 23-55-26 69.39622120572957 69.69254757342834 70.1789666110733 69.50035791416693 101.82232825403233 [] 75.21648807694655

2010-03-18 18-35-37 68.57998710377368 66.64833143112271 70.38052523009982 71.24459439171798 100.85411834190788 [] 75.27766763694045

2010-03-18 22-45-35 67.38870970597318 66.6620482696502 70.33176431025213 66.14156646167791 100.35885691769559 [] 75.11245567134236

2010-03-19 14-48-51 68.49737454335887 68.31830471981806 70.4077676638935 68.54091393674284 100.09308454388142 [] 74.84281002619727

2010-03-21 19-12-03 69.06489386271123 68.32517385021376 70.58916698486937 70.78833889329556 99.2434610927113 [] 75.26635578683008

2010-03-26 13-13-24 67.98888937093416 67.98095891411586 70.01739293542217 67.96199674963178 100.1837271212356 [] 75.29507910827647

2010-03-26 14-06-56 67.41965203571405 66.961359320974 70.88558786994345 69.24151142806788 99.85026391836783 [] 75.14158772548106

2010-03-31 15-58-58 69.4038700819622 68.83148973359185 70.96092474247855 71.70492891721167 102.45248444419205 [] 75.56825919978125

2010-03-31 16-03-56 69.39212309422399 68.90625949433421 70.96209754908742 72.24704374189619 103.34683738876848 [] 75.52851606165142

2010-04-03 17-34-52 68.69668348211948 68.90438166838017 70.80155026273334 68.4054318567452 102.34347637521539 [] 75.84382177226537

2010-04-06 18-48-32 69.56767916592464 68.86905023435446 70.9271252831076 68.71194828086213 101.07199805285885 [] 76.3264910391966

2010-04-06 18-51-29 68.55526868794122 68.6846279079452 70.95390081746457 69.31033083501721 102.3209417264305 [] 75.93782422575345

2010-04-14 12-31-26 69.63353263251146 69.29427845907958 70.85880756329666 72.12756360700587 102.49266415601764 [] 76.10601443836137

2010-04-18 22-09-30 68.82425148956693 69.49528632897163 71.44214947768054 69.03775457455315 104.89274998191827 [] 76.04138783222898

2010-04-21 18-05-10 68.90572745626343 68.55829538005372 71.04155046146539 71.7178610343881 100.60334146734377 [] 75.88038458636092

2010-04-29 13-43-39 69.65634702006392 69.42854039408844 71.50540034178569 69.7135293924433 100.28784872344221 [] 76.17302768214992

2010-05-02 18-45-02 70.08032167149335 69.72404886372642 71.2705216644279 70.44016338032523 101.77961160815495 [] 76.00688664364964

2010-05-04 15-45-25 69.65069304052254 68.83018640068245 71.3171603888343 71.21177565579146 100.6851491299567 [] 76.01879338505572

2010-05-09 00-13-40 69.71553808474621 70.18348128497671 71.2333664046813 71.9347292366858 103.01838977928978 [] 76.05228443685482

2010-10-12 04-18-05 76.80369745599197 77.50404445888617 77.17798036321128 79.83499030036205 108.62696985321774 [] 85.38857641497732

2010-12-05 23-11-15 76.22289575950661 75.6269473564405 76.90420670110761 84.01456567124542 111.42194112504671 [] 85.6436420580932

2011-01-18 13-52-48 78.73697989415425 78.89777103086355 77.5237596304836 75.84472860577273 108.72804208721941 [] 85.56942497218196

2011-01-25 23-21-46 78.37388182409204 80.05321645836375 77.79830091783666 73.45027545396307 109.7299651535269 [] 85.11682132310945

2011-02-10 11-18-31 77.58876169555927 76.95417267570487 77.81532445450364 77.37481236833972 109.53310572076381 [] 85.74790447391673

2011-02-15 03-02-08 78.02782382128892 77.61406893081111 77.89623203383027 78.56847458000274 110.3180530587143 [] 86.05300898956736

2011-02-26 22-24-08 80.07879749966715 79.14321725870771 77.33272638656186 77.05750468725412 111.49348192594353 [] 86.018543024557

2011-04-16 18-07-35 76.02570045626717 78.06047687171169 77.99377228335716 83.77316259757019 113.27777274972163 [] 86.41313013863216

2011-05-14 15-23-55 79.17888630966175 80.02095850709156 78.69106364286259 79.42168611059809 112.70265861590046 [] 86.83907886843411

2011-05-16 13-19-25 78.59858186494085 80.28783750773168 78.93573467618073 77.79673283454761 112.12173100202051 [] 86.75537628172671

2011-05-16 13-53-19 78.97977670624725 80.41086297520357 78.6178476586937 81.37760976936863 111.90948797327067 [] 86.69824543197777

2011-06-18 09-23-09 78.82598791107895 79.81038747573864 78.61175523792804 81.10656468710485 110.43703645069283 [] 86.70077282441886

2011-11-09 20-23-38 81.90148693147039 81.43898792989926 79.97443423436194 78.27109730499546 114.5319157460212 [] 87.99338316496532

2012-03-07 12-25-53 82.31629759520779 82.12182448523403 80.84223530568072 82.8600423974671 118.03608750708209 [] 89.84680344538586

2012-12-19 15-53-33 85.44749897492902 83.25397123662212 81.7141142174789 83.57155326325424 114.58166875842707 [] 89.66841220070953

2013-01-17 10-24-51 84.08156149282179 84.080997656926 82.31171424980582 83.26777055288669 115.51855914941957 [] 90.61788099784225

2013-07-05 22-00-57 83.78197386013878 84.08033273089124 82.67549310583404 79.26801688728108 115.02048992605982 [] 90.98955938342002

2014-02-19 18-53-25 80.04546722175924 79.95113656106233 82.41551279248071 86.51753636767528 114.42488773082937 [] 91.31903313222358

2014-02-25 17-31-22 81.66743499939471 80.39266654289437 82.4768643583309 82.63872644893819 120.81428832437048 [] 91.14426191390879

2014-06-22 16-30-41 84.01583116512505 83.62113504710794 83.59916040538509 84.20932792544677 118.58529826196032 [] 92.614619800527

2014-11-27 23-31-58 81.00513816208777 81.64528591186333 83.815095453511 85.40718711401715 115.27557749183259 [] 92.3518650812845

2014-12-10 13-46-53 81.48706242559919 82.03830182708 84.3245572720918 86.8467106976693 119.6852997081019 [] 92.89473388687726

2015-10-05 11-15-43 88.85458236498064 87.88649826106533 85.70597947192145 87.37374401425558 120.1984395532379 [] 94.89178208604287

2015-10-12 03-12-17 88.15507621694974 87.3848924909196 85.54816964739413 82.63250860155952 121.95788995566697 [] 95.40430244341982

2016-02-12 22-12-47 87.63733358121468 87.77964255843729 86.4765358152304 83.64426198500826 122.04625077916403 [] 95.52813322425962

2016-05-31 02-44-34 87.38906855216604 87.33683871296977 86.92776660047326 83.23586368359375 124.89399986731709 [] 96.073190965499

2016-11-24 22-08-12 91.92687883317475 91.35838356112461 87.90950752341456 86.62310703099146 122.83392437618245 [] 97.07381079756078

2016-11-24 22-18-55 91.49148061066157 90.29698908988408 88.01092817413587 94.1260816422922 120.81815913744194 [] 97.41541626760225

2016-11-24 22-30-52 92.44473607752941 90.03451768317936 87.66058485867829 89.1364862900555 125.54064064369788 [] 97.08095898099184

2017-01-08 14-43-54 90.78014641064244 90.74206355200202 88.24742645344065 91.5813213546925 119.16638178462388 [] 97.93494109376462

2017-01-10 14-58-54 95.11213355880446 94.5552598763873 90.75373749786685 92.24001959570758 125.85298365084168 [] 99.98205138146888

2017-01-11 16-27-12 93.51997482735143 93.94890464963642 90.91949998395401 96.96444905268626 127.06719633050548 [] 99.99501541241747

2017-01-11 16-35-52 92.12732343840904 92.7896697725795 91.158018550805 94.95065796366598 126.85612670323674 [] 100.74324889802952

2017-07-15 14-52-26 95.91680672900625 96.29066226033808 92.59701037979495 94.29171918818383 131.39839303013446 [] 102.89453861415541

2017-07-15 17-34-33 95.8978480083352 96.45630349819211 93.08653413359943 94.3584231704149 134.71379689926277 [] 102.75880646140183

2017-07-15 20-49-32 96.53078188466611 95.7390649651993 92.79755599314583 101.35186007552754 129.93714325326943 [] 103.206728400119

2017-07-15 21-14-16 95.38097491485564 96.61154508837578 92.13147551697254 94.9330855212159 127.195097853111 [] 103.11707748110643

2017-07-21 09-50-55 96.14578855892674 95.52768702979468 93.43788458761983 91.28177938721096 131.968222744049 [] 102.69384176061706

2017-07-27 02-59-13 94.79608564915739 95.66246836152615 92.69404077213935 92.64239223550723 132.07545144093382 [] 102.92990073264723

2017-08-03 03-46-14 95.88233265486124 95.89874643098203 93.15529557886097 95.0892974947629 131.70139768366272 [] 102.79236484916078

2017-08-14 12-25-55 92.29414974151607 91.70361527209415 91.1392155679719 102.59347899173856 131.51650531976196 [] 101.27177907263228

2017-08-18 19-15-29 91.84195693298109 92.19793322016805 91.46204776427734 97.49006754520462 130.9082256144888 [] 101.56600544461824

2018-04-06 19-01-51 96.05975087632604 96.15376861154466 94.44464341186058 97.74597733687509 127.82707724757067 [] 104.48903286617849

2018-06-06 15-16-48 97.90504355788597 96.93097395195987 95.14848045357365 100.19969065800808 136.4073346104745 [] 104.81071123983136

2018-11-18 19-19-29 97.79573611375986 96.89082147223196 96.1814089102461 99.85822668177067 133.4973827116155 [] 106.22040530697268

2019-01-06 20-12-16 96.5101485548641 96.01341042127585 96.40011248271065 98.79646674072151 137.05017874078786 [] 106.7040461832045

2019-04-30 10-51-27 100.58267237285622 100.16019610645606 96.33453274447149 97.5670167457898 136.8768209670583 [] 107.59391120795044

2019-07-02 11-35-03 101.01005540653483 99.74326490331788 96.4801002767016 98.04872548018508 135.93313872215057 [] 107.07703540286525

2019-10-14 12-48-38 100.66801066086842 99.84611311117992 96.43499194841083 96.34274490050691 139.50710993972848 [] 106.95688294247638

2020-08-13 17-12-56 94.01241509851108 93.57490022721015 91.69033695352182 90.29876263938186 129.85667179112338 [] 98.13960283085831

2020-12-16 21-53-05 93.96158197541062 95.1859492920635 92.77422140671763 92.22056570810769 123.80818267040108 [] 100.25158059285295

Table A.16: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2007-01-24 09-14-09 73.02317605669069 70.10251747100263 93.53282145774605 92.77977246815587 94.96755620229101 140.92410810809537 98.68496753685653

2007-01-24 09-32-19 73.84638429386777 72.08705945095763 94.05699490088003 87.25514222702672 94.9102362192712 [] 98.74789060518506

2007-01-24 09-32-42 75.07294414112143 73.67242783147586 93.65468870840486 93.27646595537729 97.65174226949527 [] 99.78074107983174

2007-01-24 12-16-08 74.71197470792669 72.08148206132955 93.38682522041736 92.72214891602741 97.58648729507172 [] 98.5327271603584

2007-01-24 14-34-35 70.84282959821552 70.8752767667219 94.12644836362631 91.8309502617461 97.98744835889585 [] 99.5354344311177
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Table A.16 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2007-01-24 14-50-27 73.94282500812305 73.9243068784746 93.674680933097 92.61079925692601 95.9960631601275 [] 98.34925818971348

2007-01-24 23-53-22 74.53517156457899 72.1637533388844 92.19792568436371 91.96704201009838 95.87300736662746 [] 98.18274047340009

2007-01-26 09-03-23 73.06624219307892 73.67578123468641 92.80189538272207 92.67378162660496 98.65118090449114 [] 98.03664762391485

2007-01-27 13-44-53 73.77411307406162 74.10033824449792 92.84908342806037 93.40799622488791 98.03793979659636 [] 98.65279317397271

2007-01-29 23-56-13 76.69971438096144 75.72449316694625 93.11740657418363 92.67501748132939 93.00608842315091 [] 98.39237840221071

2007-02-02 01-17-52 75.34499503906893 74.79447437432489 93.56672203775784 92.24446225115267 97.4266510699367 [] 98.51198269984653

2007-02-02 16-06-02 77.13652149712907 75.47152886977253 93.26797226258839 92.87844546168431 95.52027164419576 [] 98.85814487939572

2007-02-04 17-11-25 78.20522230365927 74.28701286246432 94.32387094306175 92.5638630096557 97.40965233711363 [] 99.10115801619203

2007-02-04 17-21-55 76.54366948377438 74.42249344670756 93.35564468327178 93.47750635784023 92.68772461168206 [] 98.92668765857039

2007-02-04 17-24-53 77.49145729727425 76.20063139294365 92.91780393951458 93.17979141553438 100.21287217637625 [] 99.06779241910246

2007-02-06 19-28-50 78.6922155718946 75.53509424448093 93.78786308853307 93.77051079110227 99.00977966339931 [] 99.23602934660728

2007-02-14 13-20-29 76.17179806639403 76.67850588953361 94.15184245535687 95.38793245421905 99.13208943099022 [] 98.91482386560213

2007-02-27 21-15-08 77.10872779971007 74.20504849629961 93.449143495732 94.5922434441318 95.49734470869353 [] 99.69750029293839

2007-03-05 19-55-30 74.73452235916636 77.61500878101721 94.22793165002273 95.39999603557274 97.53457149973606 [] 100.25836609099345

2007-03-09 16-56-38 75.30290320268985 76.02269302097997 94.91307018468513 94.36665170022395 97.58049362342692 [] 100.40615978280876

2007-03-10 16-58-49 78.01409686078793 76.42517432621976 94.84804880450966 96.75530391127742 96.62017767315417 [] 101.62152399655001

2007-03-19 20-28-03 76.21358552029812 76.52189921786702 95.18380108058228 93.85649301293435 98.72769408678161 [] 100.98423218018698

2007-03-24 15-37-57 78.01929695616265 74.17983837367669 95.50333283797531 96.72748991975558 100.72933305394062 [] 101.023244496189

2007-03-25 21-50-18 76.53967831589281 76.00203597854322 95.20511179530183 100.80309693996882 100.8866519711128 [] 101.04729031869495

2007-03-27 22-01-31 78.45676870329142 75.87655688187836 95.00098833824921 93.27884580644054 99.34124102093303 [] 100.72078716951589

2007-03-28 15-00-27 78.84791169578236 77.08619868172168 94.83631501101951 98.0927469212523 95.81765878291253 [] 101.13125197531447

2007-03-28 16-46-03 78.80366844732495 74.72735207647966 94.564441432822 95.38806220737031 103.90397246552838 [] 101.71881659341844

2007-03-28 16-48-40 77.64255545588887 77.41225252916749 96.43194607324666 96.4017830569926 99.71023047726848 [] 101.56322645379414

2007-03-28 20-35-13 80.27287751420613 78.81003214802874 96.55628574801267 97.83214665759881 100.72718956326068 [] 101.50790992562222

2007-04-01 01-18-20 77.9708398561595 78.61361044531024 96.82624533103017 95.96905388207837 102.60489672560941 [] 101.55559901090253

2007-04-01 19-10-36 80.33274966132299 80.96687679095501 96.74401719584417 96.47589739413806 101.65215433817596 [] 102.84264324422563

2007-04-04 23-41-35 82.1268579399141 79.1782199647433 96.61547817076715 94.40119966661257 103.90807015700864 [] 103.58485956668135

2007-04-05 13-16-39 82.2026235789469 82.00291946949024 98.00086520500959 96.78409236383735 103.71888937128176 [] 103.64780374127886

2007-04-05 20-26-28 84.02914215208575 80.08140109552616 97.78554531256007 96.17772939910836 104.33816998299278 [] 103.05582114631693

2007-04-09 13-04-50 82.29363781741797 80.62424673733506 97.57039900870811 96.64495797790671 105.00903261600949 [] 104.20095667249265

2007-04-10 23-03-30 83.59088333049314 84.05020602059909 97.87402927520395 96.6726033007271 101.27417485162297 [] 103.11150471410114

2007-04-10 23-32-37 82.65912499747364 84.11144835495774 97.6920545883016 96.60262718019524 105.6453952142815 [] 103.94691429336244

2007-04-13 10-00-12 83.03047705787385 80.44199114435051 97.85818687197877 97.90096683639175 101.49679502806387 [] 104.95709456209093

2007-04-15 08-43-23 81.60088396351229 81.3596453990351 98.64186947777458 97.39179282993318 103.84724100401543 [] 104.5881438184261

2007-04-28 16-48-04 79.31155414929714 81.22441955608524 98.88008650972742 99.62984196243627 100.27475616309447 [] 105.2640915143048

2007-04-28 16-48-27 80.61421117138964 81.83461881662895 99.45803610969475 98.3498218126677 104.0460771061582 [] 104.69360918444958

2007-05-02 21-39-29 82.26160820515392 82.93034679849833 98.48294672563921 97.50439953388593 104.73725032998425 [] 104.78697340983031

2007-05-02 22-04-38 82.77951301577949 84.1228229674245 98.68444284092327 100.38480654837335 100.75352790792981 [] 105.79208692682698

2007-05-08 17-27-17 83.78020632629742 79.51921285387377 99.2786392809281 100.16500090511856 99.77690633692121 [] 105.30272041389871

2007-05-08 17-52-17 82.52235704324542 81.34694896462777 98.95884517422613 98.36070330745746 99.76389928937368 [] 105.59656066275072

2007-05-15 23-57-46 83.22078517187796 81.19478466430283 98.86797073741022 97.0160211857223 104.78154643208885 [] 104.74153051560954

2007-05-18 09-45-36 81.74350065979203 81.47032792905733 100.08306448722699 97.15463421507384 109.85773514012196 [] 105.16385470778832

2007-05-20 21-51-38 83.9713906081179 81.86086734136231 99.9229008926999 99.8255723568941 106.35879160067311 [] 105.35613669679734

2007-05-21 23-30-54 83.07929655600773 80.95156946089648 99.97061300268817 98.9987709213507 106.64084930443319 [] 105.28795540467323

2007-05-26 11-59-01 85.42375663407404 82.32517976703417 99.4483870291899 98.40887834770042 103.39709522785613 [] 105.83719045846416

2007-05-30 00-29-55 84.62584551292602 79.2635470188695 99.76731932498367 97.99599254689196 105.86632814708885 [] 106.20318272798083

2007-06-07 13-22-56 84.82849022190855 82.26452990448135 99.10279332665746 99.66215281648383 101.06019588063641 [] 106.08604437806665

2007-06-08 08-02-53 82.8053129126715 81.75633562543676 100.72169227809425 101.88257454389128 106.90381845758574 [] 106.44768822920017

2007-06-08 13-05-39 82.69837845940204 83.31897947188128 101.51182561898237 99.22146166323128 102.70835922187044 [] 107.5748923392764

2007-06-10 15-08-44 83.55881043712947 84.76157206996417 101.69516369878919 102.96117841320218 107.8500956186227 [] 106.95687608547352

2007-06-10 17-11-59 81.94233285608952 83.68616384729563 100.99680308310386 100.44173685250853 106.30028480360443 [] 107.68877260794109

2007-06-10 18-04-54 83.15497512405946 82.70127582108371 100.11073664934081 101.91378627925019 106.55882967806649 [] 107.70797508713717

2007-06-11 16-31-55 87.49673476814255 79.94980128453494 101.55627748851532 101.56894099618376 107.03747672522013 [] 106.8353786345835

2007-06-12 08-12-33 83.14117729339023 81.06754357059455 101.26730631771423 100.01775678583276 102.44748045702686 [] 106.69313769863268

2007-06-12 22-04-57 88.08550170263443 83.60707484932792 101.36187954432744 100.5582820084003 106.17818495432314 [] 107.4987345855156

2007-06-13 07-34-15 83.88438298251056 78.50470375579702 101.2018588335404 102.8157666673059 106.26617802339463 [] 108.56002356924871

2007-06-15 23-43-11 83.2137560429201 79.29046625280344 101.26720212483514 100.08527953698442 105.24210482803505 [] 107.38916881072757

2007-06-16 00-30-52 85.12001150474055 81.48738835379308 101.54947947660175 101.42423903326016 105.50420327816425 [] 108.36050904078566

2007-06-16 13-37-59 85.2084995902558 80.69282712380777 101.06575328471303 102.81866106693136 110.95503189415679 [] 107.54836030514727

2007-06-16 13-56-51 84.24657539222349 82.40669120979 100.91918416119937 102.21010182510955 105.62168716218412 [] 107.00000804862839

2007-06-17 19-09-05 85.5487820862474 81.96556796310063 100.722972899897 101.45588478577073 106.99888433458068 [] 107.78946212570654

2007-06-19 11-24-47 85.93971111667284 80.82115347924147 100.96947478513533 100.38834878820815 103.03429120067877 [] 107.39496774261552

2007-06-19 13-46-24 82.28417520547211 81.6113306293008 101.3818262803885 99.66831059745344 109.3797729416106 [] 107.97878156444153

2007-06-19 22-22-57 83.28338445509158 83.97121243254756 101.26451747561694 101.89894143929821 105.86374930890952 [] 108.37676517919083

2007-06-20 15-23-03 84.49709323945429 81.72655015962931 101.2490328327918 103.38110275980925 105.26815986072177 [] 107.8740630080332

2007-06-21 12-41-59 84.98497474942845 81.97200329673508 101.9685489325063 99.53524787362552 107.03086402191357 [] 106.98843469090215

2007-07-01 17-05-57 83.7087993028883 80.2432267789309 101.01617338713038 99.47709916414372 105.94982540151378 [] 108.28800369204154

2007-07-14 22-07-14 83.25058958463634 82.51706632660483 101.84893893585952 98.22136920571246 111.72059135387656 [] 108.24281837971655

2007-07-15 19-27-48 83.23867964183297 80.82156669708463 101.35017698576226 100.46479060643881 106.3098338131199 [] 108.77828727464524

2007-07-19 21-49-30 82.83642654178206 80.18229113627307 102.95519691938004 102.63974840481862 107.18297017939082 [] 109.28093455817557

2007-07-20 21-28-41 84.53113112042672 83.08546527118402 102.25735584217304 102.50018790566855 111.90431214829223 [] 108.74664400444185

2007-07-23 14-03-30 89.01238458588685 87.88506817826953 103.74483534902522 102.82824760727075 110.26399344087065 [] 110.03050394609821

2007-08-02 22-23-47 88.05417249709156 86.87998446078741 104.01155016653188 102.87572690096087 105.79398876401929 [] 109.30458493568229

2007-08-12 21-05-49 88.85770789083811 82.24412509767326 103.5088789359695 100.26500535868621 106.69458331959474 [] 109.45508980384355

2007-08-13 14-10-24 84.71773351678812 82.83382884511646 104.14741470369727 102.77017150330553 106.53906040486186 [] 111.93424726298356

2007-08-14 16-45-29 82.82111047582855 84.59009492778884 104.54472783176732 104.88607283076828 111.7621294093043 [] 111.30428621963765

2007-08-15 20-05-37 85.06667791693687 83.07697313580964 104.65796398439105 103.12548812701637 106.79935911182827 [] 110.34822604010051

2007-08-21 10-26-55 86.9587703726817 84.65163348350947 105.19251235299157 104.68205026681744 110.3853506767925 [] 111.14791155067067

2007-08-21 10-58-18 82.11233841610675 83.98625306155706 104.47260511978918 104.05822982431759 111.25173821993504 [] 112.02433707968389

2007-08-25 18-25-24 77.58495666890471 77.19427303936507 105.87715466210697 103.01566718034084 114.74468705927197 [] 112.14272786808844

2007-09-02 22-12-07 77.33576876686148 76.4519766048821 105.27657461458713 104.41877367973923 118.24689302990846 [] 112.1204746656917

2007-09-08 16-51-19 77.91334335267325 75.37249043380275 105.4396846935194 101.29069646418364 117.12686471156704 [] 111.10002516984655

2007-09-15 13-28-30 82.28267450096614 77.32643927253079 106.50621044776233 102.39603098278815 118.81679337254525 [] 112.5320455134291

2007-09-21 13-43-28 73.98661375911301 75.30499793186833 105.62027158417891 103.99476392537181 117.66786892862206 [] 112.16946850927908

2007-09-21 22-35-18 78.41118998384775 78.35789817227511 105.67608949880662 103.89147051901287 120.06365052594201 [] 112.0052717594281

2007-09-22 20-51-41 76.05514308723745 77.23384185615959 106.18013594248535 105.83229724172251 117.9527514167634 [] 112.45065445390287

2007-09-29 22-26-01 78.92747097791616 76.85239188271194 105.7985455069509 104.69392975202884 117.29866361897226 [] 112.65635358404265

2007-10-07 17-06-01 80.02381529148269 75.72676826163047 106.11461984682862 103.52335178274318 118.93665827368784 [] 111.19709065586576

2007-10-07 17-06-26 75.4266997565665 74.20800128108912 105.8628412404643 103.62133130089778 114.93784783755184 [] 112.99373280527907

2007-10-07 20-46-34 78.04744649233473 76.89859420919898 106.46468063749793 105.2270449535581 119.07327914663536 [] 111.42112182422696

2007-10-13 03-36-03 75.4796835496724 77.29485517329266 106.21541199983967 105.15950684481784 116.61758152799571 [] 111.89058806109995

2007-10-14 04-48-44 76.93606691496207 73.89144494971808 105.85930386833112 103.48160964403891 115.85103990595607 [] 112.1748083399302

2007-10-14 04-55-59 77.7755344156304 75.75910455665252 105.95764008752538 102.63703583002366 116.21463634946626 [] 112.07713172513495

2007-10-18 12-54-39 75.88067334194248 78.08735069369763 105.62433702512564 105.75714017421144 111.21801332994228 [] 112.06652790762284

2007-10-20 00-17-34 77.3664047209532 75.68709842769962 106.4681614744082 103.92226195634983 112.47089404371509 [] 112.6586328171064

2007-10-29 19-33-26 78.95117255252711 74.24499627697972 106.80151843627159 102.81611904742579 112.53907709722304 [] 112.27442865426849

2007-10-29 21-21-27 73.4080511215702 76.88620067563848 105.74427933265974 103.86502805306608 117.62012989973096 [] 112.147447366266

2007-11-04 15-43-26 76.5763765597394 76.84157971774789 106.66823131610681 102.90632974342543 117.51360084035366 [] 111.94008906157538

2007-11-14 10-18-33 74.54805535046057 75.17034506691778 106.629737881519 106.28663208648099 117.4405519615647 [] 112.8639520494692

2007-11-15 07-02-55 77.90869545644833 78.58744821363675 106.82817580689871 105.52481714230521 117.64037337439363 [] 113.32136847471585

2007-11-18 05-36-50 74.69828382203976 75.13001116785085 107.38582717505217 104.11269324554863 114.97642809485922 [] 112.68943592738576

2007-11-22 00-58-49 80.6144793633389 78.7556819706771 107.3430210163815 106.33176543702919 116.83145753863027 [] 113.6379955476278

2007-11-22 01-10-41 77.12848325029888 77.26623717594744 107.02391485903391 108.83751819293002 117.70055578660558 [] 113.61172310239131

2007-11-23 21-20-21 75.54516968382502 77.26494177854269 107.51620907430645 106.01121828406619 119.13186045154741 [] 113.54713185096179

2007-11-23 23-28-55 82.07945953283107 85.06724798302646 107.5584956063058 106.90122642006713 117.95102817170277 [] 113.41518049183455

2007-11-23 23-39-01 81.60302440419312 84.56092685487502 107.79477500992057 107.93423231799322 113.83030191884521 [] 114.3366567413198

2007-11-25 03-15-24 81.99797397672852 83.05895109928338 108.28114407605422 106.93997024789887 117.73797602746049 [] 113.93228950566524

2007-11-28 19-23-12 79.65826644330232 86.21311102993509 107.87653375387565 108.55249633275112 117.52225510410221 [] 113.04737419393295

2007-12-02 03-27-42 81.11552497236832 84.3883323523481 107.820931409475 107.11859281543903 115.82338717701134 [] 115.13661671285904

2007-12-02 08-56-53 84.00507020622142 84.45403443296452 108.31103418954758 105.0745083803196 117.04257937704779 [] 114.4197842302261

2007-12-10 07-06-04 80.24486708386603 82.63789816381677 108.10451051758064 106.93272260629801 116.19390718384764 [] 113.92986901386723

2007-12-22 15-40-13 81.02839309578482 84.22800548430762 108.04740490071326 104.41372348442022 114.3032852957356 [] 114.5386309146115

2007-12-22 17-00-11 82.55994472644463 85.488561688851 107.98576911056048 107.39316183539131 117.15034277262696 [] 114.4827633043102

2007-12-24 14-09-19 82.16210588338322 83.48730878716376 108.04838242192746 110.47769836018475 116.37205526010057 [] 115.19241983811007

2007-12-25 01-08-58 84.23121911481896 84.42463354543155 108.78794993253511 106.31594868533777 120.5110084149832 [] 115.24131548831917

2007-12-25 04-30-14 85.8176947281 88.16350483197371 108.87255900438879 106.92705628685044 116.98850974314612 [] 116.59035028068342

2008-01-05 03-26-41 81.85767091358414 82.01108490051507 110.31001406036543 106.85280368350793 121.08020788210433 [] 115.96647992345022

2008-01-06 06-27-17 85.71212406334142 87.73645902866303 109.89569546755781 106.42462741138179 119.79249098554862 [] 115.6691529807063

2008-01-07 19-06-47 84.26036514009586 85.4414192446648 109.6693629063147 108.01746079291964 118.78765050235764 [] 116.055152270761

2008-01-08 20-32-12 85.3126344981253 85.36014377281023 109.89619258173673 107.04782382507506 119.4715626443146 [] 115.91624500377938

2008-01-13 15-23-27 84.93226108699828 88.95158697490726 109.4734957767984 107.292711315265 120.55527546676907 [] 116.17258135046286

2008-01-13 18-43-50 88.53172362694662 86.4288574142749 110.8323657650614 108.65925834275848 120.53335359097564 [] 116.56460030801836

2008-01-14 16-10-11 89.06788175518562 86.70688439649732 110.46384222557768 106.70401365997763 116.55522394888757 [] 116.20423046293783

2008-01-18 20-41-24 78.86719731766055 87.7926048203673 109.2318719600612 108.88033841190706 119.13901144380502 [] 115.16781403713443

2008-01-28 22-47-03 83.3551354491636 85.04194112689801 110.7834964694235 106.29384015753712 119.89582440115564 [] 116.32476287540472

2008-02-01 06-53-50 82.38703848728383 84.69348453590415 110.30032229757289 106.70075370052432 120.49097774206216 [] 116.42768181273894

2008-02-01 23-25-32 82.82148704463604 84.04688086237302 110.60191447980276 108.44378343328837 120.24224739443173 [] 116.28781851906975

2008-02-03 23-52-41 81.98390865889525 83.15112714317387 110.54660121481086 107.20384309600028 117.75772300852762 [] 116.257003402377

2008-02-04 13-12-16 84.35562750090386 82.97466858896595 110.6451789173432 109.5128498439914 117.62838848362344 [] 117.12116100443181

2008-02-08 15-04-00 89.16813993801865 85.72673458348177 110.48883731847866 108.78384482041261 117.6832736925431 [] 117.21994246673921

2008-02-08 18-24-54 84.05688051542282 84.36337045538168 113.39108182401962 108.32268503444682 123.1042616322521 [] 120.16729197589515

2008-02-11 11-44-38 85.57051474765143 85.53865000684902 112.93935195229638 112.20297720518292 119.0920129602459 [] 119.17284694369839

2008-02-13 16-52-00 87.7504818184311 84.62739718040237 113.34920945967421 111.28458488729916 121.15826643648613 [] 118.3688567220612

2008-02-14 20-37-54 86.59460764946667 85.22413809294832 113.20813165932887 111.31158403451852 119.61093099367261 [] 118.80147121752448

2008-02-15 02-27-19 85.57053914861538 86.47301779818609 113.16590858050056 110.85420164944753 120.59812424927357 [] 120.10191583414687

2008-02-15 15-17-23 84.84732719966269 88.6179919392231 114.36327163298242 111.78703847841071 120.86243650239427 [] 119.83545343019641

2008-02-16 23-28-42 87.03118694404117 92.05350079578231 114.07945723660805 113.7567875670104 121.7329913821607 [] 120.4247045434407

2008-02-18 12-07-49 86.6136046089277 90.81990041913441 114.78052729573812 111.55166587220693 122.74186223111269 [] 121.13178993267279

2008-02-18 21-08-49 91.01478596295254 93.9599215521307 121.65009929640505 121.5527652565431 130.79403787720383 [] 128.76486056885824

2008-02-18 23-24-46 94.67017260916705 93.69521690207661 121.08672586192111 118.46839759479323 132.46895693771563 [] 129.41287637332817

2008-02-19 02-57-07 93.16733700702284 92.47700234235322 120.7016063072784 120.10723151052203 133.25201364663485 [] 128.81995714387736

2008-02-19 11-26-28 94.11335326234122 94.98996819832358 121.77084458093387 118.03734717385319 131.2780120978865 [] 129.6192132342698

2008-02-19 11-36-22 95.51835675219502 96.38749207560471 123.81383270484953 124.13620236090628 133.02296063913641 [] 131.4234457734971

2008-02-19 23-42-22 94.93977893676205 96.19335876691835 124.56063620372194 121.48863327939883 136.69700219495942 [] 131.56404925929075

2008-02-20 22-29-52 94.44130107905917 92.81339979508019 124.89054026189072 123.07721296777895 130.12305621589056 [] 132.590312764503

2008-02-22 22-24-48 96.80131898851796 96.0429067153803 125.41805686804949 123.17530456726584 135.18822178048737 [] 132.37793689447773

2008-02-24 22-45-04 96.7485246656593 97.48015041439545 124.20873017308688 119.55121402069975 132.9752708257003 [] 133.18633468192925

2008-02-24 23-32-36 96.41187080944522 98.43746592472448 125.0493907829836 123.69842236810314 132.06039909600722 [] 132.14345737872895

2008-02-26 18-25-24 97.86315799778595 96.0991824772685 124.37692740803077 121.79075329727826 133.8133460734508 [] 132.22962774024214
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Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-02-26 20-13-52 95.263278535154 98.9369341268737 124.82342366878274 123.44718313906046 131.25718103865455 [] 133.08811663339708

2008-02-27 09-39-04 96.82192569248733 98.5123401593674 122.69992444135607 121.88376392221252 133.162738144979 [] 129.86213097042418

2008-02-27 11-54-59 96.48119512465102 98.39461246944134 122.76669596559032 119.42445129673027 133.47995703554238 [] 130.19135756020003

2008-03-12 22-10-25 94.57148383687021 96.36316718909191 121.78071724405584 119.6769583315257 133.18050666405586 [] 130.8249643143794

2008-03-17 09-10-39 98.73311234474389 100.48473070274515 122.92370596500886 119.64365596859825 135.1156982957766 [] 130.75663792208314

2008-03-17 09-13-22 97.00860672387861 98.03599562549263 122.82604583177606 118.48800128287863 134.4882911289333 [] 130.4290219673523

2008-03-17 09-17-27 98.86121562295833 98.65668648225363 122.96013112842813 121.58130313319766 133.5048019818301 [] 130.6049139986497

2008-03-17 09-21-26 94.41747757619757 99.22824720587502 122.76627655269408 121.97224633992678 132.12331844287144 [] 130.57797843249134

2008-03-17 09-25-05 88.91541748460303 90.99761518228965 118.93039519105764 115.48246506793171 127.1877102028798 [] 127.61173273998729

2008-03-19 23-15-26 89.08935319687576 90.04602032139161 119.72630683942461 115.78410012633015 128.7392308264025 [] 126.892503885713

2008-03-20 16-04-36 88.70800602795076 88.44140464544229 120.14264004805277 118.72729268313692 127.38201329550873 [] 127.95329491926377

2008-03-21 18-29-01 84.70918773373054 89.60610721077528 119.99624860585428 115.1764788534751 126.53115501496013 [] 127.3114070928493

2008-03-25 01-17-40 91.65743555322213 89.99545207116506 120.4091648099164 119.87024005462051 130.54473339339168 [] 127.33300920932956

2008-03-26 13-32-30 87.91930961532111 89.31381766427474 120.24881467411976 119.45519717078169 129.12927778368098 [] 128.53774872637

2008-03-26 15-12-11 90.99123395291107 88.68976368237219 120.60095429391124 115.84317832017345 126.74494011051965 [] 126.76375117580908

2008-03-27 13-14-29 86.88209761202391 88.56610978570082 119.49996033630114 121.05522753171503 130.26126446440122 [] 127.41981384400692

2008-03-29 17-26-10 86.39267830565295 89.09541636509064 120.6027061116611 117.56093674588426 129.29110349850762 [] 128.2648510789292

2008-04-01 14-47-57 87.6894584975155 88.23490676875879 120.24109679450835 115.14226011476485 131.4069177510508 [] 127.23657463680425

2008-04-05 00-07-46 89.39078321111185 91.92947534176821 120.39510572646773 119.78494762793676 131.84819621043425 [] 127.38914363885674

2008-04-05 02-44-30 92.04615807608712 88.57534296935887 120.33526467973634 118.17914442527308 132.16019970459428 [] 127.47470820441458

2008-04-06 07-17-02 87.75420221378987 88.77620057762047 120.42969403721388 116.48961349709946 130.2161033142783 [] 127.84615024060876

2008-04-12 20-07-53 91.36966350514211 93.64545213743534 120.4382072078087 120.70457076830613 129.05190743942632 [] 127.6337319646149

2008-04-13 08-20-00 91.989990504944 91.17504733962315 120.56718224417254 116.74153799828018 132.08574012792923 [] 127.83657327149854

2008-04-13 22-41-27 91.42261875071826 89.76509858459725 120.64419125037844 117.60882742536258 135.32388789853275 [] 127.38409371092064

2008-04-21 02-21-45 92.44769360714967 90.35519388513161 120.79865513963409 118.12583305162875 136.35132584982006 [] 127.7898132836672

2008-04-21 05-05-17 94.0695908361719 90.49481149709577 120.89030257233534 118.43221069166835 131.19261844063797 [] 127.58079473857254

2008-04-21 20-27-29 92.26368681967915 92.89681878343168 121.17638897119878 120.35847275123486 129.4335787875532 [] 127.10473046002308

2008-04-22 00-16-29 94.37911911924046 90.2080396323199 120.70064499727873 118.20095949263903 135.9162379108356 [] 127.20888661251311

2008-04-23 05-46-55 93.33282648457165 90.27740565616652 120.69608257266893 120.39015399727698 134.63679902370882 [] 127.5502716487135

2008-05-13 02-43-27 95.18896096327765 91.52137511655678 120.79137385614277 118.4133389362303 131.79258849974897 [] 126.83587051305963

2008-05-16 16-10-31 94.20550320910844 92.06842414598084 120.91506024741943 115.04322351958442 135.40217159117697 [] 126.87236666315384

2008-05-18 14-39-43 93.12467356006243 94.57506860256925 119.94122786832426 118.93993177864668 133.06619840226588 [] 127.82022527384106

2008-05-18 23-05-34 91.98662284608926 92.59278447859595 121.17441057520458 118.5795601158416 134.2135155012308 [] 127.98888258028364

2008-05-19 08-25-23 95.38959749888826 94.36368443090025 119.9366928886466 116.92398386568296 138.2686882229355 [] 128.14375918021747

2008-05-22 02-07-58 93.38154989417758 95.05306966871476 122.10472548460002 119.63761676779612 135.34641637620948 [] 128.31629164117223

2008-05-22 21-56-26 93.73336900612404 96.27772350990186 122.13262049028386 119.16750376048006 135.32608156525276 [] 128.86287880367775

2008-05-24 20-47-18 93.85895874546394 96.92301728981712 121.14879684864357 120.24703058893299 135.90220934911395 [] 128.5678185694391

2008-05-26 12-01-49 91.44339354307252 93.49382652849589 122.08374232670596 120.56083525656263 133.73567059323517 [] 128.05522012260298

2008-05-27 08-41-32 94.6886811020244 97.69050814930326 120.83340288373681 120.78768900058594 136.02509452482022 [] 127.71180955213579

2008-05-27 10-55-34 95.47275085443532 97.9123938421454 122.57276182522995 119.56126446999534 135.46136089916794 [] 129.3991267816858

2008-05-28 12-00-59 98.79906482975102 100.2895831238289 121.4889238927415 122.16022295085915 135.75364387590406 [] 128.2686563394854

2008-06-01 22-36-39 95.25630656789154 98.858658129929 122.3128986964243 122.27014501654898 137.7866554282091 [] 129.35910719083356

2008-06-02 04-51-29 99.72113720498587 101.85544083391164 123.74842568314553 122.12911554543605 133.71374227629929 [] 129.56855944945772

2008-06-02 13-28-47 99.75568219296939 102.72291848432023 123.95379650588193 120.1700780149798 136.00934171195232 [] 130.3549853615074

2008-06-02 18-59-16 97.44563678532049 102.79575702622947 123.67724498071955 121.16899570658886 137.99732298627782 [] 131.0408544936758

2008-06-04 11-28-24 100.98713428419704 100.23261902291797 124.52642808666594 125.65225093809654 141.13480917225712 [] 131.1030690702494

2008-06-04 22-41-14 95.71144453472543 101.50870218289771 123.74588648849767 122.05683910100774 140.85137522706478 [] 131.4116208296047

2008-06-12 20-23-03 102.18118165678769 98.03868608981912 124.98718035640972 122.80153801674562 140.6783011659581 [] 132.18677621002314

2008-06-13 11-16-09 101.4028991672279 98.36575566406391 124.3967434239429 122.03538809336096 139.3379678600468 [] 131.61899918314995

2008-06-15 18-35-34 100.43064158906465 100.15933089471416 125.24792824525858 120.55909419127677 141.96450025276556 [] 131.86764655820775

2008-06-15 19-02-31 99.11880514963063 99.49302056619126 124.24804865742563 122.18648221026449 142.80298142096427 [] 131.9985447686111

2008-06-15 20-14-26 100.09785996284563 98.297998390208 124.7033916890181 123.78303458000403 137.77563882400983 [] 130.67726521942907

2008-06-15 20-15-27 100.97456886697036 99.14240560487815 124.43865443794539 121.51369982154779 139.23076042293263 [] 131.3230351589284

2008-06-16 04-09-25 101.24022561192058 98.6330979898544 124.73310718444445 121.39266226354103 141.64401473231095 [] 131.87639858365037

2008-06-23 22-31-52 99.58472357237096 99.54621570464863 124.71100460563075 121.87457010123362 142.46961524486397 [] 131.44756122915206

2008-07-01 12-20-20 99.18717321834967 101.18290519856602 124.04170018742857 121.59714726460507 139.67623178948594 [] 131.71471821690355

2008-07-04 10-25-44 96.40592309909509 94.4132779834382 124.5264813984029 121.74320914631171 134.59168628683545 [] 130.70218553449254

2008-07-09 09-50-33 95.20725118207497 96.7185099246253 124.0289094155772 124.35501008589583 133.65295158681732 [] 130.4005386734512

2008-07-09 21-24-18 95.43380030934446 94.77731556122903 124.48926732535249 122.63944286323738 130.48684695122958 [] 131.31482605739853

2008-07-10 14-16-11 94.77772942895862 95.3737210737497 123.77090157272028 120.46393932725839 135.5424758490496 [] 131.1558204886104

2008-07-10 23-06-00 94.61393525035574 96.16838536578314 124.63794661848996 125.07459502221828 137.78890475628168 [] 131.95885939063504

2008-07-10 23-42-36 97.82505592057984 94.09799968354086 123.74993031985352 119.53702502630578 133.65668402478946 [] 130.3316305171871

2008-07-15 22-01-49 93.66019714324507 98.29011222261639 124.67097964810254 124.07869655173377 134.87557359628232 [] 131.48261446024154

2008-07-16 23-45-11 97.60924964707303 99.32900855149339 123.9914412938585 120.6018225966549 132.99162909019725 [] 130.84355321704018

2008-07-17 18-26-45 94.64761479730026 99.21601976702108 124.71217196659525 121.23682489745752 135.13014497422432 [] 130.7760131331083

2008-07-19 09-27-19 92.7416945103125 103.54410654256246 124.48237184593886 123.48734905045646 131.01444862187552 [] 131.1326423045964

2008-07-19 22-57-00 94.19374243073135 97.99067354763858 124.52180064090615 123.75469881356437 137.63927940253717 [] 130.89183128199517

2008-07-22 18-27-53 93.90532321925824 97.10599394545825 124.5629934639228 119.41029638837347 134.2872761789006 [] 131.60059138661563

2008-07-22 18-32-06 96.78861865458927 98.69659076777978 124.94369955138127 124.34787253857655 131.59285930340334 [] 131.16674472977

2008-07-27 12-10-07 95.36597030052988 97.87685014659239 124.8559108360226 125.39724423997072 134.4367112773628 [] 132.30074959187243

2008-07-28 00-01-16 97.42738361194446 98.30099467471955 125.12767699439246 125.07776546678556 135.37414466929187 [] 132.05528237129238

2008-08-05 13-10-34 93.52955950772088 95.62432861911765 122.65818840029488 119.11025174500237 133.43848657768345 [] 131.45318682058027

2008-08-05 13-16-18 97.90946811655121 98.08143941368203 122.60536519747552 120.87396543945856 134.9249632927279 [] 130.33660156030047

2008-08-06 17-39-30 93.58744411215365 98.07036966533683 124.12540557169652 120.71684820298901 132.05470052547008 [] 130.21037836132118

2008-08-09 16-15-14 95.92438812727495 96.22163439361161 123.32325485793247 119.63382990538419 136.8880154200572 [] 130.93308212133147

2008-08-17 14-12-26 93.25816619030189 95.72432357239173 123.53765430951871 121.2711878892155 134.91010271327872 [] 130.65942659292767

2008-08-17 14-17-48 96.09782742394569 96.66570027083627 124.51209618715518 122.629036349684 134.09120079471185 [] 131.11125949231723

2008-08-19 11-28-52 94.92621546686222 93.3784908807263 123.14604141635013 122.99897334349434 130.66487938099763 [] 131.06267271238212

2008-08-19 22-26-05 93.66500391044697 96.84256138530199 123.58551706223246 123.51367886408639 134.95623807864024 [] 131.19559814396956

2008-08-22 08-25-26 96.2231452605452 95.23485409740893 123.6091082584076 124.48461653181828 134.55769194709768 [] 130.39425471131307

2008-08-28 22-42-52 93.97317156101107 95.19087001762588 123.91561910493999 119.91846296728932 131.46106491084947 [] 130.13929895911832

2008-08-29 08-37-07 94.36751556168913 96.17796598740658 122.72935988202562 122.13996743013374 137.86787083410545 [] 130.66256709947908

2008-09-01 15-26-12 95.4417243557476 95.60665182502413 122.75068054273997 118.6981652013496 130.47753275004067 [] 130.1501220091224

2008-09-04 13-22-58 94.03404904722164 95.65427212971414 122.59835924133083 119.87564794493105 133.76183716233172 [] 130.15861794199736

2008-09-13 14-59-38 96.44584906753371 95.74556159427136 123.08751021868545 118.5703072952786 138.92558410718885 [] 129.82811072310665

2008-09-16 19-35-42 100.31152235899762 102.29052769389001 123.98607388654841 122.95792320990412 136.8505123492363 [] 130.4759874493178

2008-09-22 21-34-24 102.12045292615396 105.15993368167328 125.01203002335781 122.14423293553679 137.03520656540547 [] 131.20965361050028

2008-09-25 10-48-06 98.24126758907919 100.60160709913336 125.11253399650703 126.1620518893134 141.29930441184322 [] 131.89238419354734

2008-09-25 11-50-13 98.84672058681998 101.23805808090167 125.06091103991965 124.48981179441384 144.8553823393742 [] 132.11984700427382

2008-09-26 15-14-56 98.47051039329014 103.55880621481177 125.4912550796254 124.45039027120647 137.0161854629519 [] 132.85107767183132

2008-09-27 14-01-22 97.91585550078341 100.55397494728346 127.27780979917232 126.42346399042353 137.86017628415786 [] 132.8362403037802

2008-09-28 13-50-57 97.52784005599229 99.31091170818037 126.09906531684832 128.61018777511697 144.12708225470448 [] 133.4619705935175

2008-10-02 13-30-31 96.10341333635172 97.8610295078474 126.01984998257367 123.8841371562781 142.0931338645226 [] 132.765526895199

2008-10-12 11-20-08 98.83455323999057 98.3731433156452 127.41711331432376 126.85186679544272 145.30433747596604 [] 133.50201106586002

2008-10-13 08-53-43 97.68310475731798 100.79996110475449 126.49806576703357 124.73903124314442 140.86563530065285 [] 133.83354475208654

2008-10-15 14-50-14 98.00377533200792 97.52081600333034 127.81531997329469 121.90123798280153 142.4352640528692 [] 134.77050747070658

2008-10-20 08-43-10 100.17843157493539 100.70414832639901 126.1285973927653 124.14099781635305 146.22694826912468 [] 134.0328174341031

2008-10-21 17-14-26 99.1116091929661 96.26213032284237 127.3593574944858 125.42490943823535 145.2752554622396 [] 134.356831449789

2008-10-24 10-49-49 99.5198104791344 100.7562638736394 128.05340249018676 125.09209808093829 144.6080993879726 [] 134.58160324111378

2008-10-24 19-48-47 97.13221178812648 97.53806520356899 127.53809409132029 125.48200778666076 141.83406511922894 [] 135.39047661623437

2008-10-24 22-43-27 97.54295371509666 97.89713369425404 127.92430472885144 124.55164160920909 138.73512516733064 [] 134.20474204342082

2008-10-26 00-24-38 97.02170225606672 95.54511922637883 127.99394540838223 126.10596467278705 142.98794547604794 [] 135.02631751823952

2008-10-26 11-08-14 96.88570661136285 98.5465184716115 127.49151473973996 123.83887370105404 142.3810274014428 [] 134.87064344997003

2008-10-27 21-30-39 96.6276711153981 96.82742734364264 127.39821742745198 124.15204075270103 139.10955783558373 [] 134.51998577612213

2008-10-29 01-19-15 99.31508809989913 96.97708163456606 127.87827444674727 126.42028708428477 144.7859045828941 [] 135.62479251334443

2008-10-29 01-20-13 97.27001620050393 97.3597468587888 127.70066195261101 128.7053192550055 142.51727469434184 [] 135.06966449804958

2008-11-06 00-49-59 98.97440822156267 98.88130849203655 127.46637523873105 127.00117968750553 139.41531364044573 [] 134.34197724393076

2008-11-06 23-07-42 98.66464257504789 96.41960845942516 129.40179807375208 128.6933860522807 144.43659908423757 [] 135.38833809465837

2008-11-06 23-42-42 111.24070382760667 109.15564708616338 129.62507481353978 126.29158666965273 147.48256413794397 [] 136.51465302235823

2008-11-07 01-12-16 110.35444363271435 110.4189177123992 129.26234611469835 128.37567134516544 148.9596883706418 [] 136.62132892425896

2008-11-09 02-23-42 110.12994034858283 110.03828281856292 130.19120924006148 128.65838932679773 143.7554556091552 [] 135.88171505155836

2008-11-10 09-33-42 112.2475244965186 109.2314697368979 129.5256636640743 131.80817965061289 147.02061988134642 [] 136.2654752598193

2008-11-10 13-32-50 109.03423384806152 110.39726496951225 129.03604880287415 129.2195192508798 143.74761490646358 [] 136.0367611769306

2008-11-10 18-52-35 107.70479801286638 111.43448560848341 129.38920790888923 130.35476022386553 144.9851257745987 [] 136.95726151239342

2008-11-14 21-18-45 110.79641871892629 108.37841082135633 130.2041637965355 127.55050307364274 146.810896822129 [] 136.3809486881567

2008-11-22 18-41-41 107.11554111129549 106.11599606302234 129.6050222970942 127.64969553500036 142.20766580459158 [] 137.73272157391276

2008-11-24 13-25-20 105.79066396076902 106.41262735153362 129.77988168014113 125.35894622578996 144.14858325913485 [] 137.36986652515773

2008-11-29 09-05-50 111.49183063991038 107.5412265439696 130.03440323229336 129.39809839166713 139.88841598066614 [] 138.15848988197695

2008-12-03 18-48-39 109.81315289524998 107.15527010633146 130.83428100535852 130.24108478155844 142.7828910536852 [] 137.93892906483507

2008-12-04 12-05-26 108.0430429679584 110.48022797727417 130.42451975237708 129.06228417495726 145.43223181006516 [] 138.01810512964548

2009-01-22 13-27-14 112.27713179156083 109.14879068030766 130.96033263710964 129.7356867127216 147.49903025423265 [] 138.85584528375693

2009-01-23 02-07-14 111.58625473904485 113.83121618623343 130.6052334872148 129.7713049622286 143.55068622913268 [] 137.32202219319166

2009-01-31 14-22-24 108.02569859591381 108.38841044409268 130.55763898581662 128.69814348114807 148.05978753715362 [] 138.08741850374412

2009-01-31 21-45-57 109.03740391933522 108.35752160815255 130.34467873151146 126.71621454217298 149.36535649075944 [] 137.34126165367525

2009-02-03 23-59-41 109.22140996992543 107.67558451570468 130.88555352343047 129.66615215732483 145.75061001463368 [] 138.0618005503451

2009-02-04 23-43-44 109.95557739653637 107.78786713288132 131.92848219619466 135.0412008536909 142.84549575174663 [] 138.15921167159334

2009-02-14 12-13-13 105.64226929218151 107.33527753892085 130.9890410836804 127.63446775339548 140.82696659440518 [] 137.055717481066

2009-02-14 12-19-37 102.1581075133283 107.25741137663636 130.77485818245532 132.50532391811757 149.42960639078223 [] 137.672532703997

2009-02-14 12-58-48 107.83165171318232 106.6684822544673 131.4891551104072 127.44115698756357 145.37288209018848 [] 138.03219629380712

2009-02-14 13-17-48 105.39199669241809 107.0339209032692 130.99852259307735 126.34875663018047 143.1824086700442 [] 138.36838088975384

2009-02-18 13-23-46 110.245596439203 107.23995024442463 131.63755796271099 127.6631374263256 145.94245769524977 [] 137.28382611869006

2009-02-24 10-03-22 107.41299391371822 106.39548190336589 131.12023289393824 127.59440542016587 146.27487102782928 [] 137.3748446208707

2009-02-24 10-05-15 111.57271864647268 103.67598581447969 130.4344096414989 127.59732558358908 145.0695881893698 [] 137.6907520012059

2009-03-05 09-26-17 109.77211536150203 104.44284879864772 130.93794345338034 130.50750834104946 143.075446108466 [] 137.44249822910828

2009-03-08 09-30-56 107.36340315459952 104.5583829914498 131.32346904242735 125.00300393323516 146.55221053105623 [] 137.57696645486888

2009-03-08 23-46-48 107.57951674743033 106.47750885069124 131.30617940419694 127.99579130218167 144.191096161196 [] 137.57331724638235

2009-03-20 22-17-13 105.83032973969298 107.05397217876889 131.300321121836 130.61507568734632 144.37935165337018 [] 137.87680934229257

2009-03-28 02-13-01 110.95838882665569 105.16759097913125 132.07054291659097 128.84717405355408 148.4610876249469 [] 137.80317484151274

2009-03-28 12-12-58 106.8895877228121 106.40860994091335 131.81602091622995 132.48284856613625 145.2280061026931 [] 139.71261797117137

2009-03-29 00-52-41 105.73309927016832 106.68419365873288 131.56765894729824 128.31933374271003 145.51939418448038 [] 138.5838277035907

2009-03-29 17-13-20 107.39547856103113 104.09909515553377 132.26660678378235 130.17667554086944 150.01623144618577 [] 138.39098975496563

2009-03-31 23-41-53 107.23882356636152 106.29748421265387 130.8111787931572 131.7991397787576 144.30639398170666 [] 137.81400199747412

2009-04-02 10-02-37 105.37191762326384 107.79671959711773 130.79762773606407 125.21124054601549 142.43063458973037 [] 137.67705797964572

2009-04-05 09-02-11 103.24666595100753 106.28321635472597 130.21237503671256 129.37313415176948 142.59948348039856 [] 137.24423706060443

2009-04-07 20-07-23 103.22804086088595 105.8847464670094 130.14466722632602 129.13628771681616 146.9053289036387 [] 137.04890615819926

2009-04-13 14-23-12 103.36282750884224 107.62380944699302 129.72834000687106 127.87457957567199 148.1451354562794 [] 137.1021515643071

2009-04-20 22-04-21 105.23785400740671 107.45655136798617 130.9245647278464 128.93508490705202 145.7585072197904 [] 138.06611810799274

2009-04-22 21-35-52 109.14990443391511 109.21581221639221 131.10096598361142 127.61132723061243 145.01698349675743 [] 138.73331358641838

2009-04-25 12-19-35 107.5902055312406 108.29631282488438 130.72728653191876 130.7197335239322 144.33033887604233 [] 138.56789728319285
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Table A.16 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2009-04-25 13-16-53 105.75293135750057 106.78650116751503 131.1587570088896 130.11031028364096 147.7351004315105 [] 137.7676985938447

2009-04-26 01-08-51 105.78732324845627 109.72219044079336 130.84183955038424 128.60391275588242 142.60584981793716 [] 138.25553498497902

2009-04-29 12-01-51 111.45008422884045 108.40576833977332 131.61782874917782 129.04047027686047 147.88046407853713 [] 138.51761919399212

2009-05-01 03-00-04 108.189714289523 108.79868610294129 131.64677376702136 129.26839190477622 146.71370247676174 [] 138.11408656736975

2009-05-14 00-23-34 109.76145546306778 109.0114291497371 133.06555634577904 130.8580132199525 147.8381878173846 [] 139.71289934443845

2009-05-17 16-44-54 110.51108008659637 111.49054231055284 132.78985206885943 126.57483036801705 145.77773738640278 [] 139.33252282300475

2009-05-19 17-36-16 110.46232414852325 110.15898826188632 133.00123904040748 130.37283505150597 144.83139585494087 [] 139.25952719218975

2009-05-25 04-15-37 107.45980528060736 106.51031727562358 132.32065228468193 131.9033819632883 144.37748876079542 [] 140.06686427811184

2009-06-03 12-47-26 107.55163689608051 108.37676396660947 132.02553289925086 133.10794549202717 151.91176617732484 [] 139.30353623555396

2009-06-10 13-39-35 109.17934846004167 111.28342619600366 132.55463832374647 134.7864394409254 147.2399994509396 [] 139.4113958283455

2009-06-16 12-05-21 108.42573512838396 111.844410359522 132.46266071106817 130.98205497798654 149.44878808048776 [] 139.45603901790741

2009-06-17 11-54-52 112.45891519649065 110.86306961868718 132.47951220630523 128.00398645869444 142.8743194305504 [] 138.74758705396576

2009-06-18 08-20-02 107.08379943424703 107.50555639562658 132.8191576194667 129.76162833385857 148.8695901890662 [] 139.43880488860708

2009-06-18 13-23-58 108.66417944313477 108.87762156697276 132.40686688778655 128.23882839570257 142.26620508695683 [] 139.1355387542888

2009-06-18 19-59-51 107.75832530005555 109.07417400753522 132.55999684937316 132.72347041945167 147.79107100653292 [] 139.4781900564131

2009-06-19 12-10-38 108.09999294868169 105.0880985146252 131.99302315821498 131.35411261017276 151.9097159698928 [] 139.77249551015703

2009-06-19 13-14-48 107.66743708818794 106.72170189512708 133.1748042555571 131.61276857930514 151.52506383731725 [] 139.13588687806947

2009-06-19 13-45-01 110.68471954479985 109.56552229433714 132.49128562427424 131.2405556379715 146.00314710083205 [] 139.95495321014158

2009-06-19 13-51-29 108.30735604158117 108.30963708929137 132.77325360011932 132.29882833033935 148.8473908613978 [] 139.59769380243398

2009-06-26 01-55-45 108.81981686160707 106.38144886803744 132.7770329829404 132.67979260054798 150.02111477799363 [] 139.52534403472015

2009-07-03 22-16-17 110.22460293818764 105.87562586256313 132.80306157678098 129.90785409429168 146.77496123149737 [] 140.37974535762015

2009-07-04 16-50-43 107.72330061156511 108.90456591248554 133.58834448980488 133.64835250539392 150.9461163347935 [] 140.68815807276042

2009-07-05 12-49-29 108.18152300478198 106.85429137817565 132.874907414658 132.13320095095554 152.37769471471364 [] 140.10092661321448

2009-07-06 23-24-20 105.89733154927816 104.5751152987096 133.8875096746379 130.49944148098353 150.22400236328718 [] 140.40884620365165

2009-07-11 21-36-13 103.16562594609736 101.07073319807387 134.1252975911986 132.04686752501146 150.48143048840728 [] 140.94324179685646

2009-07-22 00-31-27 99.5863165208428 102.65657563036366 134.8404778185199 131.9445388058744 148.42107285435677 [] 140.76866184978724

2009-07-27 02-55-02 105.0458497908656 104.88547478183656 134.53526647201062 132.1906763632009 149.6364943476199 [] 141.05970520625343

2009-08-13 00-59-32 102.33038951244566 103.34337028506397 134.3297071077489 135.01878745708444 146.92624845055153 [] 141.9553066693761

2009-08-21 00-05-51 106.04888384894255 104.81851722328504 134.7444260587236 129.71971127829482 144.09491547934684 [] 141.67824731660227

2009-08-21 13-18-31 106.97622626439909 105.0633882473888 134.55956675942804 130.90906308570217 147.3873997229529 [] 141.23281540884247

2009-08-21 14-40-29 106.1483634417875 106.28009219051323 134.0702039023678 135.88048414093558 146.93060251311778 [] 141.75091632767447

2009-08-22 18-00-39 110.50674192575454 106.90585647637506 135.34511628684777 134.02143906463965 138.9335429135924 [] 141.08850339684076

2009-09-04 02-21-13 105.39999147795045 102.21238177504864 134.75669541581271 137.458919374655 142.788884876779 [] 141.75797692815226

2009-09-06 15-06-25 105.39076355895058 104.14617878836239 134.91754456864498 136.93746071832007 147.98474988960015 [] 142.33270043636043

2009-09-13 14-57-24 105.05770167513833 108.04512702287411 134.2544463648271 136.21538822126965 149.90026398932585 [] 142.60144237725717

2009-09-15 23-40-08 106.67701312240918 105.08213115329605 134.23662109616726 135.3851646631105 148.0196584902709 [] 142.17360518634896

2009-09-19 22-29-42 109.46799680151359 110.01252490444162 135.60888228267302 136.50370078773386 149.60113331177774 [] 141.57454149150936

2009-09-20 04-28-22 110.03302431321603 110.39657157203483 135.91255607831704 135.46589953760324 143.7232489263285 [] 142.18712618806643

2009-09-26 14-31-04 108.48433995631342 107.82767476838929 136.11183930740123 134.7232273484576 144.18271535241888 [] 142.22353987710102

2009-10-02 01-29-25 109.41345082052473 109.64002290297204 135.70864573449683 134.9560957554466 149.53931583761582 [] 142.82304939865716

2009-10-06 22-13-37 106.93957554592824 106.51911867699714 136.63903046918875 134.34599018595176 149.58226331591723 [] 141.75900167653714

2009-10-09 22-11-30 106.21041627954568 104.4034726114954 136.11178654120766 135.6388574560487 149.89507013160585 [] 143.31780601375868

2009-10-14 00-29-28 107.72416286904354 107.078355926932 135.8350878350751 132.53890538083664 148.31149143113936 [] 143.03721568852998

2009-10-14 11-52-01 106.34644520836991 107.45506337265223 136.34294809935983 136.64415555991633 150.93523441430594 [] 144.15364176804792

2009-10-17 21-38-19 109.16386722110902 108.60922337819761 135.2877893477102 134.88027442505924 142.72233846073203 [] 143.66741319029862

2009-10-19 18-56-26 108.57976098587419 108.21775820401903 136.34638564269972 134.2832697501205 147.4629848096139 [] 142.36814076089667

2009-10-25 04-35-22 108.41457407557786 106.14176875341784 137.73975374639002 135.8731037519642 143.50115177684717 [] 143.16448892264444

2009-10-27 10-47-49 106.88068267253387 106.75924843272534 136.77267447335117 138.33659009968386 149.48298544188825 [] 143.81780359509506

2009-10-27 17-34-36 106.80061455187847 107.3833098119089 137.05123866177814 136.12275560405251 149.8704986726184 [] 143.97614763732255

2009-11-01 23-05-09 107.8335148203978 107.50241982464135 136.86809993435088 137.56581860891458 151.2795984649033 [] 143.61826813775482

2009-11-02 10-49-02 112.05482912484828 110.99637966311505 136.82689085486763 139.2276144287511 145.40592362889575 [] 142.53974471466316

2009-11-08 18-03-09 109.05352301751239 110.12665078971244 136.47126154155487 134.43877675473232 151.34638205258327 [] 143.91571008142338

2009-11-21 18-32-19 109.78701437673578 106.59318134383878 136.3619585575468 133.43860157991705 149.66742281358665 [] 144.05412729259754

2009-11-22 03-43-55 108.88071545092687 106.95190193810981 138.39598870775137 133.4137420179754 149.31973867587894 [] 144.2015232181742

2009-11-23 06-20-09 109.92226213673038 106.90401885610592 136.8090470803283 134.65562205718248 146.89005538418408 [] 143.4219582141614

2009-11-27 02-35-15 108.15566822161857 110.81113618112079 137.21659639153043 137.9507407567442 151.84390175001974 [] 144.3695092789226

2009-12-05 17-56-25 112.02477389377411 110.67931079334069 137.61119439822383 137.4323590449916 150.5455195056438 [] 144.73425421490074

2009-12-07 01-37-34 109.97737545438456 108.9099061423901 137.57509774542083 135.93190167095253 148.3237451594219 [] 144.29893013743867

2009-12-11 02-21-10 113.01044572661715 108.53412318048541 136.83987988170875 135.89784134105147 151.11919764586565 [] 144.36503136362845

2010-01-06 08-54-49 110.1193089894062 111.28290837574392 137.74989586815124 135.55623718533417 153.59584115838882 [] 143.7166892273832

2010-01-06 09-19-04 111.25384128117048 112.98571563436596 137.7335102479397 138.5579315912708 150.79403278788135 [] 144.30067093167116

2010-01-13 18-31-29 109.80110325651026 108.64955345236078 136.68457835089703 137.99265399429694 151.64604197086635 [] 142.678839568956

2010-01-13 18-55-37 108.25449013363519 114.69754264630497 137.52582110032375 136.4999221705736 155.56900956032618 [] 143.78313824063667

2010-01-14 01-11-54 112.82574117597156 111.53758589105591 138.14556211617574 136.24105595060388 155.30156583283562 [] 144.45926024492127

2010-01-18 02-08-30 110.89329886336111 112.46615626931325 137.44234763826555 137.74470756656316 154.4646461527553 [] 143.96997029757273

2010-01-18 04-57-17 107.78036116278732 110.83390055959862 138.33097654383005 133.44617891118983 148.67915218310435 [] 144.18207223618782

2010-01-20 02-45-23 106.08450049588552 112.99074409755437 137.82864188935008 137.38448014994273 145.82567842158696 [] 144.71793233795896

2010-01-20 02-47-37 110.84165481579232 113.61431336303949 137.9778612924659 138.15071577739317 152.10710345203148 [] 144.14355988027228

2010-01-23 00-10-40 111.27212091770377 112.44876427218757 138.13643677287956 137.4288721348276 154.40481911862486 [] 145.34350805318795

2010-01-23 23-37-52 108.82386574453983 109.83634456828051 137.3990873439056 137.14965970173435 151.85785083339556 [] 144.9019240691269

2010-01-24 22-52-21 110.03282048438518 110.49191081311508 138.10156060319537 136.03215501408437 150.48201320327848 [] 144.77360226446189

2010-01-25 13-39-24 106.85675160485425 110.09687350901962 138.02133576739652 133.30167320139287 153.8885074114412 [] 145.37329900180197

2010-01-29 09-11-47 106.34494333331693 108.47710017593958 139.44854049367873 139.63608026435836 151.87414901544435 [] 146.59832136350323

2010-01-30 18-09-18 106.29990196673884 109.80718643470024 139.87439273340368 137.20469490395348 153.3201848164486 [] 146.54899242779973

2010-01-31 18-12-57 106.9287964743575 107.96138864247719 139.47452144339144 138.83149956791416 155.41270290741033 [] 147.4394251988061

2010-02-21 13-10-26 110.87010791092112 110.01511347970151 141.68734752380826 141.15337410638338 159.74196896298605 [] 147.60506407128085

2010-02-26 18-21-42 109.59173507178438 108.7600785430365 141.12148779771763 141.04501600808155 160.4291311642512 [] 149.49775190879834

2010-02-26 18-34-16 111.63959585332398 110.36849307090492 141.8936010631423 141.04799809407046 154.813525216532 [] 147.68310388738846

2010-02-26 19-33-49 109.3890640065218 108.00190106070337 141.50013258031075 141.18589056669958 161.27880697228937 [] 148.31517000113115

2010-03-05 23-38-54 112.53690624497396 110.44476838689502 141.12135141578057 142.81963272366258 160.38410276299396 [] 147.6120406936697

2010-03-15 15-38-09 109.7879829193499 112.12858880409121 141.29099978118882 134.6740409302816 160.36672264088057 [] 148.19917915414695

2010-03-15 23-55-26 110.49445095111498 113.5857816339103 141.28770280031645 140.0961488720554 161.0579733494347 [] 147.74418035562093

2010-03-18 18-35-37 115.79297124113938 109.04076954512114 141.51887237731867 141.34514876771706 156.0758359925398 [] 148.33858707105895

2010-03-18 22-45-35 110.3628237797531 110.30724899916045 141.87657805948317 136.3624178255345 157.7155179373438 [] 148.42807609253447

2010-03-19 14-48-51 111.09046168396114 110.63048314081364 141.77356498348857 138.88592196936423 154.75069508499647 [] 147.8316834066759

2010-03-21 19-12-03 112.38272643198886 110.69630857084164 141.9348546309076 141.79801568586515 151.40907503790893 [] 148.59171056031397

2010-03-26 13-13-24 112.56210175470555 114.43209340704618 140.956345595865 138.5009905089221 157.01232843283233 [] 148.86757235073847

2010-03-26 14-06-56 110.56332592469111 109.62575427192064 142.89534970243363 139.16275865660253 154.72304309007728 [] 148.04222562403365

2010-03-31 15-58-58 112.31687872467728 109.90232317316713 142.65779591935976 142.90019200882688 159.95160959914097 [] 149.38088498430128

2010-03-31 16-03-56 112.28420380275705 110.49070211053012 142.68814244400693 143.48274779474232 160.98784722471356 [] 149.4205534452271

2010-04-03 17-34-52 110.13365740612896 110.44693830200072 142.42102613517295 140.02130073187016 160.35210540985642 [] 149.41620421476975

2010-04-06 18-48-32 112.81613741096581 110.88996472224414 143.05068869023142 139.90364436726887 156.53843719820904 [] 150.5401716722563

2010-04-06 18-51-29 110.1852341053088 109.76566090435365 142.89367881540232 140.11740594416898 156.93890032310918 [] 149.48344120779979

2010-04-14 12-31-26 111.65347641128312 111.93250243281527 142.73009190512045 143.49590928071538 156.58455399787027 [] 149.77169863767597

2010-04-18 22-09-30 109.21055009102425 112.63670011253096 143.8913822170538 139.59877165349275 164.33613751627425 [] 150.22780607813962

2010-04-21 18-05-10 110.43368425911915 110.20204321615056 142.79270581917672 143.0000605874613 155.32377371432273 [] 149.97560541605213

2010-04-29 13-43-39 111.4257936993231 111.37678845047685 143.79210491130527 140.91179378825973 156.70347429965898 [] 150.31759528422114

2010-05-02 18-45-02 112.65785359050662 112.12743202180805 143.3299745662245 142.3778389943307 157.79859444061805 [] 149.95807262062414

2010-05-04 15-45-25 110.9373851657072 108.65512195477163 143.39377471911806 142.85961709753482 157.07145336114087 [] 149.849238489119

2010-05-09 00-13-40 110.60481329935855 112.44717177376938 143.16482336607146 143.48972167835922 160.2673581542731 [] 150.18200451570655

2010-10-12 04-18-05 120.09195322212697 121.79262323412732 155.9584702940764 156.68082468125647 164.6178692789716 [] 168.5245992931024

2010-12-05 23-11-15 122.82482434790124 120.64698692583465 155.4938301850638 162.6319020856511 169.5040507527384 [] 168.64436741177306

2011-01-18 13-52-48 127.73486355620457 126.90868351939828 156.9980341730609 152.8608710810282 166.10283887338431 [] 168.84908038877649

2011-01-25 23-21-46 127.12086444855383 130.60133438131112 157.43145062613002 149.66369510957762 164.75536302823326 [] 167.60950033501985

2011-02-10 11-18-31 129.14290717249165 125.66658538692305 157.62998756486803 155.06342757650575 163.98413550699462 [] 169.14070475447187

2011-02-15 03-02-08 129.4142670622791 128.13985123416174 157.72087144672406 155.22269205046223 164.97731456639352 [] 170.24246988974488

2011-02-26 22-24-08 127.88420035030268 126.26094114622965 156.5377503307123 154.88991768815328 169.1178991433015 [] 169.44842957669593

2011-04-16 18-07-35 123.49931768937356 128.24408860354433 157.2015173126263 162.6742250955205 175.0750269285242 [] 170.664773692221

2011-05-14 15-23-55 129.15652034024885 128.60030822493823 159.08655099138116 157.79384256587275 173.71435500586057 [] 171.51973713979194

2011-05-16 13-19-25 126.04100433717095 130.87924956875526 159.60237021222127 156.04891816813478 170.2289851999613 [] 171.5206339420802

2011-05-16 13-53-19 127.14661873479074 130.3053136937622 158.96064075014166 159.5214099738409 170.7794924892225 [] 171.0827058466009

2011-06-18 09-23-09 126.72934924068309 128.54323721813438 159.57890362890487 160.46182619322826 166.8787213302095 [] 171.30716753210305

2011-11-09 20-23-38 133.87414529923606 132.40833155993522 161.5659434711494 157.427558235493 176.52227735529337 [] 173.83515806848519

2012-03-07 12-25-53 132.74164645886145 131.67159863160768 163.5708656930408 163.95665426085037 179.962848217417 [] 176.9907266995192

2012-12-19 15-53-33 142.11150455770235 135.2999655592974 164.92619037455216 164.7054935850552 172.4088419603219 [] 176.99239007899075

2013-01-17 10-24-51 136.46425665541682 136.86434260507409 166.60489559864084 165.35336483068141 175.06439874889298 [] 178.5293559184026

2013-07-05 22-00-57 135.91164904063612 137.76544990188094 167.3432436352789 160.26529863598498 175.02203187704166 [] 179.3363797759725

2014-02-19 18-53-25 128.54497388736522 127.85501394762416 166.88361453908675 169.80962961756683 173.3739420264839 [] 180.29004598465332

2014-02-25 17-31-22 133.514273064557 129.47010409699854 166.64804291979198 164.53207759572265 184.74549321465355 [] 180.11248867579792

2014-06-22 16-30-41 133.83594507625247 132.16256854643512 169.10020221570826 166.52988936178258 179.83494155308193 [] 182.6651888055207

2014-11-27 23-31-58 129.44348390998024 130.88533833542368 169.90842384117025 168.9102908499182 175.28296851742604 [] 182.6720714923457

2014-12-10 13-46-53 130.7607914510454 132.3454590415483 170.8418473706352 171.04654831497336 183.0986561826698 [] 183.43737288769793

2015-10-05 11-15-43 143.59095838923753 140.971586478025 173.41341305016243 172.72879401066217 183.2081587859737 [] 187.13094380140868

2015-10-12 03-12-17 141.44053543225377 139.7404634144259 173.50525461471753 166.85793295022216 186.05607860788686 [] 188.10847322130246

2016-02-12 22-12-47 140.6403547100534 140.55712985076894 174.5476822446138 169.8404427332242 185.36238457268593 [] 188.19679620187944

2016-05-31 02-44-34 140.06895876213147 140.24823009440703 175.90258213633805 170.6471998463258 191.44004507570952 [] 189.38506976434502

2016-11-24 22-08-12 151.95721610081983 149.8794199699125 178.21909422573623 174.202397965389 186.66527302757518 [] 191.66127410451207

2016-11-24 22-18-55 149.67067994049629 147.10616699314517 178.41953611671354 182.19798158406024 182.2127903395011 [] 192.2561284537056

2016-11-24 22-30-52 153.13485594892157 145.86370419702416 177.73692907491767 176.93306199283887 193.98883782974877 [] 191.4286625516826

2017-01-08 14-43-54 149.75554962707483 149.98178578290714 178.52233236367584 180.70256693163606 180.5598739899082 [] 193.13277002362247

2017-01-10 14-58-54 158.25151771711248 159.00428554807462 184.1194348432472 183.1839900051197 193.6676808722803 [] 197.4087395924858

2017-01-11 16-27-12 154.3563278036179 155.27556881486007 184.35398164252902 188.90456863567076 197.5156210592154 [] 196.94699050429693

2017-01-11 16-35-52 149.09962422888876 150.36835769042642 185.2492757049829 186.04925250594505 197.38801571182225 [] 198.90525752222433

2017-07-15 14-52-26 153.78901167135365 156.55557630644753 187.9466844428276 188.52075093104284 200.86671001952814 [] 202.7173644780067

2017-07-15 17-34-33 154.94966574330232 157.16354689477265 188.90146161475113 187.8002108666109 207.78468848736412 [] 203.07000585490556

2017-07-15 20-49-32 156.2859590263427 154.4469570490834 188.45933780934206 195.93655014822048 199.44280119976492 [] 202.7883928743093

2017-07-15 21-14-16 152.67341493574776 156.6360066590775 186.80421409110141 188.28874226658928 192.29536348510655 [] 203.2757086907721

2017-07-21 09-50-55 156.8446103572614 154.28663419341288 189.19578688843688 184.46020946750485 200.55363635614583 [] 202.85346742720623

2017-07-27 02-59-13 151.0649420596737 154.71541305246961 188.00356802822506 185.88093669325815 202.2809827411789 [] 203.0945106587579

2017-08-03 03-46-14 155.23000805230623 156.65682960287168 189.44586293818426 188.28797945441653 202.86549579024677 [] 202.67586069970417

2017-08-14 12-25-55 148.4554350380979 148.49773284777822 185.41659155334474 196.06759000555093 203.50967824074633 [] 199.50011777309152

2017-08-18 19-15-29 146.49318803481876 149.20245236272052 185.75480575198372 190.00914760005088 202.81972169614727 [] 200.20371595485858

2018-04-06 19-01-51 156.2776798573764 155.98995620957382 191.62268474625904 192.22995473507007 193.0052529179129 [] 206.28311676490097

2018-06-06 15-16-48 160.05737888381435 158.50496473675477 193.01599991255188 195.47996945050164 211.42717666991948 [] 207.25890385998838

2018-11-18 19-19-29 157.97998464409147 155.67738233681578 195.3979755159074 196.61308851472626 205.86454245723127 [] 209.17917226133432

2019-01-06 20-12-16 156.1008253895916 153.6607147761601 196.1162469900511 195.35276392711083 209.71350121554943 [] 210.48793066484524

2019-04-30 10-51-27 166.74549654033495 164.70595193838693 195.9513709588621 194.44043476541324 212.1432102380517 [] 211.67152253928333

2019-07-02 11-35-03 167.52208842636304 162.75066724076336 195.96821641893783 194.77670543911364 207.61621222060734 [] 210.93823853511776

2019-10-14 12-48-38 168.04048621090436 164.37529321515953 195.88576071300432 193.7022257044805 216.4517232622483 [] 211.6433975443409
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Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2020-08-13 17-12-56 154.57711471313638 155.18053764640644 185.33845846865577 181.64532960564253 202.13543109383573 [] 193.54986627136577

2020-12-16 21-53-05 153.98694519091208 158.52185589734057 187.3192814665412 185.03317192313693 188.83394148992028 [] 197.68121923069526

A.2.5 Soletta
Table A.17: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2015-06-26 18-38-56 14.19116136283123 13.473244194917132 13.682897194187834 14.671669102758761 16.437016484710334 17.2267959624868 14.956104782772476

2015-06-26 23-03-00 14.057374400714377 13.490706244920071 14.099104280916805 14.975965292799666 15.759433546840796 17.52100550288325 15.005690406014192

2015-06-26 23-04-41 14.043376073372269 13.525864904354085 14.027346650501944 14.530732038640787 16.163185994597896 17.22440142438699 15.051553789041526

2015-06-26 23-05-18 13.940385076623802 13.62158336894567 14.01998140797665 14.849779075152167 16.29253590967927 17.25440552694877 14.897651225850444

2015-06-29 15-01-39 14.03590127212201 13.554319809190591 13.953584435733926 14.742927086771811 16.205213936246043 17.22570326965296 15.061426735546892

2015-06-29 16-17-30 9.575505474356138 9.487568654961317 9.524985699476108 9.690568333717264 11.773412968970046 13.220133943558286 10.35120435758769

2015-06-29 16-29-46 9.655694163429464 9.566448576089652 9.671359307293981 10.47434540866922 12.190035732351912 13.068735848149817 10.295549894646806

2015-06-29 17-08-49 9.790720849833273 9.594068015485288 9.635974080746374 10.583089353954033 12.287397265543314 13.05145750477322 10.48704052546839

2015-06-29 18-57-25 11.760622650002476 10.621320769755439 11.436405224701769 12.414684077497222 14.611089491876609 14.559189548573002 12.61051421212877

2015-06-30 14-20-41 11.777634348987167 10.803946564616748 11.463769534077056 12.303294545162734 14.639804568592606 14.336433918674569 12.359302644248766

2015-06-30 14-59-31 11.872348383211522 10.855685910726539 11.248816732814998 11.48458885221107 14.28996041515255 14.03774264774151 12.145645798485653

2015-06-30 17-33-39 10.775227397251697 10.520824674441835 10.898915337688333 12.317884271080507 13.9955392518637 14.403996720176792 11.784462236686243

2015-06-30 18-40-26 10.907580538314777 10.458124117744914 10.999210358226325 11.832345063894191 14.216272741823152 14.154316069067832 12.138726032518571

2015-06-30 19-23-17 10.941282877162884 10.442175140270267 11.16357590477857 11.599639526616206 14.090448535611353 14.199872651905817 12.291598416580797

2015-07-02 11-02-35 12.137706885831554 11.725365551443247 12.062254850138425 13.0459618886164 15.23203846616228 15.229227408690686 13.387141843719231

2015-07-02 14-40-09 12.02033515724869 11.445248904700936 11.907359288639508 12.65473915769204 14.934701901664107 14.775313702466637 12.749394312171981

2015-07-02 18-39-42 12.868422558862923 12.632769191536884 12.731456091750909 10.966850172648872 15.235149502467115 16.474947669975577 13.413408867394025

2015-07-02 18-48-59 12.918207176276633 12.760422379811226 12.631463215964802 10.858981100802671 15.320358873792523 16.50453957505071 13.409532335219808

2015-07-06 10-50-32 12.86814597698461 12.756465250524101 12.709695325099398 11.216186524918662 15.106162400534544 16.476854960783804 13.29413430389479

2015-07-06 11-47-21 13.297732053676366 13.08110550795746 12.96251732464172 10.94699203278152 15.576659377717334 16.458296611700526 13.880431926762764

2015-07-06 15-16-16 13.19705316035093 12.892717243603377 13.109052704971859 11.405252803748231 15.766143501348074 17.888621899966687 14.147370885272545

2015-07-06 17-48-29 12.9639340469185 13.492124060457698 13.184448238445247 11.437762783223745 15.82972125293872 16.965703267214263 14.148287184183726

2015-07-06 18-41-52 13.021391948126274 13.518293390270406 13.257301966721638 14.472671730248326 16.18022385180885 17.088001495712298 14.341199875099687

2015-07-07 18-42-03 13.002404200335864 13.45190708796287 13.223422783870507 14.260467797526355 15.843554822752418 16.830324981072923 14.158065005049774

2015-07-07 19-50-10 13.002028086653116 13.433051164746649 13.255626429236878 14.415490612023358 15.769439551316136 16.857670382992485 14.221678401795065

2015-08-19 17-43-58 23.61125690227876 23.523584315398768 24.19325982173716 25.50305438873978 28.984160178110436 30.867614382036074 26.306811485749357

2015-08-19 18-14-01 23.584917480589986 23.6839633182191 23.884831414026564 24.977369121653 28.805106831591978 31.142021990143945 26.604975052567227

2015-08-21 13-54-55 24.10061147225128 23.634534945125957 24.767530504403997 26.113297025090304 29.13537484745462 31.648179827258577 26.347753327875928

2015-08-21 15-12-03 24.44723088277673 24.036062689842893 24.880019529305066 25.533500170497643 29.283404932121478 31.578672386711105 26.652865745660726

2015-08-21 18-50-17 24.68646181690281 24.080216001707743 24.987451422937283 25.526580975726596 29.572967215062484 31.323542941696655 27.44730943634743

2015-08-24 10-34-05 24.108083495231952 24.281115933567623 25.08090773203373 26.38274668964191 29.701271409915556 31.449529980898138 27.36497544542781

2015-08-24 15-13-45 24.970788761490628 24.243113794050863 25.25577091372496 27.02595079389449 30.085770261732215 31.919875607975786 27.757630111596548

2015-08-24 16-11-34 24.65748838684514 24.741101480467304 25.44011873247689 26.418189214600808 30.19681139099216 31.763105048875655 27.390349012155486

2015-08-25 09-35-03 29.371083896398392 28.995009859284398 29.42098138203202 30.55497398199942 35.637777277987496 38.78653775081601 31.84208850514699

2015-08-26 16-01-27 29.795338345469236 29.41584693604371 30.548858269944652 30.875564603447422 36.478165943301576 39.26989045230791 32.98057708217452

2015-08-26 17-28-56 30.817249888011094 30.39139999780703 30.750947509298634 32.208635942115905 37.15051346914582 39.348246787733665 33.684275893255275

2015-09-02 13-57-24 30.186084285971837 30.809125959701543 31.121730606146038 31.788309173610354 37.14486625409144 40.14814683366624 33.541723975902755

2015-09-02 17-37-27 31.082874588542314 30.634262058620333 31.474349332950442 32.90507044494894 36.663861482276666 38.78343313437665 33.53093707882407

2015-09-03 13-35-00 31.181799050325765 31.469275668307112 32.03785244168172 32.538528534514235 37.10028369804243 40.85717438314387 34.26875041510716

2015-09-03 17-20-02 31.398531527387654 31.1236142882688 32.17723434334985 33.60679157881494 36.93768449798919 41.34806186112353 34.25689055954104

2015-09-09 18-04-01 31.311073109757796 31.506288313038038 31.930319425941043 33.65132442691983 37.65391902357401 40.93292096730382 33.909997608857864

2015-09-10 11-19-39 31.292356579949683 31.971945885539935 32.024654487115455 33.0227776176058 37.40765167312691 40.949599012283514 34.48811763416402

2015-09-10 16-45-56 31.333491136582005 31.32237823774498 31.936723812694897 33.9934996740288 38.92941583655933 41.547166684654584 34.13584966209192

2015-09-11 12-00-21 30.952361620688226 31.470462371368598 31.95282264955995 33.468330160589566 37.8545606906723 41.212867767585564 34.51613668879158

2015-09-11 12-22-47 30.669398547018677 31.09858687170413 31.686999858582727 32.10562977934412 37.55286760715118 40.42834439525941 34.10766356855586

2015-09-14 11-45-27 31.652530607507934 31.256369928949518 32.03254018503229 34.07918667677346 38.12268509685346 42.700220291112764 35.00715274014366

2015-09-14 19-08-31 31.11882851035878 31.487504294812503 32.15268366094283 33.700535596592175 39.41824979370707 42.614391758427736 34.56631171776984

2015-09-16 12-28-33 31.517773269372235 31.77005397427744 32.698425471842185 33.18720239815555 38.52019031043667 41.86991858779818 35.386380838813174

2015-09-16 13-53-00 32.27841899622877 31.710830927507704 32.40666916870503 33.88527876870339 39.600771623912706 43.169825297872286 35.38361891081202

2015-09-17 11-23-35 32.18681549310771 31.523871141087664 32.80476881162777 33.9171733232933 39.689376498320804 43.11921542046717 35.374233967411236

2015-09-24 11-18-47 32.062101069171305 31.335770270819665 32.84261282891554 34.34169426406525 39.97767285696588 43.04293432398292 35.83266785610745

2015-09-24 21-52-21 32.13898335450896 31.68235909897562 32.973379486804745 34.28575021578763 39.84454146968958 43.165460208059606 36.169706320746414

2015-09-25 09-02-06 31.479365899662696 31.77341712302341 33.33554465802381 34.756353799959115 40.25796650813773 43.440400378126476 35.7788664880744

2015-09-25 09-22-21 32.71088667031592 32.42988871290104 33.33490073585315 35.01335057211922 40.382519384030644 44.275017410397844 35.65897166845964

2015-09-28 17-02-04 32.603733210609775 32.264031355711964 33.58587146071739 34.67569909443692 40.09202958363941 44.485617373993556 36.46052407308325

2015-09-28 17-45-11 32.50647752947396 32.57747233659794 33.56794314192005 35.39216516245619 40.546761617826334 44.6066724856263 35.79632627757564

2015-09-30 20-13-26 32.52324070814238 32.597443652403555 33.5760165522335 35.42681766669311 40.09422155735179 44.568897553800994 35.772968027206325

2015-09-30 20-58-45 32.8712362713664 32.86999596055472 34.04222924469052 36.27169684818148 41.81267112264413 44.89972413378136 36.372588549854264

2015-10-05 16-26-18 32.87081404558808 32.12605582018299 34.0077719918256 33.872233258301 40.81031074845184 44.12681116254762 36.937065728720526

2015-10-05 16-40-53 32.890488828507515 33.00317230891385 34.50471781536832 34.985541042077756 41.29167143455408 43.90493814838425 36.35072076593512

2015-10-05 17-35-00 33.08474721947116 33.437125799022475 34.01041786159982 35.01910489525321 41.380729930724 44.982739981133534 36.22628236143487

2015-10-05 18-01-56 33.552643387904425 32.11218555510048 34.35811460205535 34.196999354874634 41.203501374404745 45.296352738826194 36.73702878471842

2015-10-08 18-29-01 33.447227437655954 32.61307378839355 34.389760339958855 36.218662179400056 42.03010090784053 45.64309715413224 37.52667836364047

2015-10-13 15-57-54 35.08613879463108 34.14391121127484 35.50241714738773 37.16576273439924 43.38538479280989 47.324317578933915 38.5334369127397

2015-10-14 15-02-52 35.26369181366603 34.84253734688601 35.73253608409449 37.10732608183484 43.59453897102877 46.513032879215544 37.87942058416752

2015-10-16 18-21-30 35.563744068271106 34.73571639592915 36.352813828156094 38.51587020254175 43.62058451855271 47.339638387830725 38.2349640565633

2015-10-20 16-33-58 35.60153535014289 34.6482223313629 36.263864394505696 36.51821409194334 43.34572187382565 47.352656911873055 38.29130914766019

2015-10-20 16-47-45 35.731727125623685 35.02939467189782 36.09021575768197 36.28972686913103 43.52018850980066 47.40624000664466 38.19469866634431

2015-10-20 17-46-20 35.32626752830272 35.17384582893037 35.87132426464599 36.657044660520306 42.6900841426493 46.33109550098814 38.2599149588808

2015-10-28 13-57-25 34.56699329562644 34.47457928683292 35.9862124543497 38.33994606861414 43.66281057028397 47.30746656215346 37.833623701928275

2015-10-29 11-22-17 34.912037454525866 34.55357465900199 35.65765152821098 36.702835884866275 43.663311066036115 47.31666049536182 37.518545588988424

2015-10-30 11-17-13 34.783120757676855 34.413939039489186 35.76823442007184 36.65830512092042 43.35178894977639 47.42776636095873 37.58385032319175

2015-10-30 18-14-23 34.637014937156756 34.16802171161412 35.35202600128704 37.46206235456433 43.38965225365901 47.50140723852965 37.31437797250444

2015-11-03 18-43-35 34.98523662368404 34.430257557586884 35.71205919948237 37.84142573130438 43.74428556460928 47.24019576498823 37.363203237245855

2015-11-04 13-35-55 35.02240313974008 34.7150582579058 36.07125343133616 36.34037123720627 44.02829299454382 47.86415368672427 37.32952074087958

2015-11-04 18-14-40 36.23132892698208 35.342246513548034 36.44102065756323 38.929282226777076 44.44611136774856 48.13612275000661 38.48935153391363

2015-11-05 17-26-37 35.68891355149766 35.451789354777546 36.629570085935974 39.65493061794034 44.51010371838603 47.801266220803555 38.273744080282086

2015-11-06 15-00-32 36.308644000996395 36.09766478361796 36.68356496210035 39.46776427557792 44.97589362378298 48.00909645473787 38.33613175667951

2015-11-06 15-06-34 36.121266767439494 36.302548049332565 37.163288775774326 39.53126770866566 44.66400090250327 47.97258530156125 38.55898186687146

2015-11-06 15-06-40 35.657672561279114 36.55022329076572 36.6733016584219 39.350251438332734 45.16315727421339 48.939800016667576 38.55779788291509

2015-11-09 19-00-12 35.917428851805155 36.329848462843096 36.73207735312955 39.18897950178774 45.09547942506497 48.99650938245766 38.486177107427125

2015-11-10 18-45-06 36.83488494030536 35.78585005947187 36.70970868230273 39.27505883988498 45.125809934648906 49.462463809044685 38.65031579471772

2015-11-17 11-53-12 36.5705529241523 36.689860771222065 36.96186897967666 39.348733990282476 45.29208741918313 49.68197880184114 38.36395648552748

2015-11-18 16-36-18 36.41509217581862 36.14817462895652 36.771263039420504 39.82427169348606 44.96559399849946 49.447159946957996 38.66031044726989

2015-11-18 16-37-15 36.35703994535548 36.365229665317024 37.045100279189064 38.65526645463059 45.54115669691252 49.97822710190327 39.550331505812856

2015-11-18 16-37-18 36.350975375343424 36.54859176071668 37.04007945663149 38.577128994367314 45.116444251946476 49.71348523641326 39.05450690744085

2015-11-23 13-53-49 36.5290404757079 36.4055057726507 37.1860676121387 38.70313607493037 45.07546954139595 49.73018551805254 39.16355181817125

2015-11-23 14-58-51 36.2738329369085 36.52419537574079 37.487231102436134 38.039515420479475 45.55173245513759 50.33568195488732 38.95665806058176

2015-11-23 15-29-58 36.80640918048415 36.34110241484183 37.624767249869514 38.85476661520831 45.9591383980686 50.458870973974186 39.371078923262374

2015-11-25 17-57-13 36.866976424908145 36.72562254790758 37.51452820500681 39.08106862570473 46.17926450979095 50.338056187841104 38.73898348299999

2015-11-27 14-29-46 36.673848515397175 36.8817642732122 37.55094270809586 39.53992727024831 45.54712588576606 49.834711509376234 39.617131524436886

2015-12-01 13-54-06 37.55642168264292 36.286695177072744 37.75179384228993 39.67488840795489 46.0649130885843 50.703760558423326 39.20768294974993

2015-12-10 16-11-17 37.425661429190974 36.49392322887858 38.08312201723718 40.78378353773886 46.26335671322082 50.88223738948079 39.334866938500305

2015-12-10 18-26-08 37.22419539996788 36.29631715963283 37.838908462737294 40.182233842524695 46.03275198640169 50.752091208267075 39.37640781148485

2015-12-17 17-14-39 36.89887576238931 nan 37.61385327940089 40.670848745336684 46.32451519814284 50.82775583367118 39.9769815108221

2015-12-28 13-48-28 37.48099557731719 37.142087518378375 38.007621312908284 39.410071320516444 46.45805789054921 50.80250382865045 39.58970643954607

2015-12-29 18-23-15 38.18232038029609 37.54906019353307 38.64999599390233 39.368723404282775 47.155512134920855 51.66070809350323 40.84931801206649

2016-01-13 16-07-39 38.032642722670246 37.40950224718171 39.002136235295666 40.6389674725416 47.25746231608989 51.6713467530486 40.95548220982809

2016-01-20 14-15-01 37.96759932736371 37.56504376047892 39.10560795318203 41.760120607450006 47.37036488759936 51.29101675570857 40.64148289648428

2016-01-21 11-24-25 38.276603901785435 38.13260443750008 38.906280586550295 40.97373355388015 48.47520979304515 52.68214617271615 41.625089458892354

2016-01-25 16-16-52 38.649084132118105 38.10529019258234 39.263496367522016 40.48425358967298 48.18350002906666 52.46623278151132 41.21928412297763

2016-01-29 14-02-27 40.04637009810237 38.710195925630345 40.20799540887879 42.44722064354718 48.211647282383424 53.10675723662045 42.539227211851106

2016-02-03 09-59-17 39.94066481051017 39.54515987224967 40.10741298590583 42.23209577809492 49.13525247958415 53.36751350012211 42.469226838174485

2016-02-03 11-32-49 40.24044559254829 39.68302976286001 40.47899631051488 41.312546728652315 48.74815812206556 53.243663399375485 42.45427248817599

2016-02-03 11-33-53 40.366487053296495 39.31804993330583 40.05843870973854 42.603009041464375 49.164551497736184 52.68474077443939 42.66068696427043

2016-02-12 17-39-52 39.94493620741851 39.31602142540725 40.22377877334792 42.554819706525265 48.36380146629736 52.62599647707012 41.35046114497566

2016-02-12 18-59-37 39.890786893890734 39.23651614380121 40.01852044298626 42.09256992424377 48.609373644397785 52.85332297059176 41.93477250602463

2016-02-17 15-42-32 39.434590453766795 39.074095444041085 39.94452649687658 41.78644730676833 48.76168343877838 52.30151829622846 42.56884739687904

2016-02-17 16-43-25 38.59527940592383 37.68424926432688 39.59215267242401 42.04438655218271 48.04198815539413 52.93711439506267 42.342797853109325

2016-02-19 19-05-41 38.40863468952193 38.15267505525711 39.48420256981265 42.2818576215261 48.03601011887871 53.16249137518406 41.80777766758207

2016-02-19 20-56-47 38.58980836342998 38.17272865738315 39.4296272705837 41.16363332839785 47.75054553728306 53.0185355743492 41.91015918917988

2016-02-23 14-28-02 38.507370631805216 38.012348815059326 40.02151902057508 41.68971640897348 48.09658728057253 53.619035628826076 41.630314399951914

2016-02-23 15-54-03 38.99301660001071 38.275251340861104 39.823567032509445 40.98160752735777 48.50409880997695 53.891607019972845 42.35995539859099

2016-02-24 15-26-54 39.051313322829095 38.153403030144204 39.96015788967644 41.60673732536746 49.292566039726346 53.88585027211574 42.63949929338495

2016-03-01 10-32-30 39.090934977078504 38.0983859947561 39.82519436871301 42.473285392289604 48.58185478718858 53.37716639337381 42.88061113431053

2016-03-07 18-19-52 39.01698677503496 37.8138015704652 39.85563120257867 41.576001815280854 47.982136971044994 53.230157410692314 42.402335515375796

2016-03-08 14-08-57 39.45795737611756 38.91190901663212 40.149421465144826 43.090766929336766 49.663877687876194 54.23919719591176 43.09816867090663

2016-03-12 12-42-43 39.409894695327 38.80628281342443 40.46211630278494 41.151643998649696 50.033156717126815 54.14062904438097 42.86281363737619

2016-03-16 09-14-47 39.47825430196932 39.406222686925034 41.12035112959249 42.63491129701477 50.0455595359323 55.056059864369985 44.26427734730436

2016-03-24 11-34-06 39.66464827158991 40.02235069376174 40.764553259258705 41.686933697096975 50.48843470425199 55.15944254250599 43.70280449052044

2016-03-28 15-54-39 40.373055481915706 41.22749411811474 41.6883989338594 43.477997878091074 51.65661312096042 58.13067501912205 44.68503914219268

2016-03-30 14-31-18 41.313172993194584 40.73108398064057 41.70837177421273 44.43707075306539 52.452968579166246 58.38607715782361 45.726701705696016

2016-03-31 18-28-39 40.79306290547745 40.598390710684896 42.12400369662335 44.33497896147924 51.89749383031606 58.357213617857454 45.52175728242382

2016-04-01 16-25-58 41.183447871421556 40.58467041088928 42.031654564451024 43.517072542914626 52.12643708594226 58.202128124054916 45.128794611846374

2016-04-04 17-06-14 40.42390269390506 40.46084488424013 42.24059883917754 44.68081707345978 52.19295344053512 57.96943408358148 46.07654658842029

2016-04-07 13-31-03 41.8492616446974 41.197691874105814 41.754454713241344 44.40224083948198 51.878431487570786 58.57734949196581 45.162044383282534

2016-04-08 16-08-18 41.80777422884181 41.54780824973667 42.01361418200397 44.52684152087926 51.730295007182725 58.30327181032375 45.11972517031467

2016-04-13 17-22-19 41.81670405498048 42.053209102960935 42.73553680327205 45.160643161092175 52.04063231178227 59.13794794203889 45.73188673846461

2016-04-19 18-34-18 41.76988081595668 41.75022856023678 42.81977462415615 44.167817259269164 52.58464675944661 59.32834456737562 46.03261098152972

2016-04-25 12-06-04 42.1557499318623 42.01747148078803 43.005869946037954 44.44416244805673 51.841130104996594 59.919008767817544 45.87432093440795
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Table A.17 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2016-04-26 15-48-10 42.02783951838616 41.65678680823591 42.9043921129003 44.67402877254666 53.008975989552695 59.75234368563908 45.80720060827285

2016-04-26 18-40-41 41.859206761548094 41.82424938440131 42.88022810609461 45.2701598821009 52.907494844436656 59.91980434848891 46.26295830778709

2016-04-26 19-24-05 42.53376524361111 42.170405899191096 42.88908410321004 45.85308800427049 53.138062675662084 60.10670460613738 46.525603309336205

2016-05-03 17-52-25 42.94112026171623 42.27121091146533 43.82398005247365 46.02088250405017 53.27833844090871 61.0080110120848 46.192499661083495

2016-05-03 18-52-10 43.195666063015395 43.01811509111115 43.806502781046994 46.057362581331674 53.73045557021631 60.99241956551561 46.84544074458919

2016-05-03 18-52-16 42.70140134719454 42.728332245488865 43.48148060635953 46.50640563990918 53.97910535067639 61.408857767693604 46.72396381469207

2016-05-04 14-10-08 43.378987876027395 42.61549262459414 43.8234236786706 45.97099516821723 54.115493282533066 61.45211741933912 46.87894316223081

2016-05-05 17-19-28 42.791246744030374 42.59455999448086 43.73141160261 46.11287758501438 53.43635797041666 61.2660105236628 46.79353811302743

2016-05-05 23-28-36 43.002298996479645 42.8094958200734 43.900083578203024 45.490112941593566 53.820373434977775 61.908678432736636 46.3109764631624

2016-05-06 11-38-59 43.176541772339476 42.29533488638165 43.76195124752514 46.44429044618123 53.78442842367433 61.706306954773204 46.87179516186547

2016-05-09 16-14-40 43.41295597122497 42.532487848094725 43.59194821835261 46.119158043217695 53.804687824047356 61.44133991955604 47.22789083401345

2016-05-09 16-15-26 42.90375737811629 42.32546423571317 43.601881808461634 44.93518251071724 53.31072833231464 61.726260772261384 47.50130448410145

2016-05-10 15-10-10 42.81531113169355 42.42759746879766 43.986787993560576 45.612503075580165 53.776936776281026 61.00054420847456 46.47661725055747

2016-05-10 16-53-29 43.89335653743844 43.7985274172438 44.80475900322489 47.14734980387237 54.59568536357331 62.59805384134363 47.36019570188997

2016-05-11 18-21-25 44.810826754413824 45.43226751252685 46.3032155904325 47.73726929740802 56.084874315330126 65.3368928555598 49.54794696762847

2016-05-13 09-54-58 44.84242297526354 44.58857785371508 46.18714788125607 47.933217863371254 56.66163250528308 65.97571966458793 49.68934421667382

2016-05-13 17-01-39 45.58792657890139 44.40892664157348 46.131859855797416 47.034633528889046 56.36389560263368 65.98865224289742 49.43043732282276

2016-05-18 13-36-31 45.856409169136796 44.83232961432065 46.458111432014775 49.676969178801826 56.80564024991909 66.96194861933186 49.61884441888823

2016-05-23 14-22-27 47.01726999996267 45.784926393717264 46.72983709554341 49.99666630267234 57.60928391490438 68.67415577918806 50.04892310016244

2016-05-25 19-04-11 46.38681125661584 45.21830444966655 46.88047095779196 48.03330849772287 57.37202026847309 67.84519054309482 50.08922084221125

2016-06-02 14-58-43 46.58414411277444 45.67252399420467 47.055184924560194 48.19638969373695 56.98834224692165 67.80819059246745 49.667562312678925

2016-06-06 14-30-24 46.080809413539704 45.40401359807768 46.80708428394041 49.00752202742929 58.237983053847515 67.70450084968093 49.88477804021291

2016-06-07 14-12-02 47.19410063085859 45.61674116279378 47.26725632499351 47.71510930253503 58.31030992347691 68.31294186200013 50.61400299264961

2016-06-07 14-19-55 47.00067882465863 45.96570809044992 48.255862377499305 50.60953539516772 59.392085647909575 68.49954290495305 51.116231253976444

2016-06-13 14-56-51 46.38510791317283 45.942413357785654 48.202404398898054 49.76207400559105 58.61537395403259 67.85915390817516 50.959825960445855

2016-06-13 17-39-38 47.077956791383386 46.357019941211625 47.88965928743246 49.19996130753948 58.47100005766803 67.90655187430418 51.1048094839353

2016-06-14 11-06-45 46.70044232557548 46.46730064553198 48.13076882935657 49.26888861845178 59.369628909097834 67.32914708161276 51.4310245621391

2016-06-17 16-06-07 46.43668233640217 46.46729904969466 48.09354408899988 49.60961473493545 59.04196486206653 67.33172993475424 51.3991539792867

2016-06-27 14-59-46 47.28282044767584 45.917005525060674 47.979914267136365 49.63278076611727 58.5519962431847 67.82374141263236 50.853171953691344

2016-06-27 15-09-30 47.378069359697534 45.926075688697004 48.08824365655697 50.28171005882657 58.978249068667445 68.58343134363803 51.178555755965355

2016-06-28 13-27-17 47.23239922295983 47.85899671818942 48.40445382216613 50.67023668873675 59.2561102100849 69.33798463585028 51.950980338815455

2016-06-28 15-45-15 47.14994139580434 47.674538464522804 48.58031544654177 51.65036965304046 59.241285233212395 69.93718415130935 51.79557519198022

2016-06-28 17-43-56 47.51908885945985 47.16112198570516 48.31334734257023 50.477432813323986 59.40040359331552 69.67097883565812 51.923046396685095

2016-07-01 15-00-13 47.3030577774353 46.966915789997884 48.09090539909137 51.982623629918635 59.86586156616213 69.19540145829774 51.22707484076491

2016-07-19 18-32-56 46.765518670711536 47.78214271688809 48.0078744363727 51.241012276875416 59.114829690146095 69.48110015522967 51.458513577618575

2016-07-22 09-19-36 46.23977256942331 47.33193065580814 48.389998533999695 50.9748666404996 58.83101980363581 69.51219535334093 51.47672328218145

2016-08-16 16-45-48 46.95315951448633 46.77019765954416 48.43163474061759 52.09098095654048 59.818124150962696 69.08405484134737 52.39318637009991

2016-10-31 22-17-41 46.70167768226423 47.67747579720735 48.716778718328285 50.42502596903371 59.98775116864606 69.58511658898948 51.90761083040961

2016-11-01 10-03-33 46.262420665454364 46.25005739047426 48.351906715195994 50.68624160611775 59.51240838667712 69.66703661979254 51.57214214753647

2016-11-04 20-52-57 46.54703697913202 46.565475033906026 48.5798407081771 49.846187566442914 59.42567443617345 70.75696573503237 51.51214814102296

2016-11-22 03-38-15 46.337674642385494 46.7950898097498 48.50946003318257 51.19837395411549 59.81748010081619 69.43868577976637 52.19374980731359

2017-03-01 15-25-44 46.85453558813617 46.837863110166474 48.324174022452304 49.36953505157104 59.898692726527216 69.67400314418049 52.19767940451701

2017-03-09 21-02-40 47.092300388383975 47.86838762542061 48.080135972816876 50.833954517559725 58.94583750983692 69.55575103547446 51.90528320636749

Table A.18: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2015-06-26 18-38-56 24.56579400882449 23.561950405357457 27.32512036521033 27.741359104477766 27.979537734381232 28.334520106258005 29.28198712212073

2015-06-26 23-03-00 24.140659748945232 23.58079716456776 27.821414229043615 28.145913639448498 26.740922491577447 28.90154166965733 29.606131407646878

2015-06-26 23-04-41 24.30065988527562 23.563650649428105 27.66983286955196 27.393546712624584 27.330821709008244 27.973611143731425 29.57903337532202

2015-06-26 23-05-18 24.03058262544562 23.551721346754626 27.70452237183236 27.962184247607087 27.784777661387047 28.012094523967857 29.00362685020225

2015-06-29 15-01-39 24.211355468834995 23.557167493568166 27.4854609212634 27.62384858880453 27.760321019444728 27.965628452811426 29.16144749748738

2015-06-29 16-17-30 15.80587385780583 15.97311819854848 18.798936676945356 18.44673676553591 18.99208245636416 21.293769574651723 20.265607121570476

2015-06-29 16-29-46 15.929750133278205 15.98313084959743 19.14111410984157 19.48919093580386 19.202727377064015 20.526481798457034 20.19234730517595

2015-06-29 17-08-49 16.189265162454053 16.049728705976253 18.96701237041339 19.495082125710923 19.309293532332553 20.462257830464445 20.404186505631664

2015-06-29 18-57-25 19.906535319374182 18.339966828960165 22.697185632190823 23.218361720059534 23.87553182980548 23.30814582483778 24.421879958970415

2015-06-30 14-20-41 20.23203579698846 18.73608312034542 22.445748855282385 23.10917245070872 23.831157314228943 22.84597285267112 24.371620318709624

2015-06-30 14-59-31 19.978936409173752 18.84522526126701 22.26351761211395 21.826566031947948 23.01051398070811 22.260308555200744 23.696343241121976

2015-06-30 17-33-39 18.066034257166645 17.636722685386133 21.532406033457516 22.752556966781995 22.374318700218417 22.715952502237776 23.083986264865025

2015-06-30 18-40-26 18.457039466142 17.851433844478002 22.050702236483595 22.242281962825217 22.49267065835629 21.984890707603565 23.61780801731617

2015-06-30 19-23-17 18.484765461891175 17.920084492504003 22.19760721808065 21.9348512714864 22.230740681629708 22.10550995856571 23.891173780562355

2015-07-02 11-02-35 20.460241211780005 19.940075764556788 24.059087450010733 24.441911811214087 24.31119827524568 24.126918435479283 26.06827784737133

2015-07-02 14-40-09 20.029136015402212 19.295916657303657 23.98439285724992 23.57838649477647 23.963756572973757 23.177782558405006 25.129986072553457

2015-07-02 18-39-42 21.96094670439614 21.622495735917404 25.01603241504217 21.771386106806432 24.497800551343982 26.152695782866676 26.07516655097725

2015-07-02 18-48-59 22.10507138816198 22.04576999685118 24.937531966785834 21.70811895235554 24.430058175493162 26.176613225232007 26.217511964230425

2015-07-06 10-50-32 21.982015511140446 22.00708127781504 25.042449769225914 22.019276886161517 24.172831684792232 26.151771886744008 25.986790825478984

2015-07-06 11-47-21 22.52488418819761 22.637354222140885 25.55844467981185 22.021360452112145 24.846896897478594 26.301741045753793 27.24891633292218

2015-07-06 15-16-16 22.383076824231416 22.16850929990078 26.073788590076454 22.865173255912758 25.341071446251746 28.426895443194287 27.58325172840974

2015-07-06 17-48-29 22.187965122321668 22.95097531571191 26.04484734121707 23.02711324442104 25.057080053203972 27.22067688593786 27.578025175475243

2015-07-06 18-41-52 22.50761111663612 23.045480480793486 26.125996636712653 27.14655217114256 25.761537749163125 27.353402453285184 28.12975265448672

2015-07-07 18-42-03 22.215347908711564 22.78344462547974 26.168551914120872 26.886317160761017 25.166407004626684 26.97893079698519 27.72793967561435

2015-07-07 19-50-10 22.258166851145727 22.776074744087087 26.36298113581766 27.130020444010405 24.985200570145288 27.08458640913704 27.90516081263682

2015-08-19 17-43-58 41.35467451198546 40.89621364908792 48.363590416529476 49.028247836127335 48.77890051426702 51.409884138882475 52.07636550905387

2015-08-19 18-14-01 41.1005843253391 41.267774838844105 47.91331539184266 48.65353002370267 48.56508992476423 52.067703104847716 52.19368735644707

2015-08-21 13-54-55 41.75469808408678 41.24294511003714 49.207761843803766 50.27431729094968 49.206985397532705 53.061928628355 52.29738231125198

2015-08-21 15-12-03 42.598362992525175 42.23635026312472 49.91124108190449 49.5350817878503 49.28706412668795 52.934223150799404 52.749893776917226

2015-08-21 18-50-17 43.52991345307011 42.65641904779056 49.60479184583065 49.400527798292885 49.944262506429574 52.47476444647348 54.33403990707528

2015-08-24 10-34-05 42.62751623194598 42.7172071396158 50.21030421976708 50.52006776309486 50.62013533146055 52.47446022352765 53.64959440019779

2015-08-24 15-13-45 43.663007440617505 42.594105018479965 50.53296375650375 51.74926577551442 51.08951139382857 53.643967524581775 54.73324214548013

2015-08-24 16-11-34 43.55558726785804 43.69261572852706 50.50929850000394 50.89425512099916 51.185584007003385 53.30165075859734 54.21317168146707

2015-08-25 09-35-03 49.92695580684368 49.560806013686694 58.92922740909078 59.140113708285654 60.0379827939215 65.08990645135383 62.51029843208556

2015-08-26 16-01-27 50.576385874440724 50.63669359153209 60.988256541368386 60.352147338690564 61.8323325116322 65.87423090729047 64.88380870424676

2015-08-26 17-28-56 52.90213678005407 52.3304016916512 61.956806729177686 62.37511879500702 62.844904813975425 66.2807401729359 66.22307677045472

2015-09-02 13-57-24 51.705684756431694 52.91531714551893 62.32936586464966 61.73468090405763 63.12115513558122 67.74405815211718 66.07390044556045

2015-09-02 17-37-27 53.17556358791205 52.68655351482447 63.20530867784207 63.53448156204452 61.343284932137315 64.58310723522666 66.2366935245613

2015-09-03 13-35-00 53.57023994392525 53.816660002256256 64.35682573557222 63.127312602820645 62.23417829019068 68.67600606195305 67.72849920754906

2015-09-03 17-20-02 54.05091000990949 53.34764203065322 64.49699061370558 64.51185446431995 62.713252818577075 69.74940544317819 67.38631993654161

2015-09-09 18-04-01 53.653263970656084 54.01926771931342 64.27021081437438 64.55625127895884 63.335162222610236 68.84076561279633 66.59861585266832

2015-09-10 11-19-39 53.66895897825225 54.96010084908979 64.14052428738026 63.61753255626885 63.23025207962421 68.87279628177521 67.85864084728496

2015-09-10 16-45-56 53.78912243526404 54.61486025975013 64.5002540363215 65.2826724668752 65.60085509501815 69.74009411590936 67.57980792597945

2015-09-11 12-00-21 53.099288634107346 54.87859844680796 64.2209480985463 64.48011405045095 63.56896596396551 68.85806337478783 67.74342842340374

2015-09-11 12-22-47 52.74813039071408 53.752672426624805 63.46643666066186 62.939471539466545 64.36905903248869 68.23021831223785 67.31810288026045

2015-09-14 11-45-27 53.651146789433916 53.20750494023523 64.58683464011344 65.92453584957225 65.02355469567212 71.99865604880654 68.85586452595788

2015-09-14 19-08-31 52.967938400023115 53.872044193710394 64.74747374960624 64.8563386860019 66.7672434203591 71.9204450847535 68.34939121187337

2015-09-16 12-28-33 53.6017682746824 54.42122609009198 64.87577939891887 64.8255962324856 65.59687283929324 70.50495097107286 69.39345164416028

2015-09-16 13-53-00 56.15176616264915 54.530950538895034 65.07314909918614 65.7743229690643 66.48465521710469 72.44168963601652 69.52920415554982

2015-09-17 11-23-35 55.581964529453934 53.858695033101846 66.0171427814568 65.95848003396654 67.01628548076935 72.4905118624537 69.5670518306109

2015-09-24 11-18-47 55.09107461947134 53.43223738479402 66.25352330497185 66.59571835771644 68.13380568841498 72.38951955643503 70.220428375126

2015-09-24 21-52-21 55.33147375237219 54.51003897169952 66.04147846390512 66.320020339902 67.18116270488704 72.47290626613956 70.5613754191709

2015-09-25 09-02-06 53.92482509449444 54.67034860779124 66.42126195901075 66.69451018815319 68.04829607738456 72.81285193927025 70.03672642198387

2015-09-25 09-22-21 56.066718190292065 55.435928810432685 67.17795709312442 67.54602278902524 68.20912776357116 74.9295150165951 70.25234669801127

2015-09-28 17-02-04 55.673954056078095 55.40365724493265 67.38197621251426 67.2021849439441 67.7661639730356 75.01957767457681 71.71661302613646

2015-09-28 17-45-11 55.53515510357215 56.155193788019574 67.2918201800931 68.55223112828656 68.76236752293248 75.34434320343772 70.2953840847393

2015-09-30 20-13-26 55.49664712951899 55.841588057722944 67.5645219694084 68.00620098399307 68.02630778254706 75.30337783886861 70.6446613813592

2015-09-30 20-58-45 55.85679550420118 55.93874462357614 68.01591480412047 70.209847494651 70.65331258784161 75.89188839817048 71.73449832062161

2015-10-05 16-26-18 56.17332791810153 55.09156233298212 68.30181416098165 66.47350181118009 69.24692942831493 75.14445438869647 72.61660529701683

2015-10-05 16-40-53 56.16644162798766 56.537993738866305 68.94801329605856 68.2051823148165 70.7127064466005 74.76396508477823 71.2492946656474

2015-10-05 17-35-00 56.34117545886644 56.7238134346447 68.15600806031463 68.18813926810222 70.38456668216824 76.51071204449481 71.66123084336544

2015-10-05 18-01-56 57.570274488709934 54.943455787285174 68.75688431626475 67.32177248552323 69.65642897664902 77.01840122612187 72.15112104997881

2015-10-08 18-29-01 57.27312344802889 55.762100010172205 68.82546127628083 70.01974574755211 71.55332670342321 77.4429521001656 74.0392270274081

2015-10-13 15-57-54 60.03858399700342 58.89817340420409 71.1835986874171 71.98756940140049 74.41622930615 80.68627428407025 75.77068675196654

2015-10-14 15-02-52 60.55543451027122 60.02665026846849 71.87304133985457 71.96187095330988 74.19496038712806 78.74720524869352 74.86969964986852

2015-10-16 18-21-30 61.348892867885354 59.434308793000284 72.24526910805221 74.07707701401928 74.73357691760096 80.3548017240055 75.34433349732346

2015-10-20 16-33-58 61.24785204095807 59.30378468157261 72.14403550777719 71.75502195941321 74.04240791598541 80.46717473726866 75.75298110724285

2015-10-20 16-47-45 61.62038789685481 60.01934003942862 71.9535840405866 71.44493044189065 73.77339102201242 80.4590128099023 75.54902511253374

2015-10-20 17-46-20 60.81743284399249 60.80853672198621 71.83998250772798 71.64191127252782 72.97082308883118 78.33997851215568 75.21223144116342

2015-10-28 13-57-25 59.52327137918238 59.08965684254887 71.77790517377632 73.5440807460978 74.46359503915144 80.28167833776013 74.07422613162551

2015-10-29 11-22-17 60.07739189320746 59.42665676466619 71.46889001392582 71.54964916394258 74.20565988375873 80.35244064503145 74.06705106737408

2015-10-30 11-17-13 59.739825951235176 59.29238524288894 71.57994985720573 71.25636289957167 73.45436127475118 80.69772207284385 74.09423106103839

2015-10-30 18-14-23 59.9128284673375 59.11723220139847 70.43636040158464 72.57089665085104 73.50690332964984 80.98238088119538 73.60302929811083

2015-11-03 18-43-35 60.26036353405057 58.93381441793385 71.30260534272595 72.9013511222208 74.66114104119812 80.47221465705258 74.07790428651063

2015-11-04 13-35-55 59.9695798252133 59.45207214426513 72.34407027893836 71.11444529158682 75.05145183107814 80.72892110088002 73.86485919985921

2015-11-04 18-14-40 62.36979344819779 60.66111081241587 73.06434302560618 74.72350208179367 75.68090171491613 81.65050236367458 75.66663301843148

2015-11-05 17-26-37 61.30492481423987 61.03099779677867 73.18256941085744 75.67285198242605 76.75228968312831 80.81872403372888 75.53141941512597

2015-11-06 15-00-32 62.91473346381626 62.14470523123373 73.6102722250881 75.51109682832313 76.08714442586161 80.78626214532103 75.43890108779233

2015-11-06 15-06-34 63.09292530296079 62.34811706409132 74.1033701913112 75.39827414343516 75.67285229205956 80.95391461818252 75.70470186031025

2015-11-06 15-06-40 61.66826226561402 62.864280932571965 73.18096682226148 75.51159676479755 76.18464033745573 83.90729685715047 76.17718577539924

2015-11-09 19-00-12 62.117308144610476 62.3695119327969 73.29486376681152 75.57159565066597 76.18058392116691 84.01624100942276 75.73699980991589

2015-11-10 18-45-06 63.885809485566995 61.61765895474781 73.28935339806704 75.14518392587397 76.62826278184934 84.57943687538913 76.37672137218408

2015-11-17 11-53-12 62.984268443561135 63.3574987475993 73.81855503384227 75.48735578642865 76.68656119409556 85.09771943054824 75.5740948953709

2015-11-18 16-36-18 63.396718016249665 62.09726752702851 73.52509631001524 75.81664877398569 75.66961588298585 84.51983708129777 76.67057529846818

2015-11-18 16-37-15 63.26880551155956 62.366523425865374 73.60936871828315 75.07958891075154 76.84347576060998 84.49452472584052 78.02885254910709

2015-11-18 16-37-18 62.90238901670227 62.48845487985195 74.27057840909785 74.30853102621197 76.43822739036085 85.10192232699279 77.19355356894546

2015-11-23 13-53-49 62.99983352629759 62.46372727429971 74.33696238805031 74.49244462093722 76.91384627323825 85.29507371836563 76.89542978097094

2015-11-23 14-58-51 62.75097509645495 62.59490562343363 74.73705530044339 74.20022830704345 77.34903209562212 86.27349548169168 77.36697367747003

2015-11-23 15-29-58 63.7748549194918 62.17580514078869 74.78075000149468 75.18980861830914 77.31922489023496 86.52564161058841 77.3712864189065

2015-11-25 17-57-13 63.71770123155652 63.14409844063861 74.6992552214401 75.78401593776023 78.17430959293839 85.24171766810288 77.2654603166273

2015-11-27 14-29-46 62.99232132552449 63.49028534264878 74.58742403121684 76.54209968665216 77.01279030473069 84.55625175297271 77.74119401207697

2015-12-01 13-54-06 65.6290887347748 63.01631715545964 75.73060021451468 76.41373603371645 77.50108033577823 86.65751946343002 77.5270334473237

2015-12-10 16-11-17 65.68293054919123 63.514534340372755 75.92032764785617 77.67358229863993 78.536580768849 87.13081811202386 77.74326532519939

2015-12-10 18-26-08 64.81512690296003 62.941055548959426 75.41703926220742 76.99443533781141 77.82669817357522 86.7170274057655 77.6626826212259

2015-12-17 17-14-39 64.45161850544676 nan 75.3096107156574 77.37706139910708 78.67709679926512 86.90822832030625 78.81692500118068
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Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2015-12-28 13-48-28 65.44378490153066 64.77095108011488 76.03136975624467 76.54860453180584 78.40852432484603 86.83643353147828 78.33789566241303

2015-12-29 18-23-15 65.79770505338129 65.1845762932389 77.00144211511758 76.98775641281495 79.6410834212414 87.75911892941983 81.13586460532422

2016-01-13 16-07-39 66.70118379298012 64.65998903645519 78.23636894236856 78.46411064648346 79.88991447044619 87.28898116933871 80.42785128715039

2016-01-20 14-15-01 66.20819280271327 64.73167667282667 78.2278824064351 79.79614363847614 80.50921502493794 87.56843583984143 80.24781913362446

2016-01-21 11-24-25 65.91617706282784 65.89316900770056 77.68040883802485 78.70229796731915 82.39828753162267 90.1229554404423 81.94613873010343

2016-01-25 16-16-52 67.2447879251146 66.26214187157662 77.86449486728372 78.61171418403488 81.22230150005646 89.73456302913061 81.4920387221074

2016-01-29 14-02-27 70.00359544253585 67.35710950239039 79.87544769791133 81.24283502148846 80.87208376100465 90.74137150937348 83.72788994253708

2016-02-03 09-59-17 69.86590969916534 68.34117816580013 80.02647430665301 81.35404169607044 82.74207701328992 90.80161271378516 83.16736783912624

2016-02-03 11-32-49 70.00660579908909 68.72263264197937 80.62688647694742 80.532598754399 82.13806569130784 90.37354452667385 83.44715792669872

2016-02-03 11-33-53 70.45062957110834 68.24844314010193 80.15590513752649 81.82608425468747 83.38067343341372 89.51352137022154 83.85306651405622

2016-02-12 17-39-52 69.29128076678612 68.78990004992787 80.26774044214241 81.64529527225551 81.35338914165763 89.40881244478841 82.250315311505

2016-02-12 18-59-37 69.55318086073495 68.7593174073128 80.39945723875209 81.20652687287634 82.14872166138461 90.28202710693667 82.86740526375074

2016-02-17 15-42-32 69.18106590756835 68.16246718779311 80.30035445927173 80.8906082098272 82.0659141947414 89.1209340580407 83.75660455749176

2016-02-17 16-43-25 66.7636834980905 64.45220387842292 79.1151239208446 80.99662497953963 81.59499589248692 91.16038240362602 83.26728269905598

2016-02-19 19-05-41 66.34737637027793 65.19237229935008 78.4607210214521 81.33716512111964 81.1179771299762 91.82392354589562 82.78426512692856

2016-02-19 20-56-47 66.78200405289337 65.58283061182235 79.01080179672879 79.83180412870422 80.86563592076809 91.24741403105003 82.3701425982082

2016-02-23 14-28-02 66.68863636435532 65.23088352547153 80.20577690496836 81.03404695371276 81.43250136830899 93.03599739587224 82.35939792004692

2016-02-23 15-54-03 67.06927483249747 65.45616064829149 79.37371001128567 80.03124315916114 81.86518874441754 93.33359932446385 83.42546306933603

2016-02-24 15-26-54 66.97130811933114 65.34558065563489 79.55290191548733 80.7193181725991 83.14700230576575 93.29828519366077 83.97187817248216

2016-03-01 10-32-30 67.34577388653626 65.18058410712203 79.80148310773738 81.77988689017491 81.99496649565029 91.96601997767925 84.6970420975072

2016-03-07 18-19-52 66.63254808393964 64.52780523436462 80.01030725046215 80.87606979663323 81.54590477841933 91.01255662509351 83.99562423959571

2016-03-08 14-08-57 67.72071663718812 66.19046007295745 80.27104949588845 82.83316554164203 84.35854215706948 92.51713710949161 84.90739659029641

2016-03-12 12-42-43 67.30020789154403 65.85520549926017 81.0583043886635 80.1015981786823 85.04333600302694 92.27682065370786 84.35806640885168

2016-03-16 09-14-47 68.21695561927905 68.20904111333655 82.16800514802439 82.8395024300946 84.50210148520986 94.06029989827114 87.05192589597604

2016-03-24 11-34-06 68.05649610466877 69.17628994056517 81.69887440090788 81.95644896060034 86.01044209648182 94.28909430314312 86.26859507694617

2016-03-28 15-54-39 69.42459839069382 70.74401935493498 84.04177374622691 84.5549293477627 86.85673735588605 99.59213889065754 89.02259892027604

2016-03-30 14-31-18 70.8279326024818 70.09938395829052 83.8569563677208 85.98160105079161 88.45758597487767 100.19178306783952 90.51010164104625

2016-03-31 18-28-39 69.51095086311527 69.73661398738724 84.40719801572723 86.19785021423897 87.41977551534015 100.05831447357205 89.99966620819457

2016-04-01 16-25-58 70.1834471543002 69.76743017660893 84.62204817265987 85.04077791359441 87.81610309754377 100.32781994803324 88.68098116535938

2016-04-04 17-06-14 69.09078711533216 69.53752415063336 84.95292349040679 86.41012853133157 87.7753529266988 99.92649615906046 90.79642152255411

2016-04-07 13-31-03 72.65745695634783 71.32055181434764 83.85924413611568 86.42877157051791 87.93335966643852 101.75782660956074 89.38818964182605

2016-04-08 16-08-18 72.7064907463836 71.96822752519599 84.07816949676737 86.48421461278022 87.83492571883274 100.49740604076834 89.48814215937573

2016-04-13 17-22-19 72.94512812245075 73.07453998629504 85.5420312951778 87.97407869364682 88.73800297219938 102.29000682482851 90.47413067122403

2016-04-19 18-34-18 73.41903376717764 72.60837772983508 85.69405333985756 86.32308088796279 90.04835470728258 103.065892960515 90.24001381737158

2016-04-25 12-06-04 73.63817919546211 73.58302963822389 85.99163162585954 86.9903140310263 87.81458049969395 104.22923761767191 90.25988614428782

2016-04-26 15-48-10 73.2914558102012 72.61116324953554 85.62056131330729 87.40790538330643 89.96139654787032 102.93490733965515 90.669791205731

2016-04-26 18-40-41 73.07044423167952 72.43027161759947 85.91321745972448 87.86905015674851 89.5973804784697 104.60917433493098 91.53168451971499

2016-04-26 19-24-05 74.07734868790513 73.11813081577165 86.03551216211875 88.7202507615863 90.27834034983661 104.48010155957041 91.94513698255062

2016-05-03 17-52-25 74.8167431088583 73.08796261406385 87.26868682403992 89.0129702364871 90.47864389686279 106.86426875053087 91.57179375895416

2016-05-03 18-52-10 75.30457688505595 74.71783387735778 87.64273223005287 89.66757025469028 91.05287262406333 105.3885488337179 92.08559178613939

2016-05-03 18-52-16 74.4869844707373 74.11835127786593 87.4274372959174 90.05749013163836 91.1444025964765 106.46363894051123 92.39562215452456

2016-05-04 14-10-08 75.74086441506128 74.14231916262985 87.83784335205583 89.32088294200697 91.3416439040433 105.76355310808438 92.58097264110734

2016-05-05 17-19-28 75.07078782738435 73.71026730689815 87.23261449452141 89.50581641625148 90.60626957600253 105.18777303011446 92.54015935417324

2016-05-05 23-28-36 74.7390211180778 74.48309829182178 87.73543814747916 88.78824789483474 91.13491760685964 107.37987419459779 91.57395089756008

2016-05-06 11-38-59 74.78424024853332 73.40569165080323 87.42942755431966 90.71724807209361 91.34126539137162 107.35881086487545 92.49761206652553

2016-05-09 16-14-40 75.42172664827743 73.96404199059977 87.61715333743521 89.67629895909177 91.7965723767459 106.42731061470629 92.60257461454843

2016-05-09 16-15-26 75.19553245863965 73.9977832326922 87.62160836078263 88.27272414102113 90.79037380454749 105.77413350662728 93.4525809964912

2016-05-10 15-10-10 74.87192439801075 73.72657241115726 88.1324164718067 89.39718993320939 91.50222246033528 104.99775255693227 92.31892907542209

2016-05-10 16-53-29 76.59776609116463 76.00715516121397 89.98821289987914 91.49517226886837 93.26256231953849 107.99374867199163 93.86635773166871

2016-05-11 18-21-25 77.87411191471591 78.40123035540532 92.73855242920453 93.26148311908844 94.89375256975872 112.81024933777756 98.00713636709274

2016-05-13 09-54-58 77.59856727784738 77.15791230114448 92.39816391957035 94.16038245657086 95.28956426769086 114.68878153024747 98.49097685858051

2016-05-13 17-01-39 78.71880028298109 77.26633973519947 92.10346363679392 92.7683824875019 94.3119754084751 114.80688045643689 97.13912501940062

2016-05-18 13-36-31 79.61914714384176 77.58373017877707 92.90212039076997 96.33671575259935 96.01714432668874 116.10589493309944 98.47201643454967

2016-05-23 14-22-27 81.50963506014895 79.04755408039426 93.5206207385697 96.7367015922634 97.68892972154035 120.23569349783483 98.99767791864043

2016-05-25 19-04-11 80.1455890912672 77.21461243788274 94.14956108966621 94.7384657609939 96.64318990755454 117.69527266911805 99.10733128062695

2016-06-02 14-58-43 80.49475458842474 78.57771407995082 93.99818434677277 94.52084913230816 95.85398972043086 117.4034538506689 98.55646052702018

2016-06-06 14-30-24 79.34752183951159 78.01211868476493 93.97738489732424 95.5317886980643 97.93965341350494 117.27902994944122 98.8567055857043

2016-06-07 14-12-02 81.18057268219931 78.3319783464575 94.20474106144096 94.15774064918205 98.17787535072542 118.30499607800456 99.64642906631481

2016-06-07 14-19-55 81.82332973457228 79.22893905388305 96.53928231713166 98.18278424792068 100.80570549488463 119.7795257559272 101.20369090922235

2016-06-13 14-56-51 81.26598923877546 79.67371688735774 96.49257189479697 97.53347930133377 98.86738260653968 118.38565808999466 100.74028047861724

2016-06-13 17-39-38 82.03621396831689 80.54229222475777 95.674854906415 96.56329925422273 98.34329109422895 118.30859011702792 100.61230731365148

2016-06-14 11-06-45 81.15214850605375 80.05055471608577 96.67627177013148 96.86888741202276 100.66840365589647 117.22477311000135 101.62983715443032

2016-06-17 16-06-07 80.23696178300825 79.82549968015562 95.9533119341625 97.52553804359789 100.01492911521589 117.07591584452683 101.92050097927887

2016-06-27 14-59-46 81.83543049233867 79.19079947963303 96.06850425994419 97.87469037572596 98.83402677890777 116.83536288561339 101.04532085124092

2016-06-27 15-09-30 82.41204801934921 79.13540897717812 96.69475072240496 98.0141485847143 99.9559073114179 119.59039507780386 101.24865094254294

2016-06-28 13-27-17 82.35937037102221 82.23427645213911 97.07983921292553 99.14422545033725 99.32126489335575 120.02405396450601 102.45720379253832

2016-06-28 15-45-15 81.69541782401112 82.15286225696227 97.49622399203372 100.01296677781933 99.86534521384635 121.01728873281995 102.05311740919029

2016-06-28 17-43-56 82.03983321280916 81.3440746023423 96.82029159525618 98.33858163421195 100.03385981020016 120.73287164284203 102.23397910868717

2016-07-01 15-00-13 81.69712245243586 81.2337398858447 96.52615349613893 100.56178396060045 101.5803220204198 120.32535351126293 101.67894812644572

2016-07-19 18-32-56 80.68486574452554 82.24056984333322 96.61252293911704 99.36454410499194 100.20326376342162 120.71855150579938 102.0392859311751

2016-07-22 09-19-36 79.65938304106052 80.99114351131672 97.15620208974227 98.66978003607547 99.12860940506273 121.23999429244253 102.03030619110318

2016-08-16 16-45-48 80.82963508938037 80.49882684168264 97.32876075379868 100.7780383543997 100.96812867482447 119.8535136339121 103.03506537272581

2016-10-31 22-17-41 80.25396621374863 81.95355227253359 97.47168659658536 98.48791094058075 101.20923184958329 120.60304795679836 103.25535373847288

2016-11-01 10-03-33 79.84790982521523 79.47893255469015 96.61739519182866 98.66488065367642 101.23460031928016 121.03016274548081 102.2189849070314

2016-11-04 20-52-57 80.71211127153803 80.37225694909839 97.54911004250388 97.80739522049825 100.92910731473125 123.46726361704401 102.24980915350199

2016-11-22 03-38-15 80.21651309205963 81.02753107081519 97.3142042201977 99.51709211059328 101.07767522218211 120.78526554638341 103.22869250086585

2017-03-01 15-25-44 81.13799874635549 80.97396947292872 97.14988882721408 96.73299451461453 100.97937182117431 120.76571220092148 103.50903856215041

2017-03-09 21-02-40 81.29794811642543 82.34557477202326 96.81017742279445 98.89550060381605 99.12117862953924 120.45462190398922 102.60963660539781

A.2.6 uClibc-ng

Table A.19: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-06-05 13-46-47 11.671451922137896 11.653957390072097 15.491651590868987 15.036957888180515 19.629889330857928 [] 15.86521889798695

2008-06-07 15-19-18 11.990183691079018 11.978419949029236 15.62532428723074 15.222094966415394 19.835899496126203 [] 15.980210820777137

2008-06-27 09-08-44 12.193702395866334 12.183315086948912 15.818515559249576 16.02057341471161 21.015536095164663 [] 16.168615981447573

2008-07-08 02-41-21 12.201937673224204 12.194345074047913 15.7954051467165 15.22144173489406 20.436194205060204 [] 16.186707555799178

2008-08-27 14-59-15 12.191217530213873 12.189398926571755 15.77241767437784 15.056259206748397 20.458579749164265 [] 16.1449583881559

2008-09-09 12-58-57 12.202940517553774 12.20011935279093 15.828857957596346 15.356198417796865 20.221225241797676 [] 16.185094720433653

2008-09-15 10-24-22 12.238340344372224 12.243250395549786 15.801998474624995 15.789830423807237 21.303628090241556 [] 16.215094735764524

2008-09-25 09-03-14 12.241506656519833 12.265002459657493 15.840146097960488 15.179610119645664 21.299388893747427 [] 16.13523620056212

2008-09-25 12-51-24 12.25355501063953 12.277607234056035 15.85091664719719 15.314975463951892 21.26535479501974 [] 16.239151824326427

2008-10-06 08-55-23 12.159236856827523 12.187589205650237 15.739424074136 15.059476565017121 20.9325012060119 [] 16.1992370071385

2008-10-06 09-15-39 12.156661961365401 12.188420293721432 15.750122417465727 15.152201465719742 20.629992062045595 [] 16.146318863284016

2008-10-06 09-16-43 12.178794762995361 12.196419676629379 15.796350208305565 15.266021146911433 20.876344740289408 [] 16.139915888943868

2008-10-14 15-16-20 12.194146589360068 12.171773531970652 15.77140094610265 14.868241777751408 20.92740760701478 [] 16.16380769703602

2008-10-17 14-05-53 12.207862207724393 12.26186509150513 15.821563671509029 15.5845007272511 20.874831904632266 [] 16.212565131993905

2008-10-27 14-15-26 12.219696935650914 12.259636794178173 15.845288133335334 15.396649430825892 20.962008830602468 [] 16.143723368175344

2008-10-27 22-02-54 12.216100685777253 12.261627725954686 15.765402647030465 15.48646886614373 21.024537633611825 [] 16.237240113313966

2008-10-30 08-05-36 12.230560918973124 12.241068524470796 15.793813479797084 15.514667784509225 20.730491653334504 [] 16.153419081180296

2008-11-11 11-05-57 12.199748738376497 12.25368986151968 15.780643045209075 15.473665940668269 20.81448102295849 [] 16.135647193963358

2008-11-14 00-35-40 12.29176931907016 12.303391361667062 15.836761582077525 15.309603258238397 20.64306052453741 [] 16.225136468161065

2008-12-22 19-16-14 12.311332644151689 12.310169053152348 15.819117658425276 15.312336416887415 20.697743587208507 [] 16.242043004481644

2008-12-22 20-18-56 12.274921081414401 12.301347688293365 15.855393408617124 15.21146857017728 20.472807007037083 [] 16.169242213046637

2008-12-29 13-55-44 12.28848879639868 12.321795266860233 15.89525100892158 15.334186593595074 20.309131443270093 [] 16.298034593437187

2008-12-31 00-31-38 12.336314742238429 12.339841742608218 15.891283991633717 15.710405455635414 19.977746679306474 [] 16.37921605972598

2009-02-05 07-50-54 12.433389759115853 12.455753766671135 16.140941237703476 15.66120401944212 19.839283507109908 [] 16.515276310033663

2009-02-18 19-47-35 12.437143108875654 12.462529688639552 16.111055875714648 15.705513687943817 19.84669135466778 [] 16.497576025362367

2009-02-20 14-37-43 12.460399148352472 12.448370278514853 16.019540719095335 16.065730379031034 19.269117925820588 [] 16.387545087679378

2009-02-24 07-20-53 12.414960342150717 12.464960988600726 16.05543338710548 15.509143377769087 20.121293936807998 [] 16.451622622894114

2009-02-24 18-42-38 12.45105452684422 12.454672850031375 16.013717552953985 15.810144469617729 19.031104163739762 [] 16.41224739202135

2009-03-14 11-30-56 12.468967154173296 12.477066949487574 16.043694557066164 16.255472962900853 19.370988795755054 [] 16.45736673791782

2009-08-01 01-40-34 12.171751547204911 12.191434300257729 15.68806395386081 15.18041215436124 19.08409224459943 [] 16.18037582568843

2009-09-14 16-00-24 12.166685313941104 12.172180224515184 15.633270159775487 15.10872103315989 19.146616876230052 [] 16.088746300153147

2009-09-16 10-00-56 12.4316324007221 12.452422766859762 15.999910102196969 15.316267953780173 19.778133992144166 [] 16.386187136859338

2009-09-17 09-29-59 12.483951325099541 12.486388064913935 16.087088364060023 16.16375321757312 20.10476984341453 [] 16.6067078803892

2009-09-26 09-37-45 12.397267466050955 12.436344457965351 16.08075946125276 15.915460307679496 19.97347104945419 [] 16.590182052432848

2009-10-08 16-56-33 12.612292634527007 12.588285556485769 16.203616656894635 16.184861046937407 19.950597745142375 [] 16.70012507807632

2009-10-17 14-45-31 12.560900103645153 12.539764864131163 16.241484373399295 16.334505946675243 20.410769046463948 [] 16.767985228686204

2009-10-28 20-12-54 12.966845281665588 12.935663516982567 16.47506178933752 16.28685729393684 20.86905948222335 [] 16.979840168518024

2009-10-28 20-49-18 12.945968050710315 12.956161770577618 16.469014516272704 16.324785375324403 20.813822540003645 [] 16.90961169957888

2009-10-28 20-56-34 13.02634892428959 13.035433698411023 16.48334603457114 16.21463246690586 20.784784457732563 [] 16.963057257082983

2009-11-09 15-35-16 12.946943971707238 12.914773609535175 16.533320405168908 16.31979888403376 20.80943418046288 [] 17.074151171535174

2009-11-09 15-35-26 12.94789083351011 12.902018625285297 16.57417183499066 16.410488821080385 20.90613692426299 [] 17.070360341537445

2009-11-09 15-37-37 13.047632725681936 13.023382417019523 16.442526363187056 16.53096313488243 20.856178673550772 [] 17.030973535737818

2009-11-19 17-57-37 13.047531100331463 13.041948708072491 16.482376709013195 16.068089175636267 20.852104678643865 [] 17.01063978641259

2009-11-19 18-03-00 13.148859095846408 13.123759036537098 16.65827921951189 16.935739675114228 20.902021613382715 [] 17.227630577145398

2009-11-19 18-21-10 13.214513803242175 13.207427112209922 16.763960609891985 17.29206472482225 20.25728260022584 [] 17.289217878300555

2009-11-19 18-23-41 13.14168287342753 13.142593164903852 16.621223355501535 16.64381487776781 20.77092280092978 [] 17.179911935644913

2009-11-19 18-57-32 13.173865129407403 13.193002377650927 16.696533209944487 17.03285880973096 20.505604922434674 [] 17.183379898867077

2009-11-19 22-36-07 13.167857035563406 13.1867940448055 16.70644699142318 16.423111783443527 19.93918492951357 [] 17.277986085357885

2009-11-22 03-17-46 13.147319320530263 13.180139088087477 16.72687854259262 16.480910142671032 19.9225224318299 [] 17.27890358568404

2009-11-22 23-54-40 13.21007784584188 13.234155414735818 16.727824343809733 17.168038084546726 20.686953341721722 [] 17.259785489359658

2010-02-16 15-11-07 13.182018753444183 13.206840496681588 16.70703082580709 17.287348613041004 20.776048532693 [] 17.279628172285335

2010-03-12 14-47-15 13.13607487886451 13.096119868461987 16.62601529579636 17.140595338268213 20.690514310144998 [] 17.223871672574344

2010-03-12 17-06-35 13.356905445602587 13.333830023282848 16.831276838950497 16.702159638601824 20.910565538084093 [] 17.43862466329178

2010-03-13 00-31-36 13.328606626417576 13.344601562480609 16.885091464387404 16.94809692017523 21.001295501230512 [] 17.41552681091837
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A.2. Sample Attribute Score Data for Pairwise Sampling 119

Table A.19 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2010-04-02 09-19-24 13.44552652498738 13.46323492979534 16.93958153628824 16.882643117484914 20.842413328199864 [] 17.5739022699906

2010-04-02 10-29-00 13.427142491923556 13.404889057067422 16.942991592649513 16.719876569316448 21.176564669296184 [] 17.516784899560246

2010-04-12 16-38-37 13.41331202003821 13.420349102836227 16.977364420687334 16.733221566168158 21.152321143924105 [] 17.460946920662046

2010-04-14 15-34-22 13.482446620108016 13.505856037637006 17.00294349235313 17.26051793339725 21.1204887173196 [] 17.572458661932558

2010-04-29 17-17-18 13.558625809817295 13.564414723388975 17.214852942723645 17.028131985333694 21.47988028854588 [] 17.79063824624264

2010-06-13 10-57-58 13.544780180155144 13.574989808505034 17.19692621471835 16.90417508336933 21.450563911195626 [] 17.757676289590105

2010-09-14 14-36-00 13.624413855877915 13.630615107956757 17.250356610016407 16.731412317384816 20.829429815283397 [] 17.742342909878023

2010-09-15 12-31-22 13.590640936881318 13.579725669178163 17.204126995769432 17.177505952412957 20.81907379316035 [] 17.794657697327853

2010-09-17 13-06-58 13.624776575558391 13.565116855709055 17.290282369593093 17.20113401341749 21.05543548324071 [] 17.969929244264762

2010-09-17 16-13-17 13.726887912752108 13.75974083728615 17.419534838384664 17.87499633515781 21.782932531435883 [] 18.076154911232994

2010-11-10 19-44-37 13.615642448552848 13.582578435603484 17.175051027327473 17.163789932231698 20.846609256365923 [] 17.811171221495442

2010-11-24 23-02-11 13.61495484050445 13.618364077346587 17.23279323388578 17.328261273179724 20.994274578008095 [] 17.823956386697727

2011-02-24 08-24-43 13.479837866528765 13.40928429534397 17.02975798846388 17.09435282504513 21.05342831979167 [] 17.59993391968368

2011-03-03 18-22-47 13.407484214782494 13.502213738371236 17.061611453004907 16.971000071514844 20.842597706814974 [] 17.620624647534257

2011-03-03 18-22-50 13.420655128742187 13.515498720745217 17.069054606662387 17.161944254536348 20.848023097636734 [] 17.570579504857328

2011-03-05 18-10-15 13.404177108952751 13.402606370986078 17.057931617508224 17.16980179241554 21.109768524144563 [] 17.606289923012213

2011-04-20 12-50-38 13.402465856434059 13.402626138792375 17.140770217100158 17.02633852644354 20.80218903736862 [] 17.589692132712617

2011-04-26 14-12-55 13.406753202785419 13.38344159295579 17.089367881930748 17.073842872874415 21.54372372623108 [] 17.655302780602806

2011-05-11 13-12-14 13.419045542727138 13.412039503382099 17.09524142478326 17.11844614159795 21.018603268756564 [] 17.656875509328145

2011-05-12 10-37-36 13.405221617958556 13.385499127336825 17.1086733993926 17.061486474311515 21.068286393077067 [] 17.624935662164052

2011-07-25 09-09-03 13.401689052739073 13.446173915524687 17.318110838555604 16.844548425852448 21.066497981676406 [] 17.91192835385243

2011-08-26 09-29-52 13.429038963599211 13.479185652785045 17.351877052010185 16.928613388592815 21.716536777398712 [] 18.059095647313164

2011-09-12 17-30-34 13.424740199025317 13.483560576079299 17.402720771713366 17.11188256321921 21.541079874196978 [] 18.098266521192915

2011-10-14 14-11-01 13.450351407005064 13.505413763516724 17.37205982656514 16.9558080746209 21.73387041067381 [] 18.0606570188101

2011-10-25 12-28-51 13.599525739696427 13.591787046613245 17.448398214275596 17.19220679966435 22.7640229460599 [] 18.1559995672457

2011-10-27 12-48-31 13.623695233030451 13.568501626119195 17.46045738929154 17.192897945090014 22.76992631856664 [] 18.13448960550283

2011-11-02 16-49-04 13.697927543825722 13.71565881929566 17.64150840703361 17.886313531669558 21.77542614859544 [] 18.394502049520234

2011-11-04 10-23-06 13.705482511761918 13.700833539685505 17.65095727890523 17.57744312387931 21.920436629022014 [] 18.376248747306597

2011-11-20 02-47-50 13.674049284212103 13.6678490740177 17.63296917890857 17.802403614516884 22.13671188267306 [] 18.362350910335582

2011-12-22 13-59-24 13.799166496430738 13.76090226297614 17.72982733140324 16.983040937524596 21.850278552677317 [] 18.451620589759763

2011-12-22 14-07-08 13.886602229952388 13.886573676283632 17.80665119730316 17.357213945708367 21.952706246329683 [] 18.462276670996054

2012-01-02 03-02-53 13.89037070788142 13.892966600634281 17.7772507244722 17.676858334081484 22.04719173522307 [] 18.482003618283827

2012-01-26 15-26-47 13.873748208116467 13.875971826225065 17.870018502964342 17.689313976677983 22.05564275906897 [] 18.5576363330284

2012-01-29 15-09-34 13.881463296942082 13.838341162329048 17.783224225321323 17.6895303292579 21.966910660377202 [] 18.43036166659009

2012-04-18 00-09-02 13.851342483930377 13.871702849654852 17.790640553965382 17.477902835377865 21.7983536272415 [] 18.51595685514811

2012-05-03 13-27-17 13.853704983857426 13.853746327330759 17.84605505130623 17.3813477024502 22.085274293857182 [] 18.468003722162297

2012-05-21 22-20-04 13.840612088121947 13.871071015912836 17.80771466242451 17.633429243178792 21.95322199108145 [] 18.51262314206721

2012-06-15 14-00-31 13.84798614651381 13.861532472572767 17.80951710894259 17.307902386431106 22.068433579244317 [] 18.537757495161475

2012-06-15 14-00-36 13.943332137345957 13.977152703892747 17.845361246800156 17.890021927961122 22.922762894752946 [] 18.5833401037578

2012-06-15 14-00-37 13.876807957283319 13.869392581612761 17.75135060986309 17.256030391935138 22.55438005055654 [] 18.53741082634962

2012-06-15 14-00-44 14.156901743145799 14.146262157770593 18.179302152239597 18.786038968232106 23.09958615497911 [] 18.912001843154

2013-01-10 10-56-19 14.460754889460887 14.4792938906758 18.749603761435075 18.85521322967319 23.377025471796834 [] 19.292049756471343

2013-01-10 11-04-56 14.44961116705658 14.411885619077367 18.64153480891686 18.51618492890509 23.28946587958448 [] 19.37367459319231

2013-01-16 13-58-54 14.439623420769141 14.434908582808244 18.682964116927668 18.518608941476806 23.152556916179527 [] 19.362977651824927

2013-02-20 13-45-10 14.695331431310436 14.716466317498396 18.895888057524584 18.648405066403733 22.863627243523457 [] 19.645066488961493

2013-03-14 22-27-19 14.672630871904639 14.702274073966965 18.88212168306671 18.592746111734623 23.120174953872073 [] 19.664067077497688

2013-03-14 22-45-15 14.629226426518292 14.745417764043813 18.81737404588174 18.00900937489604 23.34539519812871 [] 19.5411242853064

2013-04-04 00-25-06 14.683250986156215 14.706262452788929 18.810371180639258 18.079944676044136 23.496957292882893 [] 19.593252031355654

2013-05-19 01-09-07 14.39679945620423 14.454775101684945 18.71631827325259 18.67698378124844 23.150249017993694 [] 19.65079086003839

2013-06-14 10-43-41 14.355551478634027 14.488540519671698 18.694063800021375 18.565175674482095 23.476729842830075 [] 19.613452586861406

2013-08-02 14-04-17 14.476380427243408 14.560591725883123 18.8915598309528 18.640036116708167 23.499350979634738 [] 19.747749256465102

2013-11-06 22-21-59 14.988106202236523 15.029863487094559 19.31236841014705 19.667627040254253 23.85440484961987 [] 20.247326536559576

2013-12-20 14-38-23 15.187722035941125 15.146879524024172 19.392613203619934 18.707678176612333 24.111875683025144 [] 20.185296237270407

2014-09-09 13-48-45 15.153464980416501 15.104869362405571 19.359845876958353 18.92776221277785 23.357713958931924 [] 20.22483509868811

2014-11-10 10-08-17 15.15080750846202 15.114245537565784 19.4316538342637 19.218216208971572 23.311879759566246 [] 20.222743020337116

2014-12-12 14-43-55 15.12834618138532 15.140023646072413 19.370669218494523 19.661424888446778 23.64859743472365 [] 20.224956828444284

2014-12-12 16-18-12 14.83329680487616 14.780835594196082 19.088702432243885 18.513321491409194 23.240497101134917 [] 19.83535259560956

2015-02-20 11-30-20 14.983617509908361 14.921440754632226 19.094779747032433 18.888420511556973 23.783037895313548 [] 20.0365451467872

2015-02-20 15-41-13 15.048418684648189 15.065066067501693 19.236292386933723 18.621299018997597 23.886387734624847 [] 20.07083910061272

2015-03-22 14-49-27 15.04943138133344 15.05774037705179 19.182361669811307 18.547790208024303 23.933882950426256 [] 20.152968460530715

2015-03-24 00-11-21 15.071768882276327 15.072064952426235 19.186321257342826 19.325539211508165 24.33303454537586 [] 20.107488023202514

2015-03-25 23-59-45 15.073962101894306 15.036328368364053 19.212860267160227 18.354802500317884 23.374669008145723 [] 19.964042620635784

2015-03-26 00-50-17 15.043223631613916 15.064994755848613 19.223366803681213 19.86066757157234 24.6737160155845 [] 20.199637266197918

2015-10-09 05-34-32 16.24050626379904 16.2848361786462 17.022854109295846 17.461319571118906 21.000224262658215 [] 17.74337929054169

2015-10-12 16-36-26 16.354070097402122 16.28674855144862 17.06461488326973 17.048708836078696 21.2525327355098 [] 17.56483414923901

2015-10-16 19-27-26 16.147679397716498 16.31683890269906 16.931695647009445 17.093327763210628 21.032937010881984 [] 17.618600277785788

2015-10-19 01-37-11 15.876921206536824 16.282101231454952 17.143015726735822 17.589673546953208 21.023752944415943 [] 17.69285160246434

2015-10-22 03-52-27 16.086984214740745 16.219746357578337 17.261400486896456 17.273815415641785 21.20989480928058 [] 17.561643190835827

2015-11-03 18-39-11 15.971796748588897 16.10448178733783 17.111527848544945 17.158748608270425 21.017777784740904 [] 17.696391737658423

2015-12-05 21-00-06 16.082425963779862 16.18802344286835 16.991916224748834 17.14935064696193 20.808948024278738 [] 17.512930916399284

2015-12-05 21-10-30 16.0815144524124 16.102636840219212 17.056050880730055 17.290501676879877 20.632118761842456 [] 17.668858930776146

2015-12-05 21-12-19 16.08207981954527 16.100864187179646 17.09050773435299 17.51673212911235 20.85697617284892 [] 17.350971316878407

2015-12-05 21-16-11 16.063493611170195 16.14533014154378 17.01801394289035 16.926572114009836 20.8115474269011 [] 17.2729634976319

2015-12-09 07-53-09 16.0274810334896 16.18802344286835 16.978819957817592 16.865451031850892 20.99918055775124 [] 17.50126944847829

2016-01-01 19-48-17 15.542723471370573 16.022477720685977 17.086345078562367 16.647404226349224 20.637150712911353 [] 17.54737363189754

2016-01-02 16-57-03 15.49544233691484 16.18062177458617 16.940494598318075 16.548191331725423 20.66019771961411 [] 17.55643012814857

2016-01-03 19-22-22 16.212727757840184 15.719495465849146 16.816585628869635 16.53920139918454 21.01588557798699 [] 17.47413518866032

2016-01-06 23-54-29 16.25043032082799 15.7271893721199 16.91010401977968 17.000472873681325 20.835927677127973 [] 17.527388861296384

2016-01-25 23-53-18 15.93842084225287 15.725853784951209 16.944409288196802 17.291531364223204 20.73025423757251 [] 17.45696978859329

2016-03-26 23-33-28 15.170528138383801 15.193549145965244 19.303923261964364 19.17427611559376 24.77537754972024 [] 20.089828719329393

2016-05-18 18-41-24 15.091497076816964 14.988036679310607 19.244712607703086 18.307691423821318 24.82470297860845 [] 19.962303333415935

2016-06-01 19-59-03 15.193834420398286 15.072100688244367 19.244556437021267 18.439986554964765 24.57023002719534 [] 20.06762584642043

2016-06-07 04-14-23 15.057601466140639 14.90981792428939 19.050624684236652 18.673400652374788 24.272580644672573 [] 19.91930705164258

2016-06-19 17-52-51 15.133704642217072 15.187750014671696 19.55048522556471 19.04599943635858 24.522386454723325 [] 20.332244384809748

2016-06-30 03-24-42 15.380033873465823 15.313032747357557 19.546851099251107 18.9849647010944 24.77248725469301 [] 20.286468780559552

2016-08-27 19-23-20 15.464159902065694 15.351285491398363 19.49150966240102 19.26071914703528 25.039047880541027 [] 20.28598780363169

2016-09-26 20-23-29 15.457901748848476 15.340172183351848 19.544020334785447 18.967455235596457 24.923254412555128 [] 20.29111808504168

2016-09-30 08-12-27 15.448794143984339 15.344361383251416 19.60630105130494 19.25135242170663 25.33479306503793 [] 20.338368142515616

2016-09-30 18-43-55 15.104514242116641 15.222077374415665 19.422750169220457 18.468061414687636 24.59389816694449 [] 20.226707494459372

2016-10-16 23-31-56 15.100556426981921 15.211349344628175 19.526812021482392 18.754347550418796 24.29358391122936 [] 20.384122764866856

2016-11-03 20-37-48 15.097202293347042 15.222975823366511 19.445822381111373 18.54209502272407 24.27926252926661 [] 20.33832377169025

2016-11-04 00-03-07 15.089701417722713 15.192359185226337 19.387216868904375 18.83470284948027 24.3224297524063 [] 20.42132777498223

2016-11-27 16-35-32 15.004360765024952 15.100362994943893 19.3149579778468 18.506231323188576 24.18629301211643 [] 20.18674390351335

2016-11-27 22-32-11 14.982925895325087 14.932044856681255 18.85442285426824 18.737160696104223 24.422927947620014 [] 19.78400744579209

2016-11-29 08-38-20 14.968684223443983 14.83799317532116 18.88312103298933 18.31446859648259 23.701482721389098 [] 19.795053521989445

2016-12-14 07-56-05 14.872333092310393 14.964248511141975 18.873045915520922 18.275130678112326 24.07139234360742 [] 19.688961108017214

2016-12-20 19-57-05 14.924350192112144 14.823686061550879 18.846577379512656 18.1250925069488 23.28403659636657 [] 19.746364049956657

2016-12-20 20-51-59 14.98323785362418 14.954065052557429 18.873249938648637 17.795383073514106 23.77707919626038 [] 19.754994446709514

2016-12-21 18-50-24 14.942931522303377 14.917286074358211 18.83349320454977 18.24454422600551 24.11935841308527 [] 19.636462096694927

2016-12-23 07-53-31 14.965938882875601 14.828207407628383 18.852929043763215 18.29422306771119 23.06506433619057 [] 19.78812312570762

2016-12-29 13-38-09 15.01200544995498 14.907156129067133 18.986993472215847 18.340349285321288 23.67680963429935 [] 19.895174976003023

2016-12-31 06-13-53 15.067169264819025 14.916602608718517 19.02323189669787 18.268027294081456 23.627802982098622 [] 19.823913583401094

2017-01-22 10-06-29 15.095982215940618 14.920954545836924 18.93411925290103 18.589622762334564 24.034586546326516 [] 19.811971754402226

2017-01-24 05-14-44 15.343587456226507 15.17926278707846 19.211181077462772 18.96082945788491 24.663027854568043 [] 20.01185551210209

2017-02-01 17-48-38 15.290249603623995 15.279180283018386 19.11138607288496 19.061072290382153 23.899856341333635 [] 20.075080299180048

2017-03-20 18-10-36 15.082001986600517 15.158887712126111 18.928150782319555 18.84226138743831 24.274690847581162 [] 19.637200649853618

2017-04-17 17-51-12 14.878090696473794 14.813109160862496 18.490470390798095 18.582300680210928 23.303193041411312 [] 19.30517783141252

2017-05-14 10-29-09 14.884508306322314 14.817723004513521 18.457425981723674 18.686950537241298 23.506109884370595 [] 19.264905404024937

2017-06-23 23-46-04 14.771696008912642 14.76141779321556 18.452215011463274 17.915185156135767 23.8858631796868 [] 19.13621928790785

2017-08-20 12-53-17 14.724863316064951 14.762404343286358 18.452654785307136 17.52431153173324 23.808231098298258 [] 19.204254093607393

2017-11-19 09-20-11 14.76490396523639 14.818878022877863 18.530583440761884 18.03423900001454 24.02666533098671 [] 19.28088251198701

2017-12-31 11-12-07 14.83025876198846 14.80376504928934 18.389146489470505 18.063443900883048 23.088818913848836 [] 19.068776544616686

2018-01-02 03-07-47 14.750791885958083 14.738781910875904 18.412612428766856 17.408325480608713 23.683426700142686 [] 19.101470500751326

2018-01-31 18-44-51 14.5471802428405 14.584883142160248 17.896021653794634 19.03478406229531 22.57967972577361 [] 18.651984875267264

2018-03-12 20-11-14 14.47940007680956 14.461983762064785 17.929052512957504 17.456833201665805 22.183660827559972 [] 18.673367418133516

2018-04-17 18-15-58 14.38472584261856 14.424116551867025 17.797899274232673 17.619707380010546 22.22868074693097 [] 18.507291995398706

2018-06-10 06-35-18 14.344161316062824 14.358503111242399 17.814466742886136 17.310280550798687 21.79814550343704 [] 18.560260955192078

2018-08-10 16-02-45 14.40838044723605 14.377429238755695 17.763371882032978 17.596297749791454 22.252582040525347 [] 18.443991171583825

2019-11-01 00-39-10 14.44685228916866 14.39828839661665 17.858742668863897 17.381727916573883 21.85527553446499 [] 18.592498635870097

2019-11-08 03-03-43 14.405351801381716 14.403265576237468 17.789726799571373 17.75196346786886 22.11084561365536 [] 18.56060515121643

2020-09-21 13-39-06 14.498114062901646 14.474999711037317 17.849172992657337 17.604969867830288 22.599084001294823 [] 18.57161872352885

2020-10-02 19-10-36 14.458450263533205 14.46402559455637 17.822593938504447 17.40752874577253 22.45852811776132 [] 18.47876376317941

2020-12-24 11-54-53 14.47733050706112 14.47500496757328 17.84970118737547 17.08712292346582 22.514306314070495 [] 18.497138573854603

Table A.20: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-06-05 13-46-47 18.258632030672764 18.257423430035743 31.101404837766314 30.59019391764722 33.28112625005158 [] 31.693180020544304

2008-06-07 15-19-18 19.05075809768027 19.063718871567705 31.29928280893082 30.71826053453329 33.822463605260374 [] 31.89517364677439

2008-06-27 09-08-44 19.40705602752622 19.405138895772925 31.66405249788761 31.54333235393154 35.85143842549504 [] 32.316269341902945

2008-07-08 02-41-21 19.443775978898714 19.424459013027363 31.74044635079644 30.69508845798494 35.20968094722536 [] 32.34201149031585

2008-08-27 14-59-15 19.415474858185824 19.412346823366104 31.578893923470513 30.455156492795915 34.963686519958024 [] 32.24273357253374

2008-09-09 12-58-57 19.43285151215203 19.4275572701733 31.72199656244793 30.90759232936597 34.62980462273144 [] 32.36238742292689

2008-09-15 10-24-22 19.504302260801232 19.503602324645918 31.641714527485863 31.79209354246194 36.733441624939054 [] 32.345861244468686

2008-09-25 09-03-14 19.509563320082094 19.537501589436886 31.668098433504554 31.009680213764305 36.80254677094157 [] 32.23977618011353

2008-09-25 12-51-24 19.525505406701257 19.546754508945178 31.72285207517111 31.25334498669573 36.74166553891969 [] 32.471891315363116

2008-10-06 08-55-23 19.377215885656362 19.423467192381665 31.573731774311085 30.598244061735812 35.981340830852126 [] 32.3793592147124

2008-10-06 09-15-39 19.389743428490767 19.42975786869999 31.579115723615153 30.68276393594806 35.37099251932263 [] 32.30317367165143

2008-10-06 09-16-43 19.421098372165627 19.440777944806666 31.638424851511036 30.931883003348936 36.03083298024522 [] 32.31040888615037

2008-10-14 15-16-20 19.449443466919536 19.39568905220163 31.61980615654246 30.42277468483703 36.064027001332185 [] 32.305987734046866

2008-10-17 14-05-53 19.498742775540943 19.566541993475607 31.71663118984089 31.48647410366104 36.27716897318432 [] 32.36986396914021

2008-10-27 14-15-26 19.52428320473711 19.573718212414967 31.722186673164913 31.30337587198077 36.544800430842365 [] 32.286530581784135
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Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2008-10-27 22-02-54 19.5108862012035 19.571755988284227 31.62055425240859 31.337632063260667 36.5739307914926 [] 32.437968535541266

2008-10-30 08-05-36 19.537593107971194 19.5629333853935 31.65224864262968 31.375503550771537 35.99869967587523 [] 32.30782874297883

2008-11-11 11-05-57 19.503230600109646 19.58962599900358 31.61697536628976 31.34212487837101 36.094997511644706 [] 32.272689424754375

2008-11-14 00-35-40 19.615384237207508 19.617651006367463 31.771543453346283 31.01186144927899 35.469418227756776 [] 32.36272547913554

2008-12-22 19-16-14 19.640605117355552 19.623239346087026 31.754913398534438 30.990690092190295 35.63168739602801 [] 32.47256262257375

2008-12-22 20-18-56 19.598242667891604 19.617179479427314 31.802077417991846 30.888145695024367 35.09551150281902 [] 32.3212526646691

2008-12-29 13-55-44 19.621344382743782 19.651314895704665 31.849145777733973 31.00797553989114 34.71156253814821 [] 32.51513513040346

2008-12-31 00-31-38 19.645571713310094 19.640127365455687 31.8733651989745 31.54455873669867 34.149037675932554 [] 32.724479054721385

2009-02-05 07-50-54 19.815008355810885 19.80906559752982 32.36031576078711 31.524372572183335 33.5823481739946 [] 32.977966737041335

2009-02-18 19-47-35 19.8122151215884 19.82908008134612 32.26593710251776 31.524673307057657 33.71915897113578 [] 32.9517339396597

2009-02-20 14-37-43 19.893223628726115 19.86746967777669 32.1112468103735 31.962598116013474 32.881771923283814 [] 32.75448000094376

2009-02-24 07-20-53 19.731171101689092 19.808621061228912 32.26600442877902 31.449253271004068 34.26379916042124 [] 32.88052630111532

2009-02-24 18-42-38 19.891394725477358 19.87075846724758 32.090760628112044 31.698374827162475 32.543491539674726 [] 32.76490698361039

2009-03-14 11-30-56 19.94500019900274 19.942591144652074 32.181818630465926 32.15978450393846 33.09215995860522 [] 32.893073256878644

2009-08-01 01-40-34 19.56723873386495 19.588241163754656 31.50042236481613 30.67924732513763 32.32569683361691 [] 32.28826083114425

2009-09-14 16-00-24 19.56648640178998 19.55958787269764 31.4065212582231 30.620293020792246 32.57880610798294 [] 32.21007271240229

2009-09-16 10-00-56 20.092394443907963 20.110885713527672 32.04229782694822 31.009557282725627 33.857556233594025 [] 32.76209829509487

2009-09-17 09-29-59 20.01808561037884 20.018423861241345 32.28717310472464 32.248478510951564 34.23988235013758 [] 33.17541068964849

2009-09-26 09-37-45 19.913681188579453 19.94927228336302 32.27330635751886 31.90298197575393 33.78172196424639 [] 33.143822851985966

2009-10-08 16-56-33 20.403909957792116 20.380769900185943 32.50947600453621 32.176741471052615 34.18490730535318 [] 33.35110052331274

2009-10-17 14-45-31 20.2602603365582 20.23662828283909 32.6757798033102 32.411198168870186 34.458517335313545 [] 33.55052766155421

2009-10-28 20-12-54 21.167788667744915 21.10367424615719 33.058835278772236 32.6655941072545 35.71273069432852 [] 33.896516210605

2009-10-28 20-49-18 21.136962519506206 21.136015381294698 33.05380635291075 32.70253698294172 35.56742181617177 [] 33.8281878974705

2009-10-28 20-56-34 21.42962341075619 21.421743401576343 33.059912682892914 32.53607643215646 35.45492923423815 [] 33.91011275587134

2009-11-09 15-35-16 21.054034520010724 21.00945509316743 33.15170648871451 32.71561279294388 35.303488997964976 [] 34.082083460002764

2009-11-09 15-35-26 21.05380158279626 20.98273618107972 33.22995907096858 32.89173793910669 35.2293114688138 [] 34.05527621314342

2009-11-09 15-37-37 21.461839913541805 21.401778229332418 33.0396117028112 32.90821496666889 35.65204281096244 [] 34.01253946382118

2009-11-19 17-57-37 21.457150713578766 21.42711052593353 33.09749891967982 32.3145072546399 35.55805235573224 [] 33.95824712917261

2009-11-19 18-03-00 21.581680172739915 21.535655713520804 33.48794979774251 33.79857456536269 35.720862457186755 [] 34.4171648606456

2009-11-19 18-21-10 21.670380892255302 21.656918662310982 33.63834030776026 34.042542301632466 34.63879447973111 [] 34.52184774325249

2009-11-19 18-23-41 21.57344227354143 21.56728238204012 33.34615055704171 33.3899022587247 35.808163588515974 [] 34.318948043851684

2009-11-19 18-57-32 21.607610187546648 21.625744283114134 33.55010847908627 33.584764292624854 35.07855753081463 [] 34.25220448286633

2009-11-19 22-36-07 21.460796826269675 21.4913929537024 33.59044172944034 32.89069404834257 34.111554831267526 [] 34.4850004781812

2009-11-22 03-17-46 21.439797572793232 21.483637640795507 33.559595005626235 32.953475726312504 34.18928374169299 [] 34.447527192709686

2009-11-22 23-54-40 21.664017695916698 21.686747306860447 33.58024929254269 33.95749055258666 35.12353409654777 [] 34.50485607944278

2010-02-16 15-11-07 21.636161483371886 21.659197366615576 33.49302946503522 34.115398565225206 35.45639277529171 [] 34.48212062271106

2010-03-12 14-47-15 21.489343532086004 21.443380328079293 33.306179019592584 33.5407843924216 34.951183183426146 [] 34.393898168448324

2010-03-12 17-06-35 21.996799101144617 21.967210995283907 33.74963919833125 33.50765165716798 35.71678236431696 [] 34.770223258369924

2010-03-13 00-31-36 21.954671666737415 21.980075470780793 33.84172564370123 33.86352593287656 35.903773871362816 [] 34.76999070894298

2010-04-02 09-19-24 22.13854530326828 22.170781475377122 34.03812232091583 33.75102210000782 35.848977740593014 [] 35.085398230329226

2010-04-02 10-29-00 22.112357366206346 22.11555753487258 34.01788979818768 33.642355940453015 36.637466949581494 [] 34.95507350420845

2010-04-12 16-38-37 22.102728558673284 22.121894408402557 34.054989100312845 33.61858714791915 36.256137792773586 [] 34.90736659122811

2010-04-14 15-34-22 22.09959838875141 22.14069622457742 34.13871481672847 34.08788113845289 36.028073448046186 [] 35.202544191452645

2010-04-29 17-17-18 22.25304809723889 22.23793399916614 34.52735266884661 34.15870352796245 36.65710911218419 [] 35.52617381656937

2010-06-13 10-57-58 22.222179538692235 22.251339681683294 34.54096966436869 34.064064948731584 36.75220329543673 [] 35.47530717433534

2010-09-14 14-36-00 22.33327401522395 22.35278606575344 34.616979406182175 33.81840754946949 35.685226987902034 [] 35.52655480601818

2010-09-15 12-31-22 22.292830116376535 22.262633830446514 34.630565234312066 34.17973558004599 35.753617399215855 [] 35.54310811890025

2010-09-17 13-06-58 22.129487468867598 22.06210654697734 34.6988047049511 34.36767054576615 36.43576211237648 [] 35.90859303347089

2010-09-17 16-13-17 22.483473836157895 22.52699490271048 34.926741022018035 35.09827951712983 36.93164993160154 [] 36.11900522328492

2010-11-10 19-44-37 22.31249922209344 22.2768534045786 34.559871552630376 34.076780820386844 35.709764582432726 [] 35.575935755008175

2010-11-24 23-02-11 22.299854888089204 22.32131862498205 34.63138110637235 34.27273282331506 36.08509813259911 [] 35.542537634534725

2011-02-24 08-24-43 21.963325635030515 21.88220521772907 34.157077889827036 33.75376212533005 36.40358643351164 [] 35.11827533442293

2011-03-03 18-22-47 21.88102341257649 21.991521268572576 34.23450387429462 33.73958311286842 35.8740736280843 [] 35.206959084405995

2011-03-03 18-22-50 21.885942911948668 22.002192455505824 34.22444918469499 33.99701155971057 35.96050134899863 [] 35.12516116918523

2011-03-05 18-10-15 21.84346804201333 21.84065267851637 34.17693154268177 33.99056039537141 36.065373697260746 [] 35.17840660387077

2011-04-20 12-50-38 21.799610217060426 21.798771417499555 34.32673520166033 33.83729491980336 35.30017833432341 [] 35.10831457763025

2011-04-26 14-12-55 21.80559572569573 21.782801709337743 34.23520850195608 33.91481219040414 36.97001019688847 [] 35.26012395580078

2011-05-11 13-12-14 21.81706509076762 21.821896964076714 34.262134352072955 33.968325216137856 36.0136426875438 [] 35.2307992683262

2011-05-12 10-37-36 21.80519768916101 21.791898353559706 34.262352318899694 33.89520996004366 35.98919978402573 [] 35.1960746282828

2011-07-25 09-09-03 21.505675933202276 21.57568304178252 34.69815781694945 33.58366472480641 36.106768994338395 [] 35.91481901644006

2011-08-26 09-29-52 21.558362375984565 21.625701505244518 34.83723818492293 33.9223122752262 36.96868897967434 [] 36.0091511132855

2011-09-12 17-30-34 21.554043838985564 21.625561339913272 34.89935815386812 34.311440399452465 36.602457137531076 [] 36.120909359839956

2011-10-14 14-11-01 21.56966736319665 21.63428111808505 34.788331044066275 33.99915884726154 37.24578142670704 [] 36.12197045954552

2011-10-25 12-28-51 21.934194885408328 21.924418613040217 34.998530025919806 34.54087588157843 38.87298668211575 [] 36.24581712653468

2011-10-27 12-48-31 21.968854352156796 21.906394221808178 35.05169975854022 34.40757576780162 39.207690575235674 [] 36.24275845694291

2011-11-02 16-49-04 22.045197173190672 22.068664934929892 35.382566812904194 35.215919111751425 36.90424338854977 [] 36.664227163149256

2011-11-04 10-23-06 22.05808932083613 22.05707014460105 35.403574674626796 34.90419006043078 37.5076107963727 [] 36.62735456963896

2011-11-20 02-47-50 22.01548575635913 22.02249941693669 35.36160418353095 35.22879370543124 37.57884238253082 [] 36.691495122229036

2011-12-22 13-59-24 22.213690441027317 22.17428416686558 35.52457512110469 34.429012445484275 36.53160254754502 [] 36.81533340714894

2011-12-22 14-07-08 22.420892425861087 22.436083857988073 35.678057016877766 34.83756266737393 37.02199610262154 [] 36.875156462160604

2012-01-02 03-02-53 22.42004120995567 22.432955693615394 35.66460914074729 35.23964712841079 37.191729856123004 [] 36.93741114814569

2012-01-26 15-26-47 22.412199562997433 22.425377231160574 35.856685340845935 35.26834508531844 37.0084546967002 [] 37.1140057583715

2012-01-29 15-09-34 22.40906596455063 22.36500439407512 35.62983730238182 35.22213479979664 36.869802195783805 [] 36.86053406771169

2012-04-18 00-09-02 22.374506642822276 22.41727190114803 35.62332478266557 34.988868444652326 36.64621456608326 [] 36.94732130409683

2012-05-03 13-27-17 22.377335691391846 22.403489147719537 35.701052304731746 34.91347138055262 37.11369229235599 [] 36.966163817192616

2012-05-21 22-20-04 22.36406556358459 22.41502356477508 35.68289976640652 35.0927008316565 37.031252320698286 [] 36.996055004088284

2012-06-15 14-00-31 22.387016278440075 22.41023221464178 35.67345535723742 34.80867266086431 37.17995345394528 [] 37.075479633882644

2012-06-15 14-00-36 22.450441622450803 22.5350979045458 35.82305510309519 35.69099639881001 38.881718346856566 [] 37.211064019648816

2012-06-15 14-00-37 22.32957856882375 22.315834291222263 35.58653661855547 34.65024771640694 38.080017004209274 [] 37.02104254995723

2012-06-15 14-00-44 22.77072128812096 22.797096793963625 36.52621539924931 36.946434249437246 39.4333444247034 [] 37.783341981500236

2013-01-10 10-56-19 23.192200146036758 23.201796335858 37.60586676135476 37.21333841172963 39.4951181415507 [] 38.58882729805633

2013-01-10 11-04-56 23.194705819703124 23.123914170668957 37.44860707037786 36.86901126917295 39.47905632040755 [] 38.619868269109816

2013-01-16 13-58-54 23.17904217403111 23.146607170801595 37.53165887157296 36.753330743543515 38.982810861899544 [] 38.696014656994734

2013-02-20 13-45-10 23.68728569578041 23.67983719484634 37.886630287995715 37.17889031802749 39.02634670863291 [] 39.226419787374354

2013-03-14 22-27-19 23.65530382115467 23.660378803249113 37.88284894821099 37.16975212109704 39.49558620450281 [] 39.168618125532404

2013-03-14 22-45-15 23.607363697313136 23.729917562603053 37.71625343782167 36.6082793499735 39.66120630543267 [] 38.99865420530239

2013-04-04 00-25-06 23.628665202222535 23.637018880317918 37.75282784947583 36.609091435403656 39.902378541693366 [] 39.11195227506999

2013-05-19 01-09-07 23.06353239133771 23.142465175424057 37.52808936871985 36.94961629515534 39.25673844249689 [] 39.21329164743682

2013-06-14 10-43-41 23.028820083354464 23.188513797944182 37.52725085006533 36.895430338557766 39.910332641955804 [] 39.143254399078884

2013-08-02 14-04-17 23.085975738514023 23.216133080152595 37.923750603660245 37.25059888133656 40.015872513666935 [] 39.39137813624083

2013-11-06 22-21-59 24.163932050373106 24.2180285934184 38.63260300710872 38.87602600969196 40.63212764397878 [] 40.43249509445678

2013-12-20 14-38-23 24.60883874538714 24.52117487814329 38.90848378595403 37.87299359502188 40.98419288357011 [] 40.28613714585437

2014-09-09 13-48-45 24.656057500542985 24.589756666222737 38.82890453114634 38.07612243609888 39.352895413531016 [] 40.42816861046184

2014-11-10 10-08-17 24.647025841940994 24.59563320572307 38.97753174125887 38.33411704882655 39.47609922732156 [] 40.396757674772985

2014-12-12 14-43-55 24.624097001002916 24.630236323737456 38.87891080624595 38.78400636919149 40.15201246225642 [] 40.447248421948714

2014-12-12 16-18-12 24.131751991719348 24.091548084934992 38.29066143033072 37.109217441538384 39.813637020757554 [] 39.656669116335806

2015-02-20 11-30-20 24.433690147736648 24.371735082288012 38.35749515246138 37.59635694810805 40.73391241000383 [] 39.97831815570471

2015-02-20 15-41-13 24.50362485826352 24.5406630235124 38.563108757342526 37.49603764775402 40.58686502189588 [] 40.14534195175206

2015-03-22 14-49-27 24.50892595838327 24.53063350200773 38.500238666588814 37.326284913504985 40.596511244284414 [] 40.26914381228481

2015-03-24 00-11-21 24.62841650550045 24.638142841955222 38.49871789969014 38.164313933289975 40.99261002805296 [] 40.17912310576618

2015-03-25 23-59-45 24.612380899439575 24.59079698713794 38.548036602821256 37.168050634245404 39.57459389081696 [] 39.91187185263236

2015-03-26 00-50-17 24.605346454122852 24.641638500617738 38.50331309130153 38.73149426024399 41.44028064049438 [] 40.31509300079877

2015-10-09 05-34-32 27.498357988213122 27.592901717865793 33.509560201922106 34.020447085658034 35.40699985332746 [] 34.86889527807789

2015-10-12 16-36-26 27.584147018240323 27.60086155227895 33.66697857503105 33.57259514101586 36.147732641058674 [] 34.539091526478515

2015-10-16 19-27-26 27.257658564893227 27.9747684949725 33.472649427082274 33.73513064000421 36.18044809734416 [] 34.62104371158772

2015-10-19 01-37-11 26.652567364333173 27.591280942675844 33.941182579598056 34.13230019544376 35.668960920684285 [] 34.802333987670686

2015-10-22 03-52-27 27.170599565677 27.565989016968253 34.29974238067945 34.013495347888735 36.109358802389906 [] 34.6436040086675

2015-11-03 18-39-11 27.018739265263967 27.44338144531155 33.84714391858777 33.76791713238202 36.07236478208655 [] 34.933378784715536

2015-12-05 21-00-06 26.980125235759505 27.82736457411458 33.56805462786141 33.53519014147709 35.59812140500689 [] 34.34106384897089

2015-12-05 21-10-30 26.977259917908004 27.64001988196058 33.82288316576051 33.80765202883934 35.18273071890133 [] 34.676613410201945

2015-12-05 21-12-19 26.979170129809006 27.62308547931479 33.660252947562284 34.07475236391065 35.204762366562974 [] 34.418730907529884

2015-12-05 21-16-11 27.03011685995629 27.73369222803758 33.52247065364473 33.38609746558105 35.59118160227374 [] 34.22731202847724

2015-12-09 07-53-09 27.03119848723037 27.82736457411458 33.53869203771266 33.214925506168925 35.757075678339774 [] 34.411147147557905

2016-01-01 19-48-17 26.27432694908247 27.327392544367267 33.59251186140084 32.89552992178409 35.243826249995486 [] 34.53365240455596

2016-01-02 16-57-03 26.3183651968079 27.688411437642564 33.31356905163254 32.984848792077194 35.26215298999524 [] 34.58051880731633

2016-01-03 19-22-22 27.452388881968567 26.847341831220838 33.28686256815769 32.92681593506172 35.57620277577813 [] 34.350677460790806

2016-01-06 23-54-29 27.58609573845436 26.877916289952772 33.45215829887483 33.26850131486886 35.336955925170244 [] 34.233337535760306

2016-01-25 23-53-18 27.025152030950522 26.79118218176522 33.65232261265386 33.7424596453505 34.80586889938034 [] 34.52427229001562

2016-03-26 23-33-28 24.53724030999507 24.60254976071831 38.66307297573138 38.367145461582 42.44819543244951 [] 40.09655193794286

2016-05-18 18-41-24 24.45489424726534 24.341509607886387 38.61753266204222 37.14867484645782 42.60705984381492 [] 39.8135636434187

2016-06-01 19-59-03 24.645246928199974 24.472610942518777 38.54377520404712 37.23937338429503 41.933197101354615 [] 40.00361311989564

2016-06-07 04-14-23 24.323602951965967 24.09995884450057 38.19371072643859 37.43630425011982 41.65406566086703 [] 39.72729855309602

2016-06-19 17-52-51 24.550643562904682 24.62146451466211 39.26013045443216 38.397672084270226 41.78437415098286 [] 40.52121105538892

2016-06-30 03-24-42 24.971640120232223 24.871174493210432 39.20684544252513 38.07777793120285 42.378878423800046 [] 40.483877620858124

2016-08-27 19-23-20 25.068191623280732 24.93837006396944 39.11454137519682 38.38530789588669 42.972724140896446 [] 40.54601850086809

2016-09-26 20-23-29 25.058158948681804 24.913106525294722 39.128620346004574 37.99924043575208 42.76528617099823 [] 40.45645863702433

2016-09-30 08-12-27 25.0476563370105 24.923449936590625 39.1638348816656 38.413665315422605 43.59994621054106 [] 40.656607351705055

2016-09-30 18-43-55 24.61210501122006 24.78705457787578 38.9501063575962 37.49688326232094 42.100515580661636 [] 40.36235050383515

2016-10-16 23-31-56 24.581669682888066 24.71807007548602 39.17855723011174 37.804469912383766 41.61673860084022 [] 40.57107695657856

2016-11-03 20-37-48 24.565196419174548 24.74074494137961 39.10161339735352 37.60402155411866 41.74903432576717 [] 40.62613042126776

2016-11-04 00-03-07 24.552223502976563 24.689405497598433 38.96862024182193 37.99197134310377 41.78503557280701 [] 40.72896741646643

2016-11-27 16-35-32 24.460160737501933 24.57403029351725 38.76248681949549 37.350256628554305 41.25030948328806 [] 40.2417844968376

2016-11-27 22-32-11 24.47510501707375 24.392292951349287 37.87436551752253 37.406739282840235 41.866290834685934 [] 39.54667139351384

2016-11-29 08-38-20 24.446849396427545 24.279452143826482 37.82223714144711 36.74913302470937 41.01461531195594 [] 39.415443618915575

2016-12-14 07-56-05 24.365471575560584 24.454187968009336 37.914484228470585 36.75093933400381 41.29256517391887 [] 39.253846709779545

2016-12-20 19-57-05 24.405238412687304 24.259109257112858 37.761697143738495 36.54328997335723 39.99127948463769 [] 39.44638398329286

2016-12-20 20-51-59 24.4753853313563 24.43455571463618 37.76832041651515 36.1630163594253 40.90337340051862 [] 39.43198866730413

2016-12-21 18-50-24 24.417315492735913 24.402561469978405 37.78970770489555 36.63757345436519 41.21473736233783 [] 39.26394641589487

2016-12-23 07-53-31 24.4910445049863 24.26057557040547 37.81515698783197 36.80942002874828 39.175516281422944 [] 39.48123947233564

2016-12-29 13-38-09 24.583934205274097 24.40241439457081 38.02791139891078 37.07749181172978 40.65160956341201 [] 39.60418038220085

2016-12-31 06-13-53 24.662878410771548 24.447496165195655 38.13348073709113 37.15880112409856 40.62783524124396 [] 39.56672302220499

2017-01-22 10-06-29 24.69973336942596 24.437704555475143 37.982712214602124 37.47158391781886 41.28677492291376 [] 39.49771336459104

2017-01-24 05-14-44 25.15746964552193 24.90073646207713 38.529364165205926 37.91678252832283 42.325682226530134 [] 39.96818885588222

2017-02-01 17-48-38 25.07852853653253 25.040162473414274 38.379209651999204 38.09666620991557 40.866428518929084 [] 40.022985682641874

2017-03-20 18-10-36 24.786413599362536 24.895607360117204 37.96153053211811 37.45479760519195 41.41922429466674 [] 39.22505114877732

2017-04-17 17-51-12 24.606200137719952 24.538302386304444 37.16931134185975 36.74379832899335 39.88942532528612 [] 38.562159154982275

2017-05-14 10-29-09 24.605539585720173 24.539833432330983 37.078836231337206 36.94369427785465 40.29854299727207 [] 38.37121814365311

2017-06-23 23-46-04 24.417869746267314 24.41055451387266 36.970702843290674 36.06847537470765 40.98425734746485 [] 38.23018723678698

2017-08-20 12-53-17 24.385037017630225 24.41546294483541 37.04399480102963 35.57838110514096 40.70421623917129 [] 38.300181761028014

Continued on next page
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Table A.20 – continued from previous page

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-11-19 09-20-11 24.444411431556205 24.485614037015715 37.10117806597941 36.36097974663939 41.108910518055616 [] 38.509058712961306

2017-12-31 11-12-07 24.53782848484831 24.4970303537551 36.948312180574355 36.28675269399196 39.7485228194027 [] 38.055708103951446

2018-01-02 03-07-47 24.415406749997207 24.365254772933014 36.934187433198254 35.42451344508525 40.632538363512644 [] 38.15928141605094

2018-01-31 18-44-51 24.170543495239183 24.211888866319107 35.969863091819875 37.348782994159784 38.65775207389941 [] 37.315978599763355

2018-03-12 20-11-14 24.07288026246591 24.038085024422607 35.98537816777734 35.096092432550016 38.498168147496536 [] 37.27327838983482

2018-04-17 18-15-58 23.946176450373976 24.014171659477363 35.71230803938241 35.31481005027366 38.19209981284815 [] 36.98155744282151

2018-06-10 06-35-18 23.88343939827045 23.884713487334665 35.686637176862995 34.84282674032567 37.79885747920896 [] 37.030582029949564

2018-08-10 16-02-45 23.961847531924892 23.92718007382688 35.69440429234749 35.21641246191773 38.419181062616985 [] 36.89199040485888

2019-11-01 00-39-10 23.992674393942245 23.9311763121984 35.85224297602908 35.096805041079016 37.9164155009468 [] 37.08018244789632

2019-11-08 03-03-43 23.946212739536286 23.940072580728234 35.67732194175182 35.46585444655568 38.289123614696145 [] 36.925872738537144

2020-09-21 13-39-06 24.092062195769767 24.0609251275649 35.74020782147978 35.213094777830094 38.892378396486244 [] 37.125818675402265

2020-10-02 19-10-36 24.013921453336206 24.021321212819203 35.68887470880274 34.96825453671488 38.85805502835615 [] 36.884866439306066

2020-12-24 11-54-53 24.032049392895665 24.04099274363052 35.80516920824433 34.65600539260843 38.90519776170818 [] 36.9864667236671

A.2.7 Fiasco
Table A.21: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-09-26 11-30-56 7.3394448179946465 7.380336860699066 7.617680067094666 7.789357344006852 9.110112090634615 10.414524552056898 7.638111186565122

2018-02-09 09-07-43 7.261235564455566 7.308320773750967 7.567405489771159 7.600545131561857 9.125610680416719 [] 7.55937860226503

2018-02-09 09-07-44 7.329592238864616 7.333129760105263 7.638533072214396 7.687873854314685 9.082457484744626 [] 7.668631096014684

2018-02-09 09-07-45 7.108086094558004 7.118823845483412 7.335478736010446 7.37390687241569 8.648241187512138 [] 7.575001561512989

2018-02-09 09-07-46 7.132578170170601 7.156043432698548 7.338429140390936 7.361953813922433 8.65134712883819 [] 7.560239146938211

2018-02-09 09-07-48 7.418953865124034 7.420729791374851 7.695552158799897 7.783302787756949 9.120630562899914 [] 7.896284674137881

2018-02-09 09-07-49 7.691901855263453 7.670542649561395 7.963800695362695 8.110365512357799 9.360229772570026 [] 8.032433559328252

2018-02-09 09-07-50 7.728551819385852 7.7103958685633955 8.010411903055996 7.9923703328137226 9.4093035976773 [] 8.211679648191796

2018-02-09 09-07-51 7.764103793008038 7.760299404332902 8.027374387789065 8.052224899124646 9.430750273318095 [] 8.121249669717837

2018-02-09 09-07-52 7.764321167615384 7.822243932583317 8.085302022855625 8.15786186788247 9.338946777221954 [] 8.165945442972568

2018-02-09 09-07-53 7.761529935003058 7.817890356779012 8.09052888507276 8.096167335179464 9.382563152880513 [] 8.267702896778903

2018-02-19 10-18-21 7.8089166380155435 7.843529763770205 8.101921514541527 7.985535473200426 9.439646218009491 [] 8.242107434340241

2018-03-21 10-31-39 7.819614749433431 7.828006281890206 8.116600405139604 8.216903801841386 9.425744493307368 [] 8.183001082566213

2018-04-20 15-56-20 7.820973293945291 7.837713431804703 8.166087275504665 8.144332327007048 9.417163284284415 [] 8.264915531357257

2018-05-09 16-02-56 7.95350472231109 7.943500987888953 8.199432867351899 8.189554567561942 9.615201817102973 [] 8.364213559185576

2018-08-20 14-36-18 8.027825976315636 8.061730096146203 8.270971759637684 8.30100035404838 9.493389199141903 [] 8.356868541127135

2018-11-01 09-46-44 8.530902775852415 8.55089281569631 8.730180253448214 8.762599082982856 10.114121709858924 [] 8.682816941673458

2018-11-19 10-41-18 8.829643460960645 8.86019347457873 9.035125161918584 8.994419840424595 10.40348576629942 [] 9.118115944583

2018-12-03 11-39-23 8.793420999116005 8.804840096915177 8.951227050018801 9.038737883650558 10.320731911628688 [] 9.097563989337461

2018-12-14 09-41-08 8.863873814544363 8.879979418006515 9.048724296854719 9.01314643042009 10.467194702286339 [] 9.200912703793822

2019-01-07 10-47-04 8.86769416585079 8.88415254995256 9.066375244030473 9.106684914252968 10.474135317594293 [] 9.240020600740554

2019-01-11 10-36-57 8.870634245767658 8.877959749813119 9.069458124535055 9.089590402685857 10.47054168790881 [] 9.2017618348208

2019-05-24 11-07-51 8.873782645007552 8.874449899078458 9.045422848548204 9.045554020255562 10.515813063569436 [] 9.168714464859992

2019-11-05 15-47-28 8.881762176271252 8.886844049585 9.038456269994422 8.960197291636145 10.505969656261806 [] 9.18595229490192

2019-12-17 12-09-20 8.912259297851435 8.915655568352827 9.078166001510322 8.96320667978884 10.41552728572573 [] 9.261543710365235

2020-03-31 11-32-10 9.110249019593201 9.157103163941098 9.324579973381375 9.419106043791711 10.862183173848742 [] 9.481358318831944

2020-04-14 11-39-31 9.241259406057823 9.241299916892704 9.441367595637212 9.52414249228281 10.98444514142332 [] 9.58341064278169

2020-05-19 11-29-13 9.142033931616446 9.14393249769041 9.369486925407335 9.220730186759678 10.876403630705314 [] 9.489150194338913

2020-06-23 13-59-40 9.169012630188101 9.166117685062066 9.404795958902682 9.312160818551643 10.884868117197827 [] 9.56503971942453

2020-10-13 11-46-16 9.175107699821208 9.191136723214587 9.412042970741734 9.293348947050315 10.849713465879208 [] 9.549794232382665

2020-10-13 11-46-17 9.13228895855382 9.146221749244589 9.438704989962387 9.329801620570283 10.860747752744178 [] 9.46712365405806

2020-10-20 12-35-53 9.132979140662325 9.169863526488015 9.405121050004183 9.46340035089613 10.914375897336651 [] 9.505386045155493

2020-12-01 14-09-14 9.128591103702853 9.173734129982176 9.425570994445106 9.385003769741333 10.863220987478641 [] 9.504850753439815

Table A.22: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2017-09-26 11-30-56 13.677082564148956 13.737933493802373 15.076580284166862 14.92805443962176 15.742097608682617 17.864991380679584 15.215770686837567

2018-02-09 09-07-43 13.605938340859726 13.649358424277713 14.925878094531095 14.667846539525005 15.727689080715479 [] 15.098211617097993

2018-02-09 09-07-44 13.730472320731042 13.798154660573156 15.10244897392206 14.794047959085697 15.709965684061899 [] 15.267784326502243

2018-02-09 09-07-45 13.340472375750377 13.31029537665699 14.45565867239722 14.325614437474115 14.992179412120109 [] 15.086886670516762

2018-02-09 09-07-46 13.31760083322674 13.364508538384868 14.463573958655854 14.297516780650096 14.959571182761442 [] 15.049495864292272

2018-02-09 09-07-48 13.961214186585408 13.925818787361944 15.202545928766764 15.05457891427877 15.814119110158217 [] 15.709048129796122

2018-02-09 09-07-49 14.539159163689757 14.479594691832087 15.744947011233972 15.603057712024343 16.24630869051473 [] 16.031817446763633

2018-02-09 09-07-50 14.563582001950255 14.514399230060508 15.81416882414538 15.510474821714661 16.26370102323327 [] 16.342005537745155

2018-02-09 09-07-51 14.6588396335553 14.558727204626162 15.841247726041365 15.580385332063367 16.406690250827495 [] 16.190972452014233

2018-02-09 09-07-52 14.660115003189347 14.700890425687628 15.963330590272568 15.760348933630866 16.288592747777233 [] 16.33214565607647

2018-02-09 09-07-53 14.661682953568373 14.706733630382235 15.925021096070083 15.685011634278613 16.313436262551498 [] 16.522146441311303

2018-02-19 10-18-21 14.650066299483186 14.720045283444097 15.971135710595258 15.603998185220764 16.388110892941363 [] 16.39377598255917

2018-03-21 10-31-39 14.655237807631476 14.662918058362095 16.008576893720253 15.86043254841363 16.460621033917384 [] 16.366457304910806

2018-04-20 15-56-20 14.665546961027806 14.662589416512338 16.097446293178585 15.842674893862684 16.37711499980629 [] 16.47253717199111

2018-05-09 16-02-56 14.954997021121335 14.86023622967122 16.1431160916303 15.88489756850105 16.69853212846403 [] 16.701802399257016

2018-08-20 14-36-18 14.979905382173166 15.075568021060727 16.38833040195168 16.197600728965114 16.760130016499385 [] 16.66044492691625

2018-11-01 09-46-44 15.994388649900259 15.982175950836773 17.286842758478876 17.105148670888447 17.737242589605984 [] 17.39560094464435

2018-11-19 10-41-18 16.54714304717225 16.57249543308981 17.871190965160817 17.653221769458835 18.377632106441762 [] 18.202477169651605

2018-12-03 11-39-23 16.54432328025356 16.476895929681476 17.771680686449162 17.677879449767612 18.205862424748354 [] 18.131801534150277

2018-12-14 09-41-08 16.68391325761967 16.635227182211832 17.95686336741977 17.73539300803421 18.499004537536514 [] 18.349931609389756

2019-01-07 10-47-04 16.597943343088364 16.622029143915746 17.987107873608835 17.85157283830511 18.544753265344266 [] 18.491551985416447

2019-01-11 10-36-57 16.6087980250428 16.598950439430805 17.976407902164276 17.861113214745643 18.508006938243174 [] 18.36135717864419

2019-05-24 11-07-51 16.62944552861187 16.592510483566556 17.91556134189239 17.769881121053395 18.531571236005014 [] 18.30798869725774

2019-11-05 15-47-28 16.635917464032413 16.62466403446367 17.90688203915938 17.691342162132848 18.5885371939769 [] 18.298092678713896

2019-12-17 12-09-20 16.726211342991405 16.70755513218406 17.95589674419499 17.721978011329877 18.420790527858667 [] 18.475077673920836

2020-03-31 11-32-10 17.1998652938649 17.285042975238074 18.46001064819083 18.408821219918668 19.14489208485445 [] 18.943444329300256

2020-04-14 11-39-31 17.415994958419738 17.385441220299484 18.717926766369168 18.598557665987816 19.347219457438943 [] 19.18107858040737

2020-05-19 11-29-13 17.18479763015295 17.165135851892455 18.599731107868802 18.25551854161632 19.159325430429252 [] 18.98786688960335

2020-06-23 13-59-40 17.30002394296718 17.284448018081385 18.610696492541248 18.36555722453634 19.172534480616285 [] 19.067289045489815

2020-10-13 11-46-16 17.26983187462311 17.2902308487128 18.66939757441009 18.352206573958995 19.141580662887197 [] 19.03758193343228

2020-10-13 11-46-17 17.13762934209776 17.209904728827073 18.704331793314303 18.439267104956993 19.188481501408578 [] 18.886589209208736

2020-10-20 12-35-53 17.1431722870473 17.262189440580073 18.62426967307099 18.557078383415863 19.28206517623638 [] 18.89601258111308

2020-12-01 14-09-14 17.13614265749849 17.26044814361074 18.642598671590537 18.485598729742883 19.171965945489287 [] 18.913947665694444

A.2.8 Toybox

Table A.23: Weighted Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2006-10-31 23-30-06 1.2078369670029585 1.1973877646095858 1.3568700360883876 1.1721973748401653 1.094072834955503 1.617794596047934 1.1368011500017292

2006-11-01 21-12-20 1.6378698517421486 1.6378698517421486 1.4543367676764687 1.512837163589231 1.3460530769179555 1.85601135656281 1.638642654112847

2006-11-02 11-20-53 1.6378698517421486 1.6378698517421486 1.5173413749137157 1.5246026377000914 1.3425747762230222 1.85601135656281 1.601077333966017

2006-11-03 00-05-52 1.5320939950872225 1.5504982193262502 1.5179199603555769 1.3264138772710952 1.3463770403024888 1.8560113565628096 1.4315724292626908

2006-11-04 17-45-18 1.5762827976056806 1.6235164879 1.5151919249180088 1.4790389532455817 1.2984822241753775 1.8560113565628096 1.5248932218264915

2006-11-19 02-49-22 1.5759830516214202 1.6041434182074557 1.5181664043499818 1.5592519361136 1.2975956778829332 1.8560113565628096 1.5337142964288006

2006-11-25 13-48-02 1.6235164879 1.6235164879 1.5040186825698285 1.2737181343674977 1.2961701759221333 1.8560113565628096 1.4005517889106758

2006-11-25 16-06-55 1.6378698517421486 1.6378698517421486 1.520123301888178 1.483876080669648 1.3451007641816888 1.8560113565628096 1.4527213247008572

2007-01-07 03-48-26 2.1704273225888886 2.1371556300351555 2.0112281731638477 1.8604051718326162 1.670824517321801 2.9329895170721896 2.0289415330455087

2007-01-18 22-01-04 2.1531762068650884 1.9450668690277062 2.015608429474456 2.035687437433322 1.8505687725133206 2.9329895170721887 1.9366056031107586

2007-01-20 18-04-20 2.166559381200592 2.003394635820846 2.017553890660159 1.8780263878916563 1.9314271313319324 2.9329895170721896 1.9883190026828867

2007-01-20 23-41-49 2.1737243021031114 2.1763784246471114 2.033537350627438 1.896786539673058 1.7022251568163775 2.9329895170721896 2.0913990494336536

2007-01-31 14-37-01 2.1726279062790814 2.0102084714248893 2.018756857202778 1.8746209400277007 1.9836259083226995 2.9329895170721896 2.1250044444902283

2007-02-13 16-41-51 2.1726279062790814 2.0102084714248893 2.013049204498195 1.9608464259207588 1.9872991089522543 2.9329895170721896 2.0466613232888196

2007-04-23 15-45-55 2.157260885513265 2.1879063084426664 2.0481010495668217 1.9597519037734483 1.7343279361467452 2.932989517072189 2.1378363991852978

2007-04-29 19-55-21 2.2195289705362247 2.1204344432957027 2.0154220461664143 1.9943141073041422 1.6174984863894017 2.9329895170721896 2.1603074803692914

2007-04-30 00-08-48 2.1388839354989795 2.1516817307928995 2.0044870815416793 1.9914814337577305 1.7775667605065053 2.9329895170721896 1.971225229422385

2007-05-17 02-38-27 2.248939550618935 2.1944742263751484 2.0335337780223823 1.8624499995455899 1.7370853406846707 2.9329895170721896 2.0139563835277716

2007-06-18 00-44-53 2.157769598138265 1.9215375829259262 2.012466334694607 1.9154511396997438 1.6374630895585724 2.9329895170721896 2.0392955758502738

2007-06-18 01-00-32 2.546609779997959 2.6497863242352038 2.4907524358346578 2.304541081342322 2.1463896450147075 3.5647644522086424 2.4810306570708134

2007-08-29 08-10-01 2.675049761472498 2.6274268847937776 2.633358060262029 2.4671921522018847 2.5087205335672005 3.884014923611555 2.841796905544027

2007-09-05 21-23-56 3.100219185179082 3.0085767527871115 3.088914328519238 2.766143834642621 2.9378614360461497 4.73268384858395 3.0590316352984175

2007-10-11 15-36-36 3.0999192939363827 3.082891436949778 3.0128267294426507 2.9556632716702707 2.6296096421668986 4.73268384858395 3.1176959865446032

2007-10-31 01-13-36 3.0731773607049315 2.991696908976089 3.064945999702413 2.829522724868118 2.731527050191883 4.73268384858395 3.1894342507688234

2007-11-07 00-11-20 3.3001612600229584 3.1954866514873337 3.114453580054311 2.7250350779579993 2.53966536086592 4.7326838485839495 3.0268015385585776

Continued on next page
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Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2007-11-10 09-10-51 3.2546681346269386 3.210190147011226 3.1051459017083145 2.900690174185989 2.462243851004677 4.7326838485839495 2.963282528624617

2007-11-10 10-03-01 3.278922172226326 3.1263157308436753 3.1276800383122056 2.897943943370263 2.6524322374701472 4.7326838485839495 3.1738196917024575

2007-11-20 01-06-29 3.081758503009425 3.086529858126311 3.0499750403700903 2.7221986652455814 2.4836950089351104 4.7326838485839495 3.1406191205096037

2007-11-23 20-49-27 2.9842290304960373 2.980099473343733 3.1456753500070485 2.852044555743473 2.5805813902632098 4.7326838485839495 3.044171327358051

2007-11-27 00-57-42 3.046476407704984 2.8991490350546605 3.1140969582984646 3.0635913857250077 2.6503021742495485 4.7326838485839495 3.188733237607025

2007-11-27 01-06-43 3.044411826789054 2.9787129293693124 3.112824648974205 2.9049102102275253 2.68242531917644 4.7326838485839495 3.2758282582278726

2007-11-29 18-32-20 3.292237167143469 3.1506679358954086 3.098385129368734 2.8420950252359134 2.434822887608121 4.732683848583949 3.1977687261865024

2007-12-03 18-53-00 3.295757501072959 3.175809319071874 3.0895287495327337 2.880062280205726 2.291447436173495 4.73268384858395 3.13773678760897

2007-12-03 19-28-51 3.3181118653065305 3.130364730039232 3.0726815794007862 3.075564355776482 2.4992408050068446 4.73268384858395 3.0958196277094587

2007-12-09 15-30-36 3.302021624611837 3.1176197266563057 3.1195915148022415 2.8380168532796466 2.431985123656649 4.73268384858395 2.934372475994274

2007-12-15 21-47-25 2.830064671540775 2.9182089623573337 3.0478559019370945 2.8281719220131625 2.686635708269427 4.7326838485839495 3.0453767626184414

2007-12-18 02-34-08 2.830337586451571 2.7875021172537293 3.074256126523175 2.7028115829298542 2.70142103480883 4.7326838485839495 2.9045938575838393

2007-12-20 04-39-26 2.908222767479219 2.8310710656215976 3.051634179780959 2.780788429502928 2.563240101548861 4.7326838485839495 2.991268837289591

2007-12-31 14-34-41 2.830064671540775 2.7875021172537293 3.1094965217787505 2.8414510684369247 2.7239196483023016 4.7326838485839495 3.277719972027994

2008-01-05 16-40-40 2.897303252867112 2.8310710656215976 3.1349847991801676 2.763351979720665 2.719483205884071 4.7326838485839495 2.932887194896397

2008-01-05 18-08-17 2.9100361591325936 2.743933168885861 3.0458670563299206 2.932719864317226 2.601513194289776 4.7326838485839495 3.0904644588485546

2008-01-06 16-01-11 3.1799089030261136 3.03651067787401 3.1578874523503377 2.8718307210604164 2.817922194298235 4.7326838485839495 3.257202962237327

2008-01-10 14-34-15 3.184563333245288 3.0805046013263215 3.058322167414076 2.9485287031033396 2.686899930675512 4.7326838485839495 3.0030209047098486

2015-04-08 17-17-44 11.659235484806302 11.90817140167347 12.007514226916646 11.350492189772435 5.1739875597927405 14.969679564993367 11.94198716577187

2015-04-15 20-53-00 11.497909165775972 11.439149446357948 11.850914114112133 11.775192372724128 10.180613203145153 14.856949053777498 11.708107540881926

2015-07-31 03-05-24 13.222793407863502 13.175666438048983 13.47281422135074 13.09616397305309 10.846259405705435 16.855439187156954 13.57045817251564

2015-08-29 22-12-56 12.41943929497288 12.582980378699686 13.267911723083191 11.992146520722248 12.985450764771434 17.036555446811715 13.401775995872942

2016-07-15 04-45-08 14.78279077544264 14.075584048304155 15.640702485669294 15.411212170586811 15.33098303056273 19.837748075438007 15.638171208358731

2016-10-01 15-52-00 14.586093508789409 14.083068833036597 15.66480681216282 14.623661018736408 14.700687970461018 20.3706847335163 15.67809535865627

2016-10-05 13-29-55 14.292987066077774 14.265777954538603 15.643319486741655 14.984693671773936 14.724720548711593 20.348411665975807 16.115828335843222

2017-03-20 12-41-22 13.411407728673657 12.993697060127143 14.656374366639213 13.88089413521846 13.80161981874819 19.136318344561943 14.140210802988156

2017-04-30 02-08-59 13.262377439819184 13.149735562005798 14.154275392044116 14.000928782250872 14.115558076196095 18.6012522921391 14.658660052027233

2017-05-08 22-09-08 13.67846025387137 13.011427783875348 14.195400263100378 14.245097159686818 14.257604434445351 18.69695123264477 14.73457411352879

2018-10-21 21-55-18 12.430575762813785 11.918335504141478 13.513035623875968 13.087898733752038 13.411413468600637 17.827067888370937 13.647250433306207

2019-02-23 08-27-32 12.39491804106395 11.89839240727274 13.096295465490755 12.449568150193684 13.265872124176692 17.208683367383202 13.148130121611832

2019-03-03 18-50-03 13.599526697226992 12.019118922576403 12.987264263376128 13.720138591629748 13.466682566289332 17.21213584414727 13.45226258410698

2019-03-10 23-00-19 13.296447725402436 11.81445408129506 13.137468138634981 12.479967134937374 13.245799436927978 16.640847084037365 13.085712032480535

2019-09-04 15-59-23 12.541978462331405 12.113550878531038 13.238517509271787 12.950032880073156 13.692907991147985 17.154663910323983 13.396765619751397

2020-02-17 04-11-07 12.752987060173238 11.810834962174729 12.811031462857073 12.542970729934998 12.965664445753584 16.085512853249547 12.805203212516895

2020-08-07 02-25-50 12.657046787915215 12.830273558400936 12.715526277923749 12.443248229572777 12.683304820446903 16.136771611739768 12.992349269161798

2020-10-28 17-03-37 12.177430024218523 12.977177866178375 12.860174672680737 13.070025677572724 13.181800074619261 15.967963438337966 12.31759027042519

2020-12-06 00-02-46 12.42879263297287 12.573553447162896 12.794768696543771 12.418926831967553 13.036890602063021 16.13496979612461 12.981737622174254

Table A.24: Total Attribute Scores

Version Chvatal ICPL IncLing YASA ExtendedYasa ILP Random

2006-10-31 23-30-06 2.001562276992307 1.9950700092384612 2.2983788834483514 2.029153085763636 1.3799351561799997 2.168086692654545 2.069941618487454

2006-11-01 21-12-20 2.820737346845455 2.820737346845455 2.552621387547531 2.7351304774448892 1.8128471812 2.6236881673454544 2.957268566460608

2006-11-02 11-20-53 2.820737346845455 2.820737346845455 2.589861372132527 2.766342738861778 1.8128471811999998 2.6236881673454544 3.023689558142198

2006-11-03 00-05-52 2.5027612192500004 2.57572789565 2.688287364940916 2.4768151712157693 1.8128471812 2.6236881673454544 2.7006432694132143

2006-11-04 17-45-18 2.630793544223077 2.7582086169833335 2.6110316872775092 2.676210820619091 1.7574187596400002 2.6236881673454544 2.898642262253003

2006-11-19 02-49-22 2.630793544223077 2.7072425878792306 2.650423758570329 2.7222892120820004 1.7569341536 2.6236881673454544 2.8233720137350553

2006-11-25 13-48-02 2.7582086169833335 2.7582086169833335 2.687434687714396 2.4310807781358177 1.7574187596399997 2.6236881673454544 2.6524032023475277

2006-11-25 16-06-55 2.8207373468454544 2.8207373468454544 2.66040941819869 2.695201953301455 1.8128471811999998 2.6236881673454544 2.6970143226430183

2007-01-07 03-48-26 3.558793055633333 3.5893674769937496 3.4683226470023607 3.3801587374820508 2.368096828422174 4.380882719607692 3.8267159713849708

2007-01-18 22-01-04 3.596855896615385 3.114078806160956 3.499726772635048 3.55586497344218 2.6465130768972376 4.380882719607691 3.7397627832999047

2007-01-20 18-04-20 3.7896244978076914 3.229013381859333 3.47517116295419 3.4029576300273545 2.7522759242421184 4.380882719607691 3.662346374586476

2007-01-20 23-41-49 3.674768271813334 3.6852973743733335 3.6153175382985716 3.378722116458939 2.434439378088154 4.380882719607692 3.8728850610565937

2007-01-31 14-37-01 3.626480502371429 3.336938152126666 3.4855213371945055 3.35958579987022 2.845183273618228 4.380882719607692 3.8444632893101103

2007-02-13 16-41-51 3.626480502371428 3.336938152126666 3.458466597768242 3.417866140923052 2.864634239128871 4.380882719607691 3.8047692344079125

2007-04-23 15-45-55 3.586975149849999 3.67417655702 3.5151315686029667 3.3747372068098898 2.44925432674325 4.380882719607691 3.8960727197198906

2007-04-29 19-55-21 3.7303457840571426 3.5193904792187505 3.496085030458462 3.5057718218 2.3032230041601958 4.380882719607691 3.8703357768535165

2007-04-30 00-08-48 3.4809962685714284 3.6207060418923076 3.4079673745189525 3.5307226233918128 2.5470170308258817 4.380882719607692 3.5248810082696194

2007-05-17 02-38-27 3.878810141692308 3.8008861932692306 3.5546751342908793 3.297421466527839 2.4603752684230917 4.380882719607691 3.7553395727051644

2007-06-18 00-44-53 3.5182185658857144 3.113916301362647 3.5160863720728655 3.4953432593452916 2.3548174290408497 4.380882719607692 3.832783422829722

2007-06-18 01-00-32 4.039732072742857 4.4906431135357145 4.43641359241337 4.26648912080132 3.089975210284942 5.6257039345277775 4.524306000998769

2007-08-29 08-10-01 4.442206428487167 4.349329969133334 4.816122014623389 4.696468501540439 3.579359662454505 5.995064716533333 5.263358340090729

2007-09-05 21-23-56 5.17764980273 4.892750962617333 5.458882748513249 5.250085232135719 4.206367673934044 7.5057064486555545 5.820244843992441

2007-10-11 15-36-36 5.172912031097047 5.011781848182666 5.212924372330893 5.449484028439451 3.7673228653497874 7.5057064486555545 5.926543252798286

2007-10-31 01-13-36 5.0772353879135235 4.8256657279986666 5.250995958324476 5.32389085881716 3.96606693069 7.5057064486555545 5.992076152331238

2007-11-07 00-11-20 5.821500067589999 5.598888658150096 5.4516060933894055 5.177741399404626 3.6218025299325705 7.505706448655554 5.508428140180322

2007-11-10 09-10-51 5.681444796071427 5.63930641531238 5.3413365958272525 5.468948728859047 3.4710488302585616 7.505706448655554 5.646479839331869

2007-11-10 10-03-01 5.758490913562857 5.400001396654762 5.4899697783447765 5.389446992003717 3.8084806368878774 7.505706448655554 5.873340815989714

2007-11-20 01-06-29 5.092018524087905 5.215232265346667 5.322792706990206 5.1535629879729115 3.603693586137483 7.5057064486555545 5.859790265589664

2007-11-23 20-49-27 4.837592780233971 4.890434949360001 5.723616838954358 5.201124849609708 3.6938800239500003 7.5057064486555545 5.6526673489432815

2007-11-27 00-57-42 5.043571365125199 4.745010841574667 5.515150912795501 5.484889386386574 3.8376310706466525 7.5057064486555545 5.96976324880075

2007-11-27 01-06-43 5.033150159033392 4.899518803393749 5.47274672620445 5.338778847275843 3.854970484128202 7.5057064486555545 6.001149607130728

2007-11-29 18-32-20 5.823518180352857 5.664263501765714 5.531187782394584 5.2429218243043945 3.4483413827946996 7.505706448655554 5.828807288178334

2007-12-03 18-53-00 5.8515805156 5.702252503433906 5.495674307330202 5.156300175812966 3.2907182637109025 7.505706448655554 5.908887914395524

2007-12-03 19-28-51 5.89785478975 5.559878931363904 5.373374781270957 5.479406524220714 3.544143180697045 7.5057064486555545 5.683120965860478

2007-12-09 15-30-36 5.847040782881428 5.432736936166189 5.544893702983245 5.258717718472651 3.4695371192168936 7.5057064486555545 5.482473501093048

2007-12-15 21-47-25 4.613435781553676 4.850400207846665 5.298336606505009 5.2610259681157325 3.8117636107922204 7.505706448655554 5.776941997876818

2007-12-18 02-34-08 4.613435781553676 4.439356749303371 5.353099601357376 5.180849311266978 3.918876944268343 7.505706448655554 5.7518747318871695

2007-12-20 04-39-26 4.8220223164241585 4.576371235484469 5.222335255652001 5.139701843044732 3.6589761993814265 7.505706448655554 5.615093600791232

2007-12-31 14-34-41 4.613435781553676 4.439356749303371 5.4775844272746514 5.254000401391139 3.939006966890478 7.505706448655554 6.204739403177114

2008-01-05 16-40-40 4.784820456546953 4.576371235484469 5.592178298224082 5.23953516075097 3.9372413343619 7.505706448655554 5.542554843003634

2008-01-05 18-08-17 4.8220223164241585 4.302342263122274 5.256957063852734 5.466068794907487 3.6824381929576786 7.505706448655554 5.688539937854111

2008-01-06 16-01-11 5.559863307785333 4.981741194358739 5.532508856129079 5.409868498351999 4.002961059779225 7.5057064486555545 6.0949564530704805

2008-01-10 14-34-15 5.581881056895618 5.1122909047525 5.192326500291934 5.477012504195843 3.838752758130306 7.5057064486555545 5.588723833157142

2015-04-08 17-17-44 19.677911683521483 19.925361429234624 22.371881627189374 22.063417004489352 7.8318587544592635 24.453300739450007 22.524923839668

2015-04-15 20-53-00 18.853135593693526 19.067426354539002 22.33787655167331 22.556954572156155 15.168253703289702 24.620211268005 22.801290035110647

2015-07-31 03-05-24 21.422045299190096 21.781541302431098 25.176577954953487 25.227390381793974 16.411551220168743 28.317628693828233 25.687524910789715

2015-08-29 22-12-56 20.111666651763933 20.51916745678991 24.770676285450975 23.892109375825985 19.857625773765367 27.786978851595002 25.855901329722133

2016-07-15 04-45-08 24.41805758655975 23.572441578418665 29.632579911426035 29.560175739007168 23.792800636204397 33.154228623065265 29.844367086837998

2016-10-01 15-52-00 24.17401937383838 23.18430922415766 29.838579238740646 28.90293595146291 22.86211254008353 33.99665677032444 30.28595932628138

2016-10-05 13-29-55 23.2795520063575 23.43623807699469 29.755094198839156 29.24026860416135 22.836276129909624 33.89550930946556 30.97807543932766

2017-03-20 12-41-22 21.851227390053673 21.33268356739838 27.632433247865805 27.274868581263206 21.31198852970268 31.25430542452353 27.092851188163934

2017-04-30 02-08-59 21.850415765725394 21.697429934402855 26.423564987561207 27.15036239078704 21.739957208140414 30.612497120570577 28.32142567212003

2017-05-08 22-09-08 22.815558340391476 21.382138485578 26.670480455804928 27.58623109135025 22.053285866548265 31.01242366185058 28.197977557498337

2018-10-21 21-55-18 20.5505081054597 19.77097102082498 25.064854119965084 25.22790776427276 20.893423270988926 29.560708010488224 25.771808817989488

2019-02-23 08-27-32 20.227883500250975 20.008908489229892 24.514337483776153 24.21637284343138 20.50544874803911 28.610291495000002 25.39038486637201

2019-03-03 18-50-03 22.967481754195582 20.514307512244635 24.69129944320012 25.751290373177888 20.91924138845862 28.637911309112503 25.792259823661464

2019-03-10 23-00-19 22.561168243173274 19.679251446404542 24.660493609211688 24.251080440390798 20.43635231731752 27.459080847505884 25.2452443320145

2019-09-04 15-59-23 20.396293920102956 19.667450572023135 24.88125310970049 24.403849971526522 21.588543612575034 28.3689846487075 25.76825531603717

2020-02-17 04-11-07 21.49327435723579 19.043350580910698 24.064707741217614 24.152023517814076 19.837770927503367 26.78466537811529 24.563523217872508

2020-08-07 02-25-50 21.575938713714816 21.49103865260625 23.67580191061928 23.853413277792225 19.246405849890078 26.5095342099 24.852580207196016

2020-10-28 17-03-37 20.154581137176905 21.917042421499115 23.96746793425054 24.82712403761466 19.972682806190914 26.12884926589 23.754013563239646

2020-12-06 00-02-46 20.776477120779315 20.769491291004528 23.73848121280489 23.980179139626475 20.033376627356198 26.607775024462494 24.773935861818437

A.3 Product Sampling Data for 3-Wise Sampling

This section provides the sampling efficiency and testing efficiency data for the
subject systems Automotive, BusyBox, Soletta, uClibc-ng, Fiasco, and Toybox. Each
value is based on the calculation of a sample that achieves 3-wise feature interaction
coverage. The calculation time is given in milliseconds, and the sample size is the
number of configurations of a sample. The presented values are average values,
which are based on five calculations.
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A.4. Sample Attribute Score Data for 3-Wise Sampling 123

Table A.25: Sample sizes and calculation times

Sample Size Calculation Time

System Version YASA ExtendedYasa YASA ExtendedYasa

Automotive 2021-01-01 00-00-00 1860 1916 138948 516448

BusyBox 2007-01-24 09-14-09 193 190 227146 294439

Soletta 2015-06-26 18-38-56 143 138 11453 6609

uClibc-ng 2008-06-05 13-46-47 3244 3186 338785 313389

Fiasco 2017-09-26 11-30-56 1109 1103 161420 159993

Toybox 2006-10-31 23-30-06 30 32 89 111

A.4 Sample Attribute Score Data for 3-Wise Sampling

In this section we provide the sample attribute score data for the subject systems
Automotive, BusyBox, Soletta, uClibc-ng, Fiasco, and Toybox. We selected the first
feature model for each system and generated a sample that covers all 3-wise feature
interactions. For each sample, we have calculated the total attribute score and the
weighted attribute score. The presented values are average values, which are based
on five calculations.

Table A.26: Total and weighted attribute scores

Total Attribute Score Weighted Attribute Score

System Version YASA ExtendedYasa YASA ExtendedYasa

Automotive 2021-01-01 00-00-00 102.50263951359791 103.45402453728562 51.452254121353256 53.892660373255296

BusyBox 2007-01-24 09-14-09 91.6783441177386 92.65903897530677 44.66854542188608 58.67276172631807

Soletta 2015-06-26 18-38-56 27.312443977334453 27.204673149680367 13.940043367030887 15.796379601624793

uClibc-ng 2008-06-05 13-46-47 30.731733275457138 32.33641520581689 15.240940273418394 19.079813359316073

Fiasco 2017-09-26 11-30-56 14.94561282254005 15.63216712175129 7.527755313627225 8.963861371557398

Toybox 2006-10-31 23-30-06 2.3130901439112894 2.3617583120812724 1.186938375923876 1.5306961169055093

A.5 Diagrams for the Progress of T-Wise Feature In-

teraction Coverage

In Section 5.5.3.2, we evaluated the progress of t-wise feature interaction coverage
of each algorithm. Since the results of the different systems were very similar, we
did not describe all systems in detail. In this section we represent the remaining
diagrams for the systems BusyBox, Soletta, uClibc-ng, Fiasco, and Toybox.
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Figure A.1: Line Chart: T-wise feature interaction coverage for the system BusyBox.
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Figure A.2: Line Chart: T-wise feature interaction coverage for the system Soletta.
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Figure A.3: Line Chart: T-wise feature interaction coverage for the system uClibc-
ng.
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Figure A.4: Line Chart: T-wise feature interaction coverage for the system Fiasco.
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Figure A.5: Line Chart: T-wise feature interaction coverage for the system Toybox.
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[KTS+20] Sebastian Krieter, Thomas Thüm, Sandro Schulze, Gunter Saake, and
Thomas Leich. Yasa. In Proceedings of the 14th International Work-
ing Conference on Variability Modelling of Software-Intensive Systems,
pages 1–10, New York, NY, USA, 2020. ACM. (cited on Page 1, 2, 3, 11,

12, 28, 29, 30, 42, 61, 68, 87, and 91)

[KWG04] D. R. Kuhn, D. R. Wallace, and A. M. Gallo. Software fault inter-
actions and implications for software testing. IEEE Transactions on
Software Engineering, 30(6):418–421, 2004. (cited on Page 11)

[Lan19] Rob Landley. What is toybox? Website, 2019. Available online
at http://landley.net/toybox/about.html; visited on September 28th,
2021. (cited on Page 3 and 139)

[LKK+07] Yu Lei, Raghu Kacker, D. Richard Kuhn, Vadim Okun, and James
Lawrence. Ipog: A general strategy for t-way software testing. In
14th Annual IEEE International Conference and Workshops on the
Engineering of Computer-Based Systems (ECBS’07), pages 549–556.
IEEE, 2007. (cited on Page 12 and 91)

[LSBL17] Lars Luthmann, Andreas Stephan, Johannes Bürdek, and Malte
Lochau. Modeling and testing product lines with unbounded para-
metric real-time constraints. In Proceedings of the 21st International
Systems and Software Product Line Conference - Volume A, pages
104–113, New York, NY, USA, 2017. ACM. (cited on Page 2 and 135)

[LSR07] Frank Linden, Klaus Schmid, and Eelco Rommes. Software Product
Lines in Action: The Best Industrial Practice in Product Line Engi-
neering. Springer, Berlin, Heidelberg, 1. aufl. edition, 2007. (cited on

Page 5)

[LSW15] Uwe Lesta, Ina Schaefer, and Tim Winkelmann. Detecting and ex-
plaining conflicts in attributed feature models. Electronic Proceedings
in Theoretical Computer Science, 182:31–43, 2015. (cited on Page 2

and 135)

[Mak12] Andrew Makhorin. GLPK (GNU Linear Programming Kit). Website,
2012. Available online at https://www.gnu.org/software/glpk/; visited
on September 28th, 2021. (cited on Page 42)

[MOP+19] Daniel-Jesus Munoz, Jeho Oh, Mónica Pinto, Lidia Fuentes, and Don
Batory. Uniform random sampling product configurations of feature
models that have numerical features. In Proceedings of the 23rd Inter-
national Systems and Software Product Line Conference - Volume A,

https://doi.org/10.24355/dbbs.084-202201210857-0

http://landley.net/toybox/about.html
https://www.gnu.org/software/glpk/


130 Bibliography

pages 289–301, New York, NY, USA, 2019. ACM. (cited on Page 2, 93,

135, and 136)

[MTS+17] Jens Meinicke, Thomas Thüm, Reimar Schröter, Fabian Benduhn,
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Topic Description

Motivation and Goal

Highly configurable systems offer the possibility to build a large number of different
products. To ensure functional safety, the various products must be tested. The
variability of highly configurable systems is a significant challenge to efficient soft-
ware testing. Furthermore, the continuous development of such systems increases
the testing effort. Testing all the products of a highly configurable system is not
feasible due to the combinatorial explosion problem [PTR+19]. Therefore, strate-
gies such as sample generation reduce the testing effort. The challenge is to create a
subset of all products of a highly configurable system, which is as small as possible
but still representative of the system. Product sampling algorithms are used to find
such samples. In theory, T-Wise Combinatorial Interaction Testing (CIT) [CDFP97]
has proven to be a useful sampling strategy in the context of highly configurable
systems [HPP+13]. However, sampling real-world systems result in a large num-
ber of configurations to cover the feature interactions [JCHP15]. In practice, it is
not feasible to test this large number of configurations [POS+12]. Also, the t-wise
sampling algorithms do not consider the effort caused by the product build and
the execution of the test cases. For these reasons, in practice, the configurations
are chosen randomly or with expert knowledge. This process leads to the prob-
lem that no test coverage criteria can be determined. By enriching feature models
with attributes based on expert knowledge, sampling algorithms can automatically
select and prioritize configurations that satisfy defined test requirements. Feature
models with attributes have different names in the literature such as Attributed
Feature Model [LSW15], Numerical Feature Model [MOP+19], Extended Feature
Model [LSBL17, OGRJ+18], and Attributed Variability Model [SSA17]. The goal
of the master thesis is to design a sampling algorithm that covers all t-wise feature
interactions for a defined t and optimize and prioritize the selection of configurations
based on one or more attributes for a given domain. Also, the effectiveness of sample
optimization and prioritization is determined.

Scope

In the scope of this master thesis, the functionality of existing sampling algorithms
will be investigated. Also, existing approaches to attributed sampling and meth-
ods used to enrich feature models with attributes are investigated. Based on the
knowledge gained from our investigations, a sampling algorithm is designed. The
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algorithm automatically generates configurations covering all t-wise feature interac-
tions for a defined degree t as well as optimizes and prioritizes the configurations
based on one or multiple feature attributes such as risk for a specific domain. An ap-
propriate metric is developed to determine the effectiveness of sample optimization
on an attribute.

It is a big challenge to find large and open source attributed feature models of real-
world systems. For this reason, a method has to be developed to enrich existing
feature models of real-world systems with attributes artificially. The enrichment
process should be mostly automated and produce natural results. Where possible,
real-world attributed feature models from industry should be used.

After developing the sampling algorithm, its performance for different specific do-
mains will be evaluated. First, samples of the attributed feature models are created.
Then, different criteria such as the score of an objective function, computation time,
sample size, degree of t-wise coverage, and sample similarity are determined and
compared to other approaches.

Related Work

In the master thesis, an algorithm will be developed that automatically computes
configurations covering all t-wise feature interactions for a defined degree t. Ap-
ply this algorithm to real-world systems usually leads to vast sets of configurations.
Testing so many configurations is not feasible. A method that automatically selects
and orders a subset of relevant configurations based on selected feature attributes
is required. Previous scientific work by Jeho et al. [OBMS17] addressed the chal-
lenge of finding optimal performing configurations. Since the configuration space
of highly configurable systems can be huge, it is often not feasible to benchmark
all configurations to find an optimal one. Therefore, they presented an approach of
randomly sample and recursively searching a configuration space directly to find an
approximate optimal set of configurations. An important step is to restrict the con-
figuration space by determining statistically significant features (or their absence),
which leads to good performance. Instead of searching for configurations with opti-
mal performance, we can search for configurations that present the highest risk.

In further scientific work, Jeho et al. (2019) [MOP+19] focused on analyzing of
numerical feature models (NFM). NFMs generally called attributed feature mod-
els, are feature models where numerical values such as reliability, performance, and
footprint are assigned to features [KAS+13]. The analysis of highly configurable
systems is usually done with automatic solvers. Often, these solvers do not support
numerical features because propositional formulas contain only Boolean variables.
Jeho et al. developed a method to encode the numerical features and their con-
straints into propositional formulas utilizing bit blasting. Based on the calculated
propositional formulas and existing SAT solvers, configurations can be counted, and
uniform random samples can be generated using the Smarch algorithm [OBH+19].
Also, Jeho et al. were able to find near-optimal sets of configurations for NFMs.

Henard et al. (2013) [HPP+13] addressed the search-based generation of multi-
objective tests for software product lines in their scientific work. When selecting
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test products, current approaches often consider just a single criterion, such as t-
wise feature interaction coverage. In reality, however, selecting products for testing
is a multi-dimensional problem. For example, the aim is to maximize the t-wise
feature interaction coverage while minimizing the number of products and testing
costs. So Henard et al. designed a genetic algorithm that handles multiple objective
functions and can optimize multiple attributes.

In 2017, Siegmund et al.[SSA17] focused on attributed variability models and found
that only a few attributed variability models have attributes obtained based on real,
empirical observations. They investigated the impact of using artificially enriched
attributed feature models on the development of algorithms and tools. They de-
signed the THOR tool to enrich feature models with realistic attribute values and
feature interactions as part of their work. The tool scales to large variability models.

Evaluation

The performance of the developed attribute-based sampling algorithm is evaluated
on different real-world systems. The objective is to answer the following four research
questions:

RQ1: How does the developed attribute-based sampling algorithm compare to
existing sampling algorithms?

First, we define an objective function for our algorithm, and then we create samples
using existing t-wise sampling algorithms and the developed attribute-based sam-
pling algorithm. Different measured values such as computation time, sample size,
degree of t-wise coverage, and sample stability are obtained. By comparing these
values, we answer this research question.

RQ2: How effective is the developed attribute-based sampling algorithm in opti-
mizing the sample?

First, we define an objective function for our algorithm, and then we create sam-
ples using existing t-wise sampling algorithms and the developed attribute-based
sampling algorithm. Subsequently, we calculate a score with our developed met-
ric for all created samples. By comparing these scores, we can determine whether
our algorithm optimizes an attribute compared to other existing t-wise sampling
algorithms.

RQ3: How does the optimized sample generation compares to a random-based
approach?

To answer this research question, we first define an objective function. Then we gen-
erate a sample with, for example, n = 1000 configurations using a random sampling
algorithm. We compute the value with our objective function for all configurations
and select a defined number k of the most optimized configurations. Then, we com-
pute a sample using our developed attribute-based sampling algorithm. We select
the first k configurations from this sample, which should be the most optimized ones.
For both subsets, we compute the score using our developed metric and the t-wise
coverage and compare them with each other.
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RQ4: How does higher t-wise coverage affect attribute optimization?

To answer research question RQ4, we will first generate samples using our attribute-
based sampling algorithm and other t-wise sampling algorithms for different degrees
t. For all different degrees t, we can now compare different values such as computa-
tion time, sample size, and the score of our developed metric. We want to determine
the scalability of the developed attribute-based sampling algorithm for higher de-
gree t and larger feature models. Also, we are interested in determining whether the
optimization is more or less effective for smaller or larger degree t.

In the evaluation, we mainly focus on the comparison with other t-wise sampling
algorithms. If possible, the developed attribute-based sampling algorithm will also
be compared against search-based approaches.

A significant challenge is the acquisition of attributed feature models of real-world
systems. Large-scaled and open-source attributed feature models of real-world sys-
tems rarely exist. Such feature models are extremely difficult or even impossible
to obtain from the industry due to confidentiality reasons. If possible, attributed
feature models from the industry shall be used. In order to conduct a comprehensive
evaluation, feature models of real-world systems are enriched with attributes.

Schedule

The following tasks describe the milestones of the master thesis. An intermediate
and a final presentation are planned, which are noted in the Gantt Chart.

Week

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Task 1

Task 2

Interim Presentation

Task 3

Print and Submission

Final Presentation

Figure A.6: Schedule for MSc Thesis

Task 1

Based on existing concepts, a sampling algorithm is designed to generate a sample
that covers all t-wise feature interactions for a defined t and considers a feature
attribute to prioritize and optimize the configurations for a specific domain. For
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this purpose, research is conducted to find out whether approaches for attributed
sampling already exist. Subsequently, a concept is developed of how attributes can
be considered in the sampling process. Optionally, we will examine how constraints
can be applied to attributes.

Must-haves:

� Design a sampling algorithm that generates a sample covering all t-wise feature
interactions for a defined t as well as optimizes and prioritizes configurations
based on one feature attribute for a specific domain

– Generating a sample based on a feature attribute such as risk

– Different attribute types should be supported (boolean, int, string)

– Several degrees of t-wise feature interaction coverage should be achievable

– The sample size should be adjustable

Should-haves:

� Optimization and prioritization based on multiple feature attributes

Nice-to-haves:

� Constraints can be applied to the feature attributes

Task 2

To evaluate the designed sampling algorithm, several feature models with attributes
are required. As already mentioned, open-source attributed feature models are rarely
available. Therefore, a method is developed that artificially extends existing feature
models with attributes. Feature models of real-world systems like BusyBox [Vla21],
Toybox [Lan19], Fiasco [Ker21], Soletta [Pro18], and uClibc-ng [Bro20] are enriched
with attributes.

Must-haves:

� Develop an method that artificially extends existing feature models with at-
tributes

– The distribution of attributes should be as natural as possible

– The manual effort should be as low as possible
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Task 3

The performance of the developed sampling algorithm will be evaluated. For this,
we generate samples of different artificially enriched attributed feature models of
real-world systems. If possible, natural attributed feature models from industry are
also used. For evaluating the generated samples, different criteria such as the score
of an objective function, computation time, sample size, degree of t-wise coverage,
and sample stability are defined.

Must-haves:

� Generating samples of multiple attributed feature models

� Evaluating the generated samples with respect to different criteria

– Score of an objective function

– Computation time

– Sample size

– Degree of t-wise coverage

– Sample similarity

� Answering research questions RQ1 - RQ4

This document is the foundation for the implementation of the Master Thesis and
describes the contents and goals that must be fulfilled. Please consider the general
Master Thesis requirements of your examination regulations. If you are in doubt
please contact the examination office.

The special examination conditions caused by the coronavirus situation are known
and accepted.

Task Definition and Supervision

Prof. Dr. Ina Schaefer
(Date, Signature)

Student

Tim Witschel
(Date, Signature)
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