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Abstract

Many software systems are developed as configurable systems to support variability across
different use cases, platforms, and performance requirements by selecting combinations
of features. However, increasing the number of features causes the number of possible
combinations and resulting configurations to grow exponentially. Evaluating every con-
figuration therefore becomes computationally infeasible. Consequently, researchers and
practitioners rely on sampling strategies to select a manageable subset of configurations for
testing, analysis, or learning tasks. Different sampling strategies exhibit different strengths
and trade-offs.
However, recent work has shown that there is no consistency on how to compute the
coverage of feature combinations of size t when constraints between features restrict the
valid configurations. Multiple coverage metrics have been identified in the literature, each
considering different subsets of feature interactions. As a result, the reported coverage of
the same sample may vary depending on the chosen metric. This can lead to inconsistent
conclusions about the effectiveness of sampling strategies.
In this thesis, we systematically use eight coverage metrics by combining the interaction
filters identified in prior work. We use them to evaluate common sampling strategies. Our
empirical study analyses samples produced by random, distance-based, and solver-based
sampling, using t-wise sampling as a reference for determining the sample sizes. The
evaluation is conducted on 21 real-world configurable software systems. Our analysis inves-
tigates whether previously reported conclusions about the interaction coverage achieved by
sampling strategies remain stable across different coverage metrics.
By systematically evaluating sampling strategies across multiple coverage metrics, this
thesis demonstrates how the choice of metric influences the assessment and comparison of
sampling strategies in configurable systems.
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1
Introduction

Configurable systems provide multiple features, which are not only used for adapting func-
tionality, but also non-functional properties like performance and energy consumption [67].
Within a software product line (SPL), features reflect the requirements of stakeholders
and describe how the individual variants differ from one another [4, 40]. A configuration
describes a single combination of features [15]. These features come with their dependencies
(e.g., exclusions) and are often represented in so-called feature models, which describe valid
combinations of features [11, 13, 38].
This can result in a combinatorial explosion of the configuration space [15, 32]: as the
number of features n increases, the number of configurations and potential interactions
grows exponentially (2n). The result is that a full measurement of the performance of each
individual variant is no longer computationally feasible, even for medium-sized systems,
let alone larger ones. The Linux kernel, for example, contains more than a thousand fea-
tures [32], resulting in a configuration space that is far too large to test every interaction
individually. In practice, this problem is compounded by the fact that configurable systems
often offer far more features than are actually necessary [70].
To overcome this limitation, researchers employ machine learning to infer Performance-
Influence Models based on a limited budget of measurements (i.e., training set) [58]. However,
the accuracy of these predictions is greatly dependent on the quality of the training set,
specifically, whether the selected configurations adequately cover the feature interactions [37].
To efficiently select configurations, there are many sampling strategies. Uniform random sam-
pling selects configurations stochastically without targeting specific structural coverage
goals. While it ensures that the final selection consists only of valid configurations, finding
these valid samples is computationally challenging in highly constrained environments [33].
Solver-based sampling uses a dependency solver to draw configurations and increases the
variety of configurations. However, it often happens that it generates clusters instead of
achieving uniform distribution [37]. Distance-based sampling solves the cluster problem by
using both a distance metric and a solver to spread configuration more evenly across the
space [37]. In t-wise sampling, every possible combination of t features should be included at
least once. However, an increase in the interaction strength t (t ≥ 2) leads to a significant
increase in the number of configurations needed for complete coverage. The size of the
minimal covering set increases exponentially with t. For large-scale systems, generating
dependency-satisfying t-wise samples becomes computationally infeasible, as the required
sample size and the cost of analysing each additional configuration grow rapidly with t [7,
46, 50].
To address the prohibitive cost of full t-wise sampling, researchers have studied the effec-
tiveness of partial t-wise sampling [15, 53]. In this approach, a measurement budget is used

1



2 Introduction

to select only a subset of the fully covering design. A key challenge here is to quantify
the quality of these subsets. More specifically, the aim is to determine what percentage of
the characteristic interactions are actually covered by the partial sample. Consequently, the
evaluation of these strategies is entirely dependent on the definition and computation of
partial coverage metrics [15].
A recent study by Böhm et al. [15] identified a fundamental problem. Although t-wise
sampling is widely used, there is no consensus on how to compute the t-wise coverage of a
sample w.r.t. the dependencies between features. To address this issue, they conducted a
literature review, where they came across at least six different coverage metrics which were
used in the research community. Böhm et al. researched the impact of the choice of metric.
The result was that for a sample, coverage values can differ by up to 21% depending on the
chosen metric, and some metrics require considering only half the feature interactions of
others. This discrepancy is critical because it implies that the perceived effectiveness and
ranking of sampling strategies may be an artefact of the chosen metric.
This can be seen across several works: Kaltenecker et al. [37], for instance, compared dif-
ferent sampling strategies using a single notion of coverage. On the other hand, Böhm et
al. [15] focused on how the different metrics differ, but how these differences can affect the
evaluation of sampling techniques themselves was not covered. Without this, we do not
know whether different coverage metrics change the quality of sampling strategies.
To address this gap, we derive our own coverage metrics by systematically combining the
interaction filters identified by Böhm et al. [15], and use these metrics to evaluate common
sampling strategies. We do this by looking at how the coverage of existing sampling strate-
gies, such as random, solver-based, and distance-based sampling differs when applying the
metrics. We conduct an evaluation on a set of configurable systems. For each feature model,
we consider only valid configurations which are defined by the model’s constraints. For each
feature model and sampling strategy, we generate a sample of valid configurations with the
corresponding sampling strategy. From the generated sample, we derive partial samples
of increasing size. Of each partial sample, we compute the coverage values using all the
selected coverage metrics. For the randomised sampling strategies, we repeat the procedure
with different random seeds. After the evaluation, we analyse the coverage differences by
using a consistent evaluation framework. Our analysis shows that the coverage metrics
correlate positively but are not numerically interchangeable, that the ranking of sampling
strategies remains stable across all metrics, and that the negative relationship between
the strength of the system constraints and the coverage is also metric-independent. In
other words: the metrics differ in the absolute coverage values they yield, but not in the
conclusions to which they lead. This means that, when evaluating sampling strategies, the
choice of coverage metric is less important than the conditions under which coverage is
measured, in particular the coverage strength and the sample size.



2
Background

This section introduces the basic concepts required to understand this thesis. The section
covers configurable software systems and feature models, common sampling strategies for
configuration spaces, and coverage metrics for evaluating configuration samples.

2.1 Configurable Software Systems

Software systems are increasingly developed as configurable software systems that can be
tailored to diverse requirements by choosing various combinations of features [25]. This
approach is designed to improve reusability and development productivity [25]. Features
represent qualitative properties of concepts [21]. These features involve certain dependencies
that restrict which feature combinations are valid. These dependencies define the space of
permitted system variants. A feature model captures these features and their relationships,
for example, by defining mandatory, optional, alternative, or grouped features [38].
Feature modelling, originally introduced by Kang et al. [38], has emerged as the standard
approach to modelling variability [11, 13].

Definition 1 (Feature Model). A feature model is a tuple M = (F, D), where F = { f1, . . . , fn}
is a set of features and D = {d1, . . . , dm} is a set of dependencies over the Boolean literals
L(F) = { f1, . . . , fn,¬ f1, . . . ,¬ fn} [15]. The dependencies are represented as propositional
formulas. We denote the universe of all feature models with M.

A configuration represents a specific set of features.

Definition 2 (Configuration). Let M = (F, D) be our feature model. We define a con-
figuration as a total function c : F → {0, 1}, which assigns every feature from the feature
set F a 0 if it is deselected and 1 if it is selected. We denote by CM the set of all valid
configurations of M, which are the configurations that fulfil all dependencies.

Definition 3 (Partial Configuration). Let M = (F, D) be a feature model. We define a
partial configuration as a partial function γ : F ⇀ {0, 1}, which assigns boolean values to
only a subset of F. The semantics of γ, which is denoted by JγK, is defined as the set of all
valid configurations that are consistent with γ:

JγK = { c ∈ CM | ∀ f ∈ dom(γ) : c( f ) = γ( f ) }.

3



4 Background

A (partial) configuration is valid if the semantics are not empty. Since feature interactions
occur in situations where the combined composition of two or more features results in new
behaviour [6], they can only become apparent in configurations where the relevant features
are selected simultaneously.

Definition 4 (Feature Interaction). Let M = (F, D) be a feature model. A t-wise fea-
ture interaction is a partial configuration i : F ⇀ {0, 1} with |dom(i)| = t. The interaction is
valid if JiKM ̸= ∅. We define ♢(M, t) as the set of all valid t-wise feature interactions of M.
Formally,

♢(M, t) = {i : F ⇀ {0, 1} | |dom(i)| = t ∧ JiKM ̸= ∅} .

We denote by I the universe of all feature interactions.

Figure 2.1 shows an example of a feature model. In this model, the features are struc-
tured as a tree that defines parent-child relationships. Selecting a feature always requires
selecting its parent feature in the feature model. In this model, Web Application acts as the
parent feature with child features such as Encryption and Standalone. These relationships
are categorised by specific selection rules that determine the configuration of a product.
When child features are organised into groups, they follow additional logic: an Alternative
(XOR) Group, containing TLS and E2E, requires that exactly one feature be chosen, while an
OR Group, such as On-Premise and Cloud, requires the selection of at least one feature. To
extend the hierarchical structure of feature models, researchers use cross-tree constraints to
further improve configuration [12]. An example of this is shown below the tree in Figure 2.1:
selecting Standalone requires selecting its parent Web Application, which is in any case the
always-selected root of the model. The cross-tree constraint, however, simultaneously forbids
Web Application whenever Standalone is selected. These two requirements cannot both hold,
so Standalone can never appear in any complete valid configuration. It is therefore a dead
feature: a feature that can never be selected. A mandatory feature, such as Encryption, must
always be selected in every complete valid configuration and cannot be deselected, while an
optional feature, such as Deployment, may be included or excluded at the choice of the user.

Web Application

Encryption

TLS E2E

Standalone Deployment

On-Premise Cloud

Legend:

Feature
Mandatory

Optional

Or Group

Alternative GroupStandalone =⇒ ¬Web Application

Figure 2.1: A feature model representing a graphical product line
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Example 1 (Feature Model and Configuration). Based on our feature model in Figure 2.1,
our feature model is defined as M = (F, D) where F is defined as F = {w, y, t, e, s, d, o, c}
and D as D = {d1, d2, d3, d4, d5, d6, d7} with
d1 : w = true, d2 : w ⇐⇒ y, d3 : s =⇒ ¬w, d4 : d =⇒ w, d5 : y ⇐⇒ (t ∨ e), d6 : ¬(t ∧ e),
d7 : d ⇐⇒ (o ∨ c)
This feature model M gives rise to a set of various configurations. A valid configuration
ccomplete may be defined as:

ccomplete( f ) =

1 if f ∈ {w, y, e, d, o, c}

0 if f ∈ {t, s}

In contrast, a valid partial configuration γ may be defined as:

γ(w) = 1, γ(y) = 1, γ(t) = 1, γ(s) = 0.

A partial configuration γinvalid is invalid if JγinvalidK = ∅.

2.2 Sampling in Configurable Systems

It is usually infeasible to list all valid configurations of a feature model [46, 64]. Conse-
quently, both researchers and practitioners rely on sampling strategies to select a manageable
subset of configurations for testing, analysis, or learning tasks.

Random Sampling. Random sampling selects a random subset of the valid configura-
tions, with each valid configuration being equally likely to be selected in the sample [2,
33]. However, implementing pseudo-randomness, which is the only way to implement
the sampling strategy on classical computers, results in having a small bias [2]. Many
optimisations have been proposed, but these often struggle to scale, for example when they
are based on BDD representations whose synthesis depends on finding a suitable variable
ordering, which is not always feasible [33].

t-wise Sampling. In order to ensure structural coverage of feature interactions, t-wise
sampling seeks to cover all valid t-wise feature interactions [15, 35]. For t = 1, the goal is
to guarantee that every feature is both selected and deselected at least once (feature-wise
coverage). For t = 2, all valid pairs of features are covered at least once (pairwise cover-
age) [46, 50]. Due to computational limitations, practical applications usually restrict t to
small values, typically t ≤ 3 [15, 46, 50]. Despite its widespread use, t-wise sampling has
significant limitations. Generation algorithms do not scale well for larger values of t or
highly constrained models [50]. Furthermore, due to its design, t-wise sampling ignores
interactions of order greater than t, which can lead to the exclusion of higher-order effects
relevant to system behaviour, including performance anomalies [37].

Solver-Based Sampling. Solver-based sampling uses standard dependency solvers (e.g.,
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SAT solvers such as SAT4J [14]) to directly generate valid configurations from a feature
model [37]. Typically, the solver is called repeatedly and the first k solutions are collected [18,
37]. Due to solver heuristics, subsequent solutions are often structurally similar, leading to
biased samples [31]. Randomised variants address this issue by altering the solver’s state
between runs, for example by mixing variables or dependencies [31].

Distance-Based Sampling. Unlike sampling strategies that explicitly maximise structural
interaction coverage (e.g., t-wise sampling), distance-based sampling gives each valid con-
figuration a distance value by using a distance metric. This distance value generally reflects
the number of configuration options selected and serves as an indicator of the degree of
interaction between the features. In addition, distance-based sampling uses a discrete proba-
bility distribution over the possible distance values in order to control which configurations
to select. Configurations are then sampled such that the resulting sample set is spread
across the configuration space according to the chosen distribution, rather than focusing on
specific interaction orders [37].

2.3 Coverage Metrics

In this section, we introduce the metrics that we use for our t-wise coverage computation.
We base our definitions of coverage metrics on the paper Coverage Metrics for T-Wise Feature
Interactions by Böhm et al. [15]. We include only a subset of the filters, as certain filters
require prior knowledge of the feature model. Furthermore, our implementation of the
feature model structure diverges from the approach used by Böhm et al.; specifically, they
explicitly mark abstract features in their model file, whereas we do not. For a feature model
M, an interaction filter ∇, a strength t ∈ N, and a sample S ⊆ CM, the t-wise coverage is
defined as:

Cov(∇, t, M, S) =


1, if ∇(♢(M, t)) = ∅,

|{i ∈ ∇(♢(M, t)) | ∃c ∈ S : c ∈ JiKM}|
|∇(♢(M, t))| , otherwise.

∇ : I → I defines our filter, which disregards certain interactions in the computation. For
readability, we omit the feature model M in our definition. In our context, however, the M
feature model is fixed. With these definitions, we present the filters which exclude or merge
subsets of features. These filters form the basis for our coverage metrics:

No filter (Default): this filter is the identity function and describes the default coverage
metric Covde f ault:

∇de f ault(I) = I

Excluding Mandatory Features (MF): this filter omits all mandatory features from the model.
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Table 2.1: The eight metrics used in the evaluation and their corresponding filters

Metric MF DF ALS PCI Formula

MDAP ✓ ✓ ✓ ✓ ∇MF−DF−ALS−PCI = ∇MF ◦ ∇DF ◦ ∇ALS ◦ ∇PCI

MDA ✓ ✓ ✓ ∇MF−DF−ALS = ∇MF ◦ ∇DF ◦ ∇ALS

MDP ✓ ✓ ✓ ∇MF−DF−PCI = ∇MF ◦ ∇DF ◦ ∇PCI

MD ✓ ✓ ∇MF−DF = ∇MF ◦ ∇DF

AP ✓ ✓ ∇ALS−PCI = ∇ALS ◦ ∇PCI

PCI ✓ ∇PCI

ALS ✓ ∇ALS

Default ∇de f ault

For instance, in Figure 2.1, both Web Application and Encryption would be excluded. We use
the following definition for the corresponding filter ∇MF:

∇MF(I) = {i ∈ I | dom(i) ∩ lmandatory(M) = ∅}

where lmandatory(M) is the set of all mandatory features of a feature model M.

Excluding Dead Features (DF): this filter removes all dead features. In the case of Figure 2.1,
Standalone would be filtered out. We use the following definition for the corresponding filter
∇DF:

∇DF(I) = {i ∈ I | dom(i) ∩ ldead(M) = ∅}

where ldead(M) is the set of all dead features of a feature model M.

Merging Atomic Literal Sets (ALS): this filter merges atomic literal sets, which are a general-
isation of atomic feature sets. Features within the atomic feature set always occur together
in every valid configuration [15]. An atomic set of literals contains all literals (positive and
negative) that must be present in a valid configuration if even one of the literals from that
set is present in the configuration. We use the following definition for the corresponding
filter ∇ALS:

∇ALS(I) = {i ∈ I : ∀a ∈ latomicLiteralSets(M) : |a| > 1 ⇒ dom(i) ∩ (a \{Π1(a)}) = ∅}

where latomicLiteralSets(M) is the set of all atomic literal sets of the feature model M and Π1(a)
is a selection function that deterministically selects an element from a set a. The two sets of
mandatory and dead features form separate atomic feature sets.

Excluding Parent-Child Interactions (PCI): this filter removes all parent-child interactions.
Consequently, interactions such as the one between Deployment and Web Application in
Figure 2.1 are excluded. We use the following definition for the corresponding filter ∇PCI :

∇PCI(I) = {i ∈ I | ∀pci ∈ lparentChild(M) : pci ⊈ i}

where lparentChild(M) is the set of all parent-child literal sets of the feature model M.



8 Background

Throughout the thesis, we use metrics that are a combination of the aforementioned filters
and can be seen in Table 2.1.



3
Methodology

This chapter describes the methodology used to evaluate the coverage properties of sampling
strategies for configurable software systems. Our evaluation focuses on understanding how
different coverage metrics assess sampling strategies.

3.1 Research Questions

Sampling strategies are widely used to minimise the cost of analysing configurable systems
by selecting a limited subset of valid configurations for measurement [7, 37, 46, 47]. Each
sampling strategy exhibits specific strengths and weaknesses with respect to interaction
coverage, configuration diversity, and computational effort. Consequently, selecting an ap-
propriate sampling strategy poses a central challenge in the analysis of highly configurable
systems.
Previous work has investigated sampling strategies using different evaluation criteria, such
as prediction accuracy, robustness, and configuration representativeness [37, 52]. However,
there is no consistency on how to precisely quantify partial t-wise interaction coverage with
respect to an underlying feature model. This lack of agreement motivated Böhm et al. [15]
to propose alternative coverage metrics for feature interactions, which are significantly
different in their definitions and underlying assumptions.
We design our evaluation to systematically analyse how different coverage metrics in-
fluence the reported interaction coverage results of sampling strategies. Specifically, we
apply three commonly used sampling strategies, namely solver-based, distance-based, and
random sampling (see Section 2.2), to multiple real-world configurable software systems of
varying configuration options and valid configurations (see Table 3.1). For each sampling
strategy and system, we generate samples of valid configurations and compute their inter-
action coverage using some of the coverage metrics proposed by Böhm et al. (see Section 2.3).

Correlation between coverage metrics. By comparing the resulting coverage values, we
analyse the relationship between the coverage metrics in terms of coverage computed for
the same sampling strategy. In particular, we investigate whether different metrics yield
consistent or divergent coverage results and whether these correlations remain stable across
different sampling strategies. Strong correlations between metrics may indicate redundancy
in the reported results, suggesting that simpler or more efficient metrics could serve as
substitutes for more complex ones without a loss of explanatory power. By contrast, weak
correlations or conflicting results suggest that the metrics capture fundamentally different
aspects of interaction coverage.

9
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RQ1 (Coverage Metric Relationships): Are there correlations between coverage metrics
that are consistent across different sampling strategies?

Correlation between sampling strategies and coverage. Another crucial aspect is to under-
stand whether there are correlations between sampling strategies and the coverage results
determined by various metrics. If such a correlation exists, we can interpret the coverage
analysis more efficiently and with greater confidence. To uncover these relationships, we
aim to investigate whether certain sampling strategies consistently achieve high coverage
values across different metrics, or whether these values depend heavily on the chosen metric.
By analysing these patterns, we aim to identify recurring relationships between sampling
strategies and the behaviour of the metrics that influence the reported evaluation results.
This leads to our second research question.

RQ2 (Metric–Strategy Result Relationships): Do certain sampling strategies achieve
consistently high coverage values across different coverage metrics?

Impact of the coverage metric on the constraint-coverage relationship. Finally, another
crucial aspect is how strongly the configuration space is restricted and whether this affects
the coverage of the interactions. Sampling strategies are known to behave differently in
highly constrained versus weakly constrained configuration spaces [33, 46], which may also
influence the coverage results reported by different metrics. Using the data obtained from
the previous analyses, we examine the correlation of a system’s constraint strength and its
achieved coverage, and whether the choice of coverage metric alters this relationship. This
analysis forms the basis of our third and last research question.

RQ3 (Constraint Strength and Coverage): Does the choice of coverage metric affect the
correlation of a system’s constraint strength and its achieved coverage?

3.2 Operationalisation

To address our research questions, we design an experimental setup that systematically
applies multiple coverage metrics to samples generated by different sampling strategies.
Our goal is not to influence how sampling strategies select configurations, but to analyse
how different coverage metrics interpret the resulting samples. The sampling strategies we
use are random, solver-based, and distance-based sampling. For each sampling strategy, we
compute interaction coverage using all coverage metrics described in Table 2.1, following
the formal definitions introduced by Böhm et al. [15]. In addition, t-wise sampling is used
as a reference. Because the algorithm for t-wise sampling is the only deterministic one,
it is difficult to contrast the results with randomised algorithms. Coverage is computed
independently for each metric on the same sample set, ensuring that differences in coverage
values are solely due to the metrics themselves.

Sampling budget and comparability. To ensure a fair comparison between the sampling
strategies, we determine the number of configurations per strategy. We use t-wise sampling
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with t ∈ {1, 2, 3} as a reference for determining the sample sizes. For each system and each
value of t, we count the number of configurations |St| needed to achieve t-wise coverage.
We then let each of the other sampling strategies (random, solver-based, and distance-based
sampling) generate its own set of exactly |St| valid configurations. Afterwards, we compute
the t-wise coverage to evaluate the quality of the generated samples. For both cases, we
consider t ∈ {1, 2, 3}. To distinguish these two uses of t, we use ts to denote the sample size,
which fixes the absolute sample size |St|, and tc to denote the coverage strength at which
we evaluate the samples.

Robustness. As the implementation of random, distance-based, and solver-based sam-
pling involves randomness, the coverage results can differ from one run to the next. To
ensure the reliability of our results, we run the sampling process 100 times for each strategy,
system, and absolute sample size |St|. Once all 100 samples have been generated for each
strategy, we compute the interaction coverage metrics. To obtain a single representative
value for each strategy-metric pair, we use the arithmetic mean for RQ1 and RQ3 to compute
the mean of the coverage values across all 100 repetitions.

x =
∑n

i=1 xi

n

Subject systems and execution. We use this procedure on the real-world configurable
software systems listed in Table 3.1. The selected systems cover a wide range of constraint
strengths, reflecting the extent to which dependencies and exclusions restrict the possible
combinations of features. By including systems with weak, moderate, and strong constraints,
we make sure we have a diverse and representative selection of evaluation scenarios. For
each system, each sampling strategy, and each value of t, we compute the interaction
coverage using all eight metrics. This results in a comprehensive dataset of coverage values,
which allows us to compare how the metrics evaluate the same samples across different
strategies and systems.
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Table 3.1: Overview of the systems under consideration, with the number of valid configurations
(|CM|) and the number of configuration options (|F|)

System |CM| |F|

7z 68 640 44

AJStats 65 536 20

BerkeleyDBC 2 560 18

clasp 3 368 33

Curl 768 13

Dune 2 304 32

Hipacc 13 485 54

HSMGP 3 456 33

HSQLDB 864 18

HyTeG 32 8

JavaGC 193 536 39

LLVM 1 024 11

lrzip 432 19

PKJab 72 11

Polly 60 000 40

SQLite 3 932 160 39

TriMesh 239 360 68

VP9 216 000 42

WGet 5 120 16

x264 1 152 16

z3 2 048 15

Analysis of metric relationships (RQ1). For our first analysis, we will focus on the
relationships between coverage metrics. For each sampling strategy, we analyse how cov-
erage values produced by different metrics relate to each other. In particular, we analyse
correlations between metrics to determine whether certain metrics consistently produce
similar results. Strong correlations indicate potential redundancy and suggest that simpler
or more efficient metrics could replace more complex ones without any significant loss
of information. Furthermore, we analyse whether these relationships remain consistent
across different sampling strategies and sample sizes ts, addressing RQ1. To achieve this,
we rely on Spearman’s rank correlation coefficient [61]. We use Spearman’s rank correlation
coefficient given the non-linear nature of software coverage data, which often exhibits
ceiling effects and diminishing returns [20, 42]. As the absolute sample size increases, the
marginal increase in coverage decreases and eventually stagnates near the theoretical limit
of 100%. This results in a monotonic but non-linear distribution [20]. Unlike linear measures
of correlation, Spearman’s ρ assesses the strength of monotonic relationships using data
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ranks, making it better suited to variables that do not follow a normal distribution or a
constant rate of change [69]. This enables us to identify redundant metrics where a high
correlation suggests that a more efficient metric could replace a complex one, and ensures
that our results remain robust across different sampling strategies.

Metric interpretation across sampling strategies (RQ2). To this end, we examine
whether coverage metrics consistently evaluate the three sampling strategies across different
systems and sample sizes ts. Specifically, we examine whether certain sampling strategies
consistently achieve high or low coverage values across all metrics, or whether coverage
assessments vary significantly depending on the chosen metric. By analysing these patterns,
we aim to identify recurring relationships between sampling strategies and the behaviour
of the metrics that influence the reported coverage results. Unlike RQ1, where we analyse
system-level relationships based on aggregated coverage values, here we use all coverage val-
ues obtained from independent sampling repetitions. This can help us capture the variability
inherent in stochastic sampling strategies and to compare their coverage behaviour at the
distribution level. To address RQ2, we compare the coverage distributions of the different
sampling strategies using the Kruskal–Wallis test [43, 51]. This non-parametric approach is
selected because interaction coverage data often violates the assumption of normality due
to ceiling effects and system constraints [20]. Following a significant Kruskal–Wallis result,
we apply Dunn’s test [24] for post-hoc pairwise comparisons to identify which strategies in
particular differ. One potential error that can occur is a Type I error, which arises when a
null hypothesis that is in fact true in the population is incorrectly rejected [8, 51]. To reduce
the family-wise error rate and minimise the risk of Type I errors in multiple comparisons,
we apply the Holm–Bonferroni correction [34]. This statistical approach allows us to account
for the fluctuations associated with stochastic samples and to determine whether certain
strategies consistently outperform others across different systems.

Impact of the coverage metric on the constraint-coverage relationship (RQ3). Finally,
we investigate whether the choice of coverage metric influences the extent to which a
system’s configuration space is constrained and the coverage that is achieved. Rather than
counting the constraints directly, we characterise the strength of a system’s constraints in
terms of the reduction in its configuration space. For each system i, we compute the ratio

Ri =
|CMi |
2|Fi |−1

where |CMi | denotes the number of valid configurations for the i-th model and |Fi| denotes
the number of features for the i-th model. This ratio indicates the extent to which constraints
limit the theoretically possible configuration space. Values close to one correspond to weakly
constrained systems, while values close to zero correspond to highly constrained systems.
Because Ri ranges over several orders of magnitude across our subject systems, we analyse
it on a logarithmic scale (log10(Ri)).
To examine this, we treat log10(Ri) as a continuous measure of constraint strength rather
than discretising it into categories, thereby avoiding the loss of information and the arbitrary
boundary placement that binning would introduce. For each coverage metric and each
combination of coverage strength tc and sample size ts, we compute one coverage value
per system by averaging over the sampling repetitions and strategies, and then quantify
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the relationship between this system-level coverage and log10(Ri) using Spearman’s rank
correlation coefficient ρ. We use Spearman’s ρ for the same reasons as in RQ1 (see para-
graph 3.2): it captures monotonic relationships without assuming linearity or normality,
both of which are violated by interaction coverage due to ceiling effects. A correlation is
considered statistically significant at p < 0.05. This allows us to assess, separately for each
metric, whether more strongly constrained systems systematically achieve higher or lower
coverage, and whether this sensitivity to constraint strength differs across metrics.
Overall, this operationalisation allows for a controlled and systematic comparison of cov-
erage metrics, enabling us to evaluate their relationships, redundancies, and applicability
across different sampling strategies and system characteristics.



4
Evaluation

4.1 Results

This section presents the results of our evaluation of coverage metrics and sampling strate-
gies. We first examine the relationships between the coverage metrics and analyse how
consistently they agree across different experimental settings. We then investigate how
the choice of metric influences the assessment of sampling strategies and whether certain
strategies achieve consistently higher coverage than others. Finally, we analyse whether
constraint strength is associated with systematic differences in achieved coverage.

Missing Data. To determine the sample size, we generate samples using t-wise sampling.
For two systems, TriMesh and SQLite, this sampling exceeded our timeout limit of 24
hours at the highest sample size ts = 3, as the number of t-wise interactions to be covered
grows too large for these systems at that strength. Consequently, these two systems are
excluded from all evaluation conditions with ts = 3, which therefore comprise 19 rather
than 21 systems. All conditions with ts = 1 and ts = 2 include the full set of 21 systems.
We point out explicitly wherever this reduced set affects the interpretation of the results.
This is particularly relevant for RQ3, as both excluded systems are among the most heavily
constrained.

4.1.1 RQ1: Coverage Metric Relationships

To address our first research question, we analyse the relationships between the coverage
metrics introduced in Section 2.3. We therefore compare all metric pairs using Spearman’s
rank correlation coefficient. The resulting coefficient ρ indicates how strongly two metrics
are monotonically related.
Figure 4.1 shows the mean Spearman correlation of each metric pair, averaged across the
three sampling strategies, for each combination of coverage strength tc and sample size ts.
Overall, all metric pairs show a positive correlation, and across all 756 evaluated settings
(28 metric pairs over 27 combinations of strategy, ts, and tc) every correlation is statistically
significant (p < 0.05). Although this involves a large number of comparisons, we do not
apply a correction for multiple tests here: the metrics are derived from overlapping inter-
action filters and are therefore inherently correlated with one another, meaning that the
significance of each individual correlation is not a random finding that could be inflated
by the number of tests. The highest average correlation can be observed between MDAP
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Figure 4.1: Mean Spearman correlation between all pairs of coverage metrics, averaged across the
three sampling strategies, for each combination of coverage strength tc and sample size
ts.

and MDA at ρ = 0.722, whereas the correlations between Default and the remaining
metrics are only slightly lower, ranging from ρ = 0.678 to ρ = 0.698. Among these, the
strongest relationship can be observed between Default and PCI. Overall, the correlations
lie roughly between ρ = 0.678 and ρ = 0.722, and no pair reaches strong agreement on
average. This suggests that, while the metrics are clearly interrelated, this relationship is not
strong enough to regard them as interchangeable.
To analyse the dependence of these relationships on the experimental conditions in more

detail, we examine how much the agreement varies across the individual conditions. Al-
though the average correlations in Figure 4.1 are consistently high, this average value hides
how much the degree of agreement varies across the individual conditions. To make this
variation not only visually apparent but also measurable, we classify each of the 756 corre-
lations based on the absolute value of their Spearman’s coefficient according to standard
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(a) Random sampling, ts = 3.
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(b) Distance-based sampling, ts = 3.
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(c) Solver-based sampling, ts = 3.

Figure 4.2: Metric agreement heatmaps for the three sampling strategies for sample size ts = 3.

thresholds: strong (|ρ| ≥ 0.80), moderate (0.60 ≤ |ρ| < 0.80) and weak (|ρ| < 0.60). In total,
241 are strong, 315 are moderate and 200 are weak or very weak, which shows that the
correlation is generally moderate and that the strong correlations are concentrated in the
simplest conditions.
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The degree of metric agreement also depends on the sampling strategy from which the
samples are drawn. Figure 4.2 shows one heatmap per sampling strategy, with the sample
size fixed at ts = 3 and the three coverage strengths tc = 1, 2, 3 shown side by side. The
corresponding heatmaps for ts = 1 and ts = 2 are provided in Section A.1.2. The three
strategies differ significantly in terms of how stable this agreement is. Random sampling is
the most stable: its metric agreement remains comparatively consistent across all conditions
(mean ρ = 0.746) and weakens only gradually as the sample size ts and coverage tc increase.
Distance-based sampling is the most sensitive: although its correlation is highest at the
simplest setting, it declines most rapidly, so that its mean correlation coefficient at the
largest sample size ts falls to ρ = 0.551 and thus falls below the threshold for moderate, even
though its overall mean (ρ = 0.685) remains slightly above that of solver-based sampling.
Solver-based sampling lies between these two extremes in terms of the rate at which its
agreement declines, but exhibits the lowest overall correlation of the three strategies (mean
ρ = 0.667), meaning that, on average, its metrics agree the least, even though its decline
is not the steepest. The detailed values for all three strategies per condition are listed in
Section A.1.2.
A recurring pattern involves the relationship between Default and PCI, which remains
relatively strong even when the correlation between other pairs of metrics weakens. This
follows from the definition of PCI: since it only filters interactions of size at least two,
Default and PCI are identical for tc = 1 and diverge only at higher coverage strengths.
Consequently, under the simpler conditions, the two metrics follow each other more closely
than most other pairs, and their agreement gradually decreases as tc increases.
Overall, the heatmaps show that the coverage metrics correlate positively with one another
across all sampling strategies and all sample size conditions. However, the strength of this
correlation is not constant. Random sampling appears to be the most consistent, distance-
based sampling shows the greatest variation in sample sizes and coverage strengths, and
solver-based sampling lies between these two extremes. As already indicated by Figure 4.1
the weakest average correlations occur between the Default metric and the remaining
coverage metrics. To examine these weaker relationships in more detail, Figure 4.3 compares
the signed differences between Default and each of the remaining metrics across the
sampling strategies, sample sizes, and coverage strengths.
Across most of these box plots, the signed differences remain closer to zero when coverage

is evaluated at tc = 1. As the evaluation strength increases to tc = 2 and tc = 3, the differ-
ences usually become more spread out, and unusually large deviations occur more often.
In addition, the median differences often shift in similar directions across neighbouring
conditions, which suggests that these deviations are systematic rather than random.
A particularly notable exception is PCI in Figure 4.3. For tc = 1, the signed differences are
exactly zero. This can be explained by the definition of PCI. Since PCI filters out interac-
tions that contain both a parent and its child, it only affects interactions of size at least 2.
Consequently, Default and PCI produce identical values for tc = 1, while visible and often
negative differences emerge for tc = 2 and tc = 3.
This behaviour differs from the remaining metrics, such as ALS in Figure 4.3. Although
Default and ALS often produce similar coverage values, these values are not exactly equal:
for the same sample, the two metrics still assign slightly different coverage numbers. Here
as well, the spread of the differences increases for larger sample sizes and larger coverage
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Figure 4.3: Signed coverage differences between Default and ALS, PCI, and MDAP for ts = 3.

strengths. In addition, the differences produced by random sampling tend to remain closer
to zero, whereas distance-based and solver-based sampling tend to show stronger deviations
for larger sample sizes and higher coverage strengths.
The effect becomes even more visible for metrics that combine several filters. For example,
MDAP in Figure 4.3 shows that the signed coverage differences between Default and
MDAP becomes larger and that the positive outliers become considerably more pronounced.
Thus, while the correlation analysis shows that the metrics tend to move together, the
signed-difference box plots reveal that they can still differ systematically in magnitude and
direction.
Overall, the results for RQ1 show that the coverage metrics are consistently positively
related, but their agreement is only moderate, reaching strong agreement only in the sim-
plest conditions, and depends on both the sampling strategy and the two experimental
dimensions, namely the sample size and the evaluation strength. We further demonstrate
that these metrics are not numerically interchangeable, especially for larger sample sizes
and higher coverage strengths.

4.1.2 RQ2: Metric–Strategy Result Relationships

To answer our second research question, we analyse how the ranking of random, distance-
based, and solver-based sampling changes across the coverage metrics for different values
of ts and tc.
Across all metrics, a common overall pattern can be observed: random sampling usually
achieves the highest median coverage values, distance-based sampling usually ranks second,
and solver-based sampling tends to perform worst. At the same time, the absolute coverage
values depend much more strongly on ts and tc than on the chosen metric.
This general order holds true for all three sample sizes ts. The median coverage values
(Figure 4.4) show that random sampling generally has the highest median coverage values,
distance-based sampling is below this, and solver-based sampling usually has the lowest
values. Increasing the sample size ts raises the overall coverage level, but leaves this order
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Figure 4.4: Coverage distributions of the Default metric across sampling strategies, per sample size
ts.

unchanged. What does change with the coverage level is the degree to which the strategies
stand out from one another: at tc = 1, the three strategies are closely clustered, while at
tc = 3 the gaps widen and solver-based sampling consistently achieves the lowest median
coverage values, while random sampling continues to perform best. The ranking also re-
mains stable across different metrics: although individual ranking positions occasionally
change, random sampling occupies many of the top positions, solver-based sampling is
concentrated in the lower part of the ranking, and distance-based sampling lies in between.
The differences between the metrics are therefore minor and of a systematic rather than
arbitrary nature.
Beyond the median ordering, the same box plots also reveal how the full coverage distribu-
tions behave. For lower values of tc, the box plots of the three strategies often overlap more
strongly, which indicates that their coverage distributions are closer to one another. For
higher values of tc, the differences between the strategies become more visible, especially
because solver-based sampling shows a stronger decrease in median coverage values than
random and distance-based sampling as tc increases. Random sampling generally shows
the highest median values for coverage with comparatively low variation, which means that
its coverage values vary only slightly between repetitions, while distance-based sampling is
often closer to random sampling than to solver-based sampling. The Kruskal–Wallis test
confirms these observations. Across all 72 combinations of metric, sample size, and coverage
strength, the differences between the three strategies are statistically significant (p < 0.05
in every case), with effect sizes ranging from negligible (ϵ2 ≈ 0.01) to large (ϵ2 ≈ 0.438,
mean ≈ 0.19). Dunn’s post-hoc test with Holm correction supports the expected ordering:
random sampling attains the highest median coverage in all 72 settings, and the full order-
ing random sampling > distance-based sampling > solver-based sampling is statistically
significant (all pairwise Dunn comparisons with p < 0.05) in 56 of them. This number is
identical for every one of the eight metrics (7 of 9 settings each), and the two exceptions per
metric always occur in the same sample size ts = 3, where the strategies converge and where
two systems are additionally excluded for performance reasons (see Section 4.3.1): at tc = 1
the medians of distance-based and solver-based sampling become tied or invert, so although
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Figure 4.5: Spearman correlation ρ between system-level coverage and Ri for each coverage metric
and each combination of coverage strength tc and sample size ts. All correlations are
negative.

random sampling remains significantly highest, the strict three-way ordering no longer
holds, while at tc = 3 distance-based and solver-based sampling are no longer significantly
separated from each other. The choice of metric therefore leaves the comparative ranking
essentially unchanged.
Overall, the results for RQ2 show that changing the coverage metric usually does not change
the overall ranking of the sampling strategies. Across almost all sample sizes and coverage
strengths, random sampling achieves the highest coverage values, distance-based sampling
usually ranks second, and solver-based sampling tends to perform worst. At the same time,
the results also show that the sample size and coverage strength have a stronger influence
on the absolute coverage values than the specific coverage metric.

4.1.3 RQ3: Constraint Strength and Coverage

To address our third and final research question, we analyse whether the coverage values of
a system are dependent on the constraint strength of the system. We use Ri to measure the
constraint strength of a system. To measure the relationship between system-level coverage
and constraint strength, we use Spearman’s rank correlation coefficient ρ for each metric
separately and each combination of coverage strength tc and sample size ts. Smaller values
of Ri indicate that the system is more heavily constrained. Thus, a negative ρ means that
more constrained systems achieve higher coverage.
Figure 4.5 shows the resulting correlation for every metric, sample size ts, and coverage

strength tc. Across all 72 evaluated settings (8 metrics over 9 combinations of tc and ts), the
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Figure 4.6: System-level Default coverage against constraint strength Ri at tc = 3, ts = 1. Smaller Ri
indicates a more heavily constrained system. The dashed line shows the linear trend; the
strength of the association is given by Spearman’s ρ = −0.77.

heatmap shows that every correlation is negative. As mentioned before, negative correlations
indicate that more heavily constrained systems consistently achieve higher coverage. The
relationship is moderate overall (mean ρ = −0.509), ranging from ρ = −0.196 to ρ = −0.777,
and is statistically significant (p < 0.05) in 42 of the 72 settings. The most heavily constrained
systems, TriMesh (log10(Ri) = −14.8) and Hipacc (−11.8), lie at the high-coverage end,
whereas LLVM (0.0), whose configuration space is essentially unrestricted, lies among the
lowest.
In order to analyse the relationship between system-level coverage and constraint strength

across the experimental conditions, we compare the correlations separately for each sample
size. It becomes obvious that the strength of the correlation is heavily dependent on ts.
When the sample size is fixed at ts = 1, the correlation becomes strong and uniformly
significant across all metrics and coverage strengths (mean ρ = −0.712, all 24 correlations
significant). For ts = 2, the agreement weakens and becomes mixed (mean ρ = −0.427, 13 of
24 significant), and for ts = 3 it weakens further (mean ρ = −0.387, only 5 of 24 significant).
As mentioned before, the systems TriMesh and SQLite exceeded the sampling timeout
at ts = 3, which is why they are not included in these settings (n = 19). As both lie at the
constrained end of the axis, their absence partly accounts for the weaker correlation under
ts = 3.
Within each ts, the correlation increases as tc increases. For ts = 1, the mean correlation
increases from ρ = −0.631 at tc = 1 to ρ = −0.738 at tc = 2 and ρ = −0.767 at tc = 3. The
two dimensions thus strengthen each other: the relationship between constraint strength
and coverage is strongest where the sample size is smallest and the coverage strength is
highest.
However, comparing the results from all eight metrics with each other, it becomes clear that
the choice of metrics has little effect on this relationship. Across all nine settings, the eight
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metrics show correlations that fall within a close range, and their mean correlations cluster
between ρ = −0.484 (ALS) and ρ = −0.553 (PCI). The agreement between metrics is closest
precisely where the relationship is strongest: at tc = 3, ts = 1, the eight metrics span only
0.017 (ρ between −0.760 and −0.777), and the three ts = 1 settings together never exceed a
spread of 0.042. This strongest setting (tc = 3, ts = 1) is shown in Figure 4.6. The metrics
diverge only in the weaker settings: the largest spreads (0.098, 0.125, and 0.200) all occur
at ts = 3, where the correlations are themselves small and therefore more sensitive to the
placement of individual systems.
Overall, the results for RQ3 show that more heavily constrained systems consistently achieve
higher coverage, that this relationship strengthens as the coverage strength increases and as
the sample size decreases. However, the relationship is largely independent of the choice
of coverage metric. This is consistent with the moderate agreement between the metrics
observed in RQ1: although the metrics are not numerically interchangeable, they respond
to constraint strength in essentially the same way.

4.2 Discussion

In this section, we interpret the results of our analysis in the context of the research
questions. We discuss what the observed relationships between the coverage metrics mean
for their practical application, how the choice of the included metric affects the evaluation
of sampling strategies, and to what extent the strength of the constraints influences the
generalisability of our results.

4.2.1 RQ1: Coverage Metric Relationships

The results of RQ1 show that the different coverage metrics are clearly related, since all
metric pairs exhibit positive correlations. However, these correlations range from moderate
to strong and are not nearly perfect. This suggests that while the metrics capture overlapping
aspects of sample quality, they do not represent the same concept in an interchangeable way.
In other words, the results suggest that coverage is not a neutral or metric-independent
property of a sample. Instead, the reported coverage depends on how the metric is defined,
which interactions are included and excluded.
This effect increases with the complexity of the evaluation scenario: as sample size ts and
coverage tc increase, the metrics become less consistent, and their numerical differences
grow. The reason for this is likely systemic: in simple interaction spaces, most metrics
measure similar things, but as the space grows in size, the different assumptions behind
the individual filters become more significant, meaning that the reported coverage depends
more heavily on the chosen metric. This effect also depends on the sampling strategy: it is
smallest for random sampling and largest for distance-based sampling, suggesting that a
metric’s influence is shaped not only by the metric itself but also by the structural properties
of the samples generated by a given strategy. It is important to note that agreement in
correlation and agreement in absolute value are not the same: two metrics can rank systems
almost identically yet assign systematically different coverage values, so that agreement in
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trend does not imply that the strength of a sample’s evaluation also agrees.
The PCI metric is the clearest example that these differences are not arbitrary, but meaningful.
By definition, it coincides with Default when tc = 1, as in this case there are no higher-
order interactions that need to be filtered out, and it only diverges for larger interaction
sizes, at which point its filter begins to exclude interactions that Default continues to
take into account. Its behaviour corresponds exactly to this definition: identical to Default

when tc = 1 and systematically different beyond that. The differences between the metrics
therefore reflect the intended meaning of the corresponding filters. The same general
conclusion applies to the other metrics, that contain filters, as well: metrics that remain
relatively close to the Default, such as ALS, still lead to systematic differences, while
metrics that combine multiple filters differ more significantly. Thus, the more selectively a
metric defines the relevant interaction space, the more it can alter the reported coverage
values.

RQ1 (Coverage Metric Relationships): The coverage metrics show a consistent positive
correlation, demonstrating that they capture related aspects of sample quality. However,
they are not interchangeable, as both their agreement in ranking and their numerical
agreement vary depending on the evaluation conditions and sampling strategies. Thus,
the evaluation of sampling strategies is not metric-neutral: different coverage metrics can
lead to significantly different evaluations of the same sampler, especially under more
complex evaluation conditions.

4.2.2 RQ2: Metric–Strategy Result Relationships

The results of RQ2 suggest that the comparison of sampling strategies with regard to the
chosen coverage metric is largely robust. For almost all metrics, the same qualitative ranking
of strategies can be observed: random sampling achieves the highest median coverage
values in most cases, distance-based sampling generally ranks second, and solver-based
sampling typically achieves the lowest median coverage values. The statistical tests confirm
this consistency, as the expected order random sampling > distance-based sampling >

solver-based sampling occurred in 7 out of 9 settings for each of the eight metrics. With
the exceptions being identical in every case, the ranking patterns therefore remain almost
identical across the metrics and are not merely visually similar. A plausible explanation
for this order lies in how widely each strategy spreads its configurations across the valid
configuration space. As explained in Section 2.2, solver-based sampling tends to gener-
ate structurally similar configurations clustered together, while distance-based sampling
purposefully designs the sample to follow a distance distribution rather than to cover
interactions. Random sampling, on the other hand, is distributed across all valid configura-
tions without such bias, so that, for a sample of the same size, it tends to cover a greater
range of feature interactions. It is therefore not surprising that random sampling achieves
the highest coverage of interactions, even though it is the simplest of the three strategies.
It should be noted that none of the three strategies is designed to maximise interaction
coverage (see Section 4.3.2). The ranking therefore reflects the relative coverage behaviour of
general-purpose samplers rather than performance against a coverage-optimised baseline.
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At the same time, the absolute coverage values depend far more on the evaluation scenario
than on the metric: the strategies are almost identical at tc = 1 and only begin to diverge
significantly at tc = 3, where the weaker performance of solver-based sampling becomes
apparent. Demanding coverage requirements are therefore more useful for distinguishing
between strategies than simple ones. The metric, on the other hand, shifts the individual
rankings only slightly and rarely changes which strategy is evaluated as the best.
If we compare these findings with Section 4.2.1, an interesting correlation emerges. In RQ1,
random sampling showed the most consistent pattern of agreement across all coverage
metrics, which is consistent with the fact that it also proves to be the most stable strategy
in RQ2. Distance-based sampling, in contrast, was the most sensitive strategy with respect
to metric agreement in RQ1. In RQ2, however, distance-based sampling still performs
between random and solver-based sampling and overall remains closer to random sampling.
However, solver-based sampling occupies the middle position in terms of metric sensitivity,
between random and distance-based sampling, yet still performs worst overall in terms of
coverage. The sensitivity ordering from RQ1 and the performance ordering from RQ2 do
not coincide: the most metric-sensitive strategy, distance-based sampling, is only the middle
performer, while the less sensitive solver-based sampling performs worst. This shows that
metric sensitivity and absolute coverage performance are related but distinct aspects of
sampling-strategy behaviour.

RQ2 (Metric–Strategy Result Relationships): Random sampling most consistently
achieves the highest coverage values, while distance-based sampling usually ranks
second and solver-based sampling tends to perform worst. Although certain scenarios,
particularly a low coverage strength combined with a large sample size, can reduce
these differences, the overall ordering remains very similar across all eight coverage
metrics for the three sampling strategies studied here. The choice of metric therefore
rarely changes the ranking of the strategies, even though the metrics are not numerically
interchangeable: what determines how clearly the strategies can be distinguished is the
difficulty of the evaluation scenario, especially a high coverage strength.

4.2.3 RQ3: Constraint Strength and Coverage

The results of RQ3 show that the choice of coverage metric has little influence on the
relationship between the constraint strength and the achieved coverage. The relationship
between constraints and coverage itself is clear and consistently negative. What remains
essentially unchanged is the way in which this relationship is represented across the eight
metrics. The slight differences that remain between the metrics are due to rank sensitivity:
since the metrics assign slightly different absolute coverage values to the same sample
(Section 4.2.1), the ranking of the systems by coverage can vary slightly between the metrics.
Such rank changes occur only when systems achieve closely spaced coverage values: where
coverage is well separated, the ordering is robust regardless of metric, but where coverage
values lie close together, small metric-induced differences are enough to swap ranks. This
is why the largest differences between the metrics’ correlation values occur at the highest
sample size ts = 3, where the correlations are weakest and the coverage values most tightly
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bunched.
This behaviour follows from what the metrics measure: all eight are filters over the same set
of t-wise interactions, differing in which interactions they count, not in the configuration
space they evaluate. The relationship examined here is between coverage and the constraint
strength of a system, which is a property of that configuration space and is independent of
any metric. Consequently, while the metrics assign different absolute coverage values to the
same sample, as shown in RQ1, they all respond to changes in constraint strength in the
same direction and to a similar degree. The constraint-coverage relationship is therefore a
property of the systems rather than of the chosen metric.
This is consistent with the findings of RQ1 and RQ2. RQ1 shows that the metrics are not
numerically interchangeable, agreeing only moderately in their absolute values. RQ2 shows
that, despite this, the ranking of the sampling strategies is stable across metrics.
That the more strongly constrained systems achieve higher coverage values can be explained
by the size of space that is covered. The constraints exclude a large portion of the feature
combinations that are theoretically possible. As a result, the set of valid t-wise interactions
that the metric is filtering out is smaller. This means that a sample covers a large portion
of this reduced space, which has a higher coverage value. In contrast, weakly constrained
systems have a much larger valid interaction set, which means that a sample of similar size
covers a smaller portion of it. As such, the negative correlation between Ri and the coverage
values is a result of how much the constraints shrink the space to be covered, rather than
our selected sampling strategies or metrics. This also explains why the effect becomes much
more noticeable with the coverage strength tc: a higher value of tc increases the interaction
space, which makes the difference between strongly and weakly constrained systems much
more pronounced.
For the practical evaluation of the quality of a sample, this means that the coverage values
cannot be compared across systems without taking the constraint strength into account.
High coverage values from a strongly constrained system and lower values from a weakly
constrained system could be an indication of the size of their respective interaction space
rather than a difference in sample quality. Since this effect is basically the same for our eight
metrics, it cannot be avoided by simply choosing a different metric. As with the ranking of
the sampling strategies, the choice of metric changes the absolute coverage values but not
the underlying relationship. Taken together, the metrics differ in the absolute values they
produce, but not in the conclusions they lead to.

RQ3 (Constraint Strength and Coverage): More heavily constrained systems consistently
achieve higher coverage, and this relationship is essentially the same for all eight metrics.
The choice of metric does not change it. What does change it is the evaluation scenario,
the sample size ts and the coverage strength tc. The practical consequence is that coverage
values cannot be compared across systems without accounting for their constraint
strength: a higher value on a strongly constrained system need not indicate a better
sample, but may simply reflect its smaller interaction space. Choosing a different metric
does not remove this effect.
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4.3 Threats to Validity

In this section, we discuss potential threats to the validity of our evaluation and analysis.
We distinguish between threats to internal and external validity. Internal validity refers
to the accuracy and reliability of our experimental design and measurement procedures.
External validity refers to the generalisability of our results to other configurable systems
and sampling strategies.

4.3.1 Internal Validity

The implementations of random, distance-based, and solver-based sampling strategies
involve stochastic components, which can lead to variations in coverage results across
different runs. To reduce the influence of random variations, we performed 100 independent
repetitions for each strategy, system, and sample size. We then analysed the resulting
coverage distributions using non-parametric statistical methods, which ensured robust and
reliable conclusions.
To ensure comparability between the different sampling strategies, we determined sample
sizes based on t-wise sampling with t ∈ {1, 2, 3}. For each system and each value of t, we
measured the number of configurations |St| needed to achieve t-wise coverage. All other
sampling strategies generated exactly |St| valid configurations. While larger sample sizes
might reveal additional behavioural characteristics of certain strategies, fixing the absolute
sample size allows for a controlled and fair comparison between the approaches.
As part of our experiment, we used a greedy implementation of t-wise sampling to deter-
mine the sample size budgets. For the TriMesh and SQLite systems, the time limit was
exceeded when generating t-wise samples for ts = 3, which is why these two systems were
excluded from the ts = 3 conditions. Since both systems are relatively large, their absence
could, in principle, influence the results for this condition. However, the trends observed for
all three research questions are consistent across all available systems, sampling strategies,
and coverage levels, so we assume that they also apply to the two missing systems.
Our conclusions depend on the appropriate selection and application of statistical tests.
Although we used non-parametric methods to account for non-normal coverage distribu-
tions and applied corrections for multiple comparisons, alternative statistical choices could
influence the observed strength or significance of the correlations.
Finally, our evaluation is based on the correct implementation of Binary Decision Diagrams,
the accurate computation of interaction coverage, the correct application of filters, and the
correct generation of coverage metrics. Errors in the coding of feature model constraints, the
enumeration of valid configurations, the generation of interaction sets, or the application
of filters could distort the coverage values and consequently compromise the statistical
analyses and the conclusions derived from them. To minimise this risk, we validated our
implementation through integration and component tests, as well as by comparing selected
results with previously published findings.
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4.3.2 External Validity

In this thesis, we selected a subset of interaction filters identified by Böhm et al. [15]
and derive coverage metrics based on these filters. Consequently, not all possible filter
combinations are taken into account, which could limit the generalisability of our results
to alternative coverage definitions, since a filter that we have not included may respond
differently to the sampling strategies than the metrics we have considered. In particular,
certain filters require additional domain knowledge or specific annotations of the feature
model (e.g., explicitly marked abstract features) which are not available in our setting.
In our evaluation, we limited the selection of sampling strategies to random, distance-based,
and solver-based sampling. This could affect the generalisability of our findings to sampling
strategies not considered in this thesis. However, the sampling strategies we selected are the
most common and cover a broad spectrum of techniques.
A related limitation concerns the interpretation of our RQ2 robustness finding. The three
strategies compared here differ substantially in their interaction coverage, and across our
evaluation conditions this separation was large enough that a change of metric rarely
reordered them. For a different or larger set of strategies, particularly strategies whose
coverage profiles lie closer together, the metric choice could have a stronger influence on
the ranking. Our results therefore show that the ranking of these three common strategies
is stable across coverage metrics. Whether the same holds for strategies with more similar
coverage profiles remains open.
Finally, we conducted our evaluation on 21 real-world configurable software systems.
Although these systems vary in terms of size, number of features, and number of valid
configurations, they cannot fully represent the diversity of all configurable systems. The
selected systems could be biased towards specific domains, structural characteristics, or
constraint strength. To minimise this risk, we deliberately included systems that cover a
broad range of configuration space sizes and number of features.

4.4 Future Work

As discussed in Section 4.3, our study has some limitations, some of which suggest a
direction for future work.
We compared only general-purpose sampling strategies, none of which are designed
to maximise interaction coverage. An obvious extension would be to examine coverage-
optimising sampling strategies in their own right and to compare several such strategies
against one another using different coverage metrics. Since each coverage-optimised sampler
is built to maximise a particular notion of interaction coverage, and thus implicitly a
particular coverage metric, this would reveal whether the choice of metric influences which
coverage-optimising strategy performs best, similar to the analysis we have presented here
for general-purpose strategies.
Our distinction between strongly and weakly constrained systems is defined relative to the
spectrum of constraint conditions observed in our 21 systems, and is therefore dependent on
this specific sample. Although this range already extends from systems that are essentially
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unconstrained to those that are strongly constrained, an extension to include systems with
even greater constraints and a more diverse range of application areas would make it
possible to test the negative correlation between the degree of constraint and coverage
beyond the conditions discussed here, and to reduce the risk of bias in favour of the areas
and structural characteristics represented in our current dataset.
Our metrics cover some of the interaction filters proposed by Böhm et al. [15], as the filters
not included require annotations of the feature model, such as explicitly marked abstract
features, which our models do not provide. Constructing or inferring these annotations for
our 21 systems would make the remaining metrics computable and would show whether
the agreement between metrics, and their limited influence on the strategy ranking and the
constraint-coverage relationship, extends to filter definitions we could not evaluate here.





5
Related Work

The analysis of configurable systems is a diverse field of research motivated by the need to
manage combinatorial complexity. Basic research has focused on the verification and static
analysis of these systems to ensure correctness across all variants [10, 22, 56, 62]. In addition
to correctness, the detection of interactions between features is of crucial importance, as
different configurations often lead to unexpected deviations in behaviour or performance [3,
6, 59]. To address the scalability issues associated with these analyses, many researchers
rely on various sampling strategies to select a manageable subset of configurations [32, 46,
64]. Furthermore, more recent approaches have integrated machine learning to expand the
scope of sampling and enable predictive performance modelling [27].

5.1 Analysis and Verification of Configurable Systems

Taxonomies and Strategies. Given the increasing complexity of configurable systems,
effective analytical techniques are of crucial importance. Thüm et al. [62] formalised this
field by classifying strategies for product-line analysis into three main groups: product-based
(analysis of individual variants), feature-based (analysis of isolated features), and family-
based (simultaneous analysis of the entire variability model). In their examination of 123
approaches, they distinguish three basic strategies and observe that combined strategies
(e.g., feature-family-based) are used to analyse inherently non-compositional properties
such as feature interactions.

Static Analysis Approaches. Building on these strategies, Post et al. [55] proposed a meta-
programming approach that combines feature models, build rules, and pre-processor logic
into a single representation. This enables standard verification tools to verify properties
simultaneously across all valid configurations. Their evaluation on a system with over
4 600 features revealed two previously unknown bugs in the kernel’s configuration system,
surfaced through uncommon configurations that would have required substantially more
effort to find if each configuration had been checked individually. Similarly, Beek et al. [10]
introduced static analysis techniques for Featured Transition Systems, which were formalised
by Classen et al. [19]. Beek et al. provided effective algorithms for detecting unreachable
transitions, false optional transitions, or hidden deadlocks, proving both the correctness and
completeness of their approach.

Efficiency trade-offs. To determine the practical costs of such variability-aware analyses,
Rhein et al. [56] compared variability-aware analysis with sample-based approaches using
real-world systems such as OpenSSL. Their results suggested a trade-off: on average, the
variability-aware analysis of a file requires the same amount of time as analysing two individ-
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ual variants. Although it is therefore less efficient than checking a single configuration, it is
significantly more efficient than pairwise sampling and also offers the additional advantage
that warnings are reported for all valid system variants. These verification approaches view
the configuration space as something that must be analysed exhaustively for correctness,
rather than sampled. However, they provide the starting point for our approach: as soon
as an exhaustive analysis is no longer feasible and sampling becomes necessary, the focus
shifts to the question of how the quality of a sample can be measured and which coverage
metric should be used for this purpose, which is the central question of this thesis.

5.2 Efficient Performance Analysis

While the sections above focus on correctness, other approaches focus specifically on perfor-
mance. Obtaining accurate performance models typically requires extensive measurements,
which is often infeasible [28].

Data-Efficient Learning. To mitigate measurement costs, Guo et al. [29] introduced
DECART, a data-efficient learning framework. DECART combines machine learning with
statistical techniques to build and validate prediction models using only a small sample of
configurations, without requiring a separate validation sample.

White-Box Performance Analysis. Moving beyond black-box learning, Velez et al. [65]
proposed ConfigCrusher, a white-box approach. ConfigCrusher uses static data-flow analysis
to examine how configuration options affect control-flow statements, with only the sections
relevant to the measurement being instrumented. Although ConfigCrusher proved to be
more accurate than some black-box models, it struggled to scale due to the computational
overhead associated with static analysis. To address this issue, Velez et al. [66] introduced
Comprex, a method that combines local measurements, dynamic taint analysis, and config-
uration space compression. This enables the creation of accurate models for performance
prediction without having to rely on machine learning to extract information from incom-
plete samples. These performance approaches are based on a representative sample of
configurations, but are founded on a predefined notion of what a sample should cover. Our
work complements these approaches: rather than building predictive models, we investigate
how the choice of coverage metric influences which sampling strategy appears to produce
the sample with the best coverage.

5.3 Foundations of Feature Interactions

Definition and History. Feature interactions happen when the presence of other features al-
ters the influence of a particular feature on a non-functional attribute (e.g., performance) [59].
The concept, historically associated with telecommunications [16], has expanded to fields
such as internet applications, automotive systems, and computational biology [3]. Calder
and Miller [17] identified interactions between properties through the pairwise analysis
of properties and temporal properties represented in linear temporal logic, using model
checking in conjunction with symmetry reduction and bisimulation to manage the resulting
state-space explosion.
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Causal Reasoning. Recently, research has focused on identifying interactions through
causal reasoning. Dubslaff et al. [22] introduced the concept of feature causality, inspired
by Halpern and Pearl’s actual causality [30]. Feature causality, which operates at the
configuration level, uses counterfactual reasoning to determine which features and interactions
are actually responsible for a property. By linking feature causality with prime implicants,
they provided efficient algorithms for computing blame and responsibility. In a follow-up
paper, Dubslaff et al. [23] further refined this approach to include quantitative measures
of causal effects and reasoning under uncertainty, and demonstrated its effectiveness on
real-world systems.

Evolutionary Perspective. Finally, static analysis alone is not sufficient for modern
systems. Kolesnikov [39] conducted an empirical study of the nature and causes of feature
interactions, as well as their influence on the performance of real-world configurable systems.
The study showed that performance interactions are only externally observable through
measurement and cannot be fully identified from a system’s control flow alone. Sattler [57]
extends this perspective by explicitly incorporating development context into the analysis
of configurable systems. Sattler argues that configuration-specific performance regressions
and non-functional-property interactions are difficult to interpret in an evolving system
unless they are related to their development context. This motivates a shift towards a
development-oriented approach that contextualises analysis results within the evolution of
the system.

5.4 Feature Interaction Detection

On this foundation, the detection of functional interactions aims to identify instances where
such dependencies lead to unexpected behaviour, faults, or performance deviations that are
not visible when features are analysed in isolation.

Correctness-Oriented Detection. An approach focused on the automatic detection was
proposed by Apel et al. [6], who used feature-aware verification to detect feature interactions
in configurable systems. Instead of analysing each product variant individually, feature-
aware verification explicitly considers variability and can thus avoid some of the redundant
verification caused by product similarities. In related work, Apel et al. [5] investigated
whether feature-based specifications, which describe each feature in a modular way without
reference to others, can detect interactions that, by their very nature, cross feature boundaries.
In a study of 10 feature-oriented systems, the majority of interactions were detectable,
although workarounds were required for some specifications where clean modularisation
was not possible.

Performance-Oriented Detection. Feature interactions were also investigated from a per-
formance perspective. Siegmund et al. [59] proposed an automated approach for detecting
performance-relevant interactions between features. Their work is particularly relevant for
performance analysis of configurable systems because it treats interactions as effects that
influence non-functional properties, rather than only correctness. However, detecting such
interactions by measuring many configurations is expensive, which motivates more efficient
and lightweight approaches.
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Lightweight Dynamic Detection. To avoid having to perform a comprehensive analy-
sis of all configurations, researchers have proposed lightweight methods for identifying
interactions. In this context, lightweight means that the approach attempts to learn or
identify interactions without scanning the entire configuration space. Soares [60] introduced
VarXplorer, which uses variational trace to monitor interactions in the control and data
flow of highly configurable systems. The identified interactions are presented as feature-
interaction graphs, which help developers understand how features influence each other
during program execution.

Dynamic Interaction Inference. Nguyen et al. [49] introduced iGen, a dynamic approach
to deriving interactions. iGen executes selected configurations and observes which configu-
rations cover certain program elements and which do not. Based on this information, iGen
generates logical formulae that describe the interactions between the configuration options.
This process continues until no more interactions can be identified. However, iGen is limited
to certain types of formulae, which restricts its ability to model more complex interactions
in real-world systems. To address this limitation, Nguyen et al. [48] introduced GenTree.
Similar to iGen, GenTree learns interactions from observed program behaviour, but uses
decision trees to derive logical formulae that explain the effect of configuration options on
code coverage. This enables GenTree to represent more complex interaction structures while
still requiring only a small portion of the entire configuration space.

5.5 Sampling Configurable Systems

Since it is impossible to cover all valid configurations due to the combinatorial explosion [15,
70], researchers have developed various strategies for selecting a representative subset of
configurations. These strategies can be divided into two categories: those that focus on
statistical distribution and those that focus on structural coverage.

Distribution-Based Approaches. These strategies aim to sample configurations that are
uniformly or stochastically spread across the valid space. Plazar et al. [54] pointed out
the challenges that come with using SAT-based uniform samplers for large, complex feature
models. Recent work has investigated BDD-based uniform samplers as an alternative to SAT-
based approaches. However, it has become apparent that their practical scalability depends
on whether the BDD representation can be constructed efficiently [36]. As an alternative to
strict uniformity, Kaltenecker et al. [37] introduced distance-based sampling. Unlike strategies
that maximise the coverage of structural interactions, this approach uses a distance metric to
spread configurations diversely across the solution space. In an evaluation of ten real-world
systems, Kaltenecker et al. showed that distance-based sampling outperforms traditional
strategies in terms of predictive accuracy (mean error rate) and robustness (variance) for
samples of medium to large size.

Interaction-Coverage Approaches. A distinct class of strategies, often referred to as
coverage-oriented, aims to systematically cover certain structural combinations of features.
The best-known approach is t-wise sampling, which ensures that every combination of t
features occurs at least once [68].

Fault-Based Heuristics. In addition to the standard combinatorial coverage, researchers
have adapted their sample selection to specifically capture certain error patterns. Abal et
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al. [1] classified the conditions under which errors occur into classes such as some-enabled
(where certain features must be enabled) and some-enabled-one-disabled (where certain features
can be enabled and exactly one must be disabled). Based on these findings, Medeiros et
al. [46] compared ten modern sampling algorithms in terms of fault detection and sample
size. They evaluated strategies such as one-enabled, in which a solver selects configurations
in which a single feature is enabled at a time, and most-enabled-disabled, which targets
configurations in which the greatest number of features are enabled or disabled. Their results
showed how effective these heuristics are at detecting feature-specific errors compared to
broader sampling methods.

Search-Based and Multi-Criteria Sampling. Although the standard t-wise sampling
method is efficient for testing purposes, it has its limitations. Krieter et al. [41] found that
many approaches fail to take into account how feature combinations are mapped to the
actual solution space, and proposed a new criterion that incorporates presence conditions.
Furthermore, achieving high t-wise coverage (t ≥ 3) is computationally expensive. To
address this, Pett et al. [53] proposed MulTi-Wise Sampling, which assigns higher t-values to
known critical feature groups while reducing the burden for less important ones. Another
approach to addressing the limitations of t-wise sampling was introduced by Henard et
al. [32] and is based on a search-based method that can be used to generate product config-
urations for large SPLs. As such, it offers a scalable and flexible option to existing methods
and prioritisation algorithms for arbitrary sets of product configurations. Both approaches
use a similarity approach. To test their approach, they conducted an experiment, in which
Henard et al. compared their new approach with t-wise sampling. For the experiment,
Henard et al. generated 100 artificial feature models and used 14 real feature models ranging
from t = 2 to t = 6. The approach developed by Henard et al. made it possible to process the
most comprehensive feature models, as exemplified by the Linux kernel (≈ 7 000 features,
200 000 constraints, and 8.71 × 1021 valid 6-sets), achieving a coverage of up to 90.671%
with 1 000 configurations.

Incremental and Model-Based Strategies. Finally, recent work has moved towards
incremental generation to avoid the redundancy of regenerating test suites from scratch.
Uzuncaova et al. [63] used the AHEAD methodology [9] to map feature specifications to
transformations over test suites, enabling incremental generation of new tests by refining
tests generated for existing products. Extending this model-based perspective, Lochau et
al. [44] provided a mapping between feature models and reusable statechart test models,
allowing for the verification of control and data flow coverage criteria within a pairwise
framework. In further work, Lochau et al. [45] introduced a delta-oriented test framework in
which product variants are tested sequentially. By making targeted use of the commonalities
between successive products, this approach reduces redundancies while ensuring stable test
coverage across the entire sample set.

5.6 Coverage Metrics for Feature Interactions

While interaction detection techniques aim to identify interactions relevant to behaviour
or performance, sample-based studies often evaluate samples on the basis of structural
interaction coverage. However, there is no standard definition of such coverage. Böhm et
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al. [15] showed that different t-wise coverage metrics take into account different subsets of
feature interactions, for example by excluding mandatory features, dead features, atomic
sets, or parent-child interactions. As a result, the same sample can receive different coverage
values depending on the chosen metric.

5.7 Performance Modelling & Prediction

Machine learning serves as a complementary extension to sampling, using selected mea-
surement values to derive performance models for the entire system. Siegmund et al. [58]
pioneered the use of regression methods to predict performance based on small training
datasets. In a subsequent comparison, Grebhahn et al. [27] evaluated techniques such as
Random Forest, CART, Support Vector Regression, and Kernel Ridge Regression. They concluded
that both the learning method and the sampling strategy have a significant impact on pre-
dictive accuracy, although there is no single combination that delivers the best performance
across all systems.
In recent years, the field has shifted its focus to deep learning in order to better capture
complex, non-linear interactions between features, a trend that has been investigated in
detail by Gong et al. [26]. Their review focuses exclusively on deep learning for performance
modelling of configurable software. Based on 1 206 papers retrieved from six indexing
services, Gong et al. identified and analysed 99 primary studies. Their findings summarise
key statistical metrics and propose a taxonomy, while also discussing the advantages and
disadvantages, as well as suitable application scenarios of deep learning techniques across
the entire modelling pipeline, including configuration data preparation, model construc-
tion, evaluation, and application to tasks related to software configuration. While these
approaches use sampled measurements to make predictions about the performance of the
entire system, they treat the sampling strategy and its coverage as given. This thesis instead
focuses on the evaluation of the sampling stage itself and investigates whether the coverage
metric used to assess a strategy influences the conclusions drawn from it.



6
Conclusion

In this thesis, we conducted an empirical study on 21 real-world configurable software
systems to investigate whether the choice among the eight coverage metrics influences the
coverage values generated by random, distance-based, and solver-based sampling, and to
determine the correlation between a system’s constraint strength and its achieved coverage.
For each system, we used t-wise sampling at sample sizes ts = 1, 2, 3 to determine the sizes
of the sample sets obtained through our chosen sampling strategies, and we computed
coverage at coverage strengths tc = 1, 2, 3. We then applied Spearman’s rank correlation
coefficient and the Kruskal–Wallis test to measure the effect of the selected coverage metrics.
Our results show that, while the eight metrics examined throughout this thesis correlate
positively with one another, they are not interchangeable. This becomes clear in scenarios
with a larger sample size and higher coverage, where the differences between the metrics
increase. This effect is most evident in distance-based sampling, the strategy that is most
sensitive to the choice of metric. Since the metrics are not interchangeable, the evaluation
of a sampling strategy is not metric-neutral: the same sampler may appear more or less
favourable depending on the metric used for evaluation, particularly under more demanding
evaluation conditions.
The choice of metric has little effect on the ranking of the three sampling strategies. Random
sampling consistently achieves the highest coverage values, followed by distance-based
sampling and, finally, solver-based sampling. While the most demanding conditions can
shift this order in some respects, the ranking remains largely unchanged across the eight
coverage metrics.
A similar pattern appears in our third and final experiment. The metrics have almost no
influence on the correlation between the constraint strength and the coverage values. Instead,
the sample size and the coverage strength have a far greater influence on the correlation.
The practical result is that coverage values cannot be compared across systems without
taking the coverage strength into account: a higher value in a heavily constrained system
does not indicate a better sample, but simply reflects its smaller interaction space.
Overall, our results point to a common conclusion: in all three experiments, the nature
of a sample’s coverage is determined far more by the sample size and coverage strength
than by the coverage metric. Although the metric determines the absolute coverage value
assigned to a given sample, it does not alter either the ranking of the sampling strategies
or the relationship between coverage and the constraint strength. When evaluating our
chosen sampling strategies, therefore, the choice of coverage metric is less crucial than the
conditions under which coverage is measured.
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A
Appendix

In this chapter, we provide supplementary material for the evaluation. The appendix is
structured by research question. For RQ1, we include additional visualisations of metric
agreement and signed coverage differences between Default and the remaining metrics.
For RQ2, we provide further strategy-specific comparisons and distributional views of
the coverage values. For RQ3, we provide the metric-wise scatter plots relating constraint
strength to achieved coverage.

a.1 Supplementary Results for RQ1

This section complements the results for RQ1 by providing additional visualisations of
metric relationships. It first shows an overall summary of agreement between metric pairs,
then presents strategy-specific agreement heatmaps, and finally reports the signed pointwise
coverage differences between Default and the remaining metrics.
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a.1.1 Overall Metric Agreement
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Figure A.1: Average Spearman correlation between metric pairs, ranked across all systems, sampling
strategies, sample size, and coverage strengths.

a.1.2 Metric Agreement by Sampling Strategy

This subsection provides additional heatmaps of the Spearman correlation coefficients for
the three sampling strategies separately. The figures show how the agreement between
metrics changes across coverage strengths tc and sample size ts.
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Figure A.2: Metric agreement for solver-based sampling across sample size ts.
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Figure A.3: Metric agreement for random sampling across sample size ts.
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Figure A.4: Metric agreement for distance-based sampling across sample size ts.

a.1.3 Signed Coverage Differences Relative to Default

This subsection shows the distribution of signed pointwise coverage differences between
Default and the remaining metrics. Positive values indicate that Default yields higher
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coverage values, while negative values indicate that the respective comparison metric yields
higher coverage values.
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Figure A.5: Distribution of signed coverage differences between Default and PCI.
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Figure A.6: Distribution of signed coverage differences between Default and MD.
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Figure A.7: Distribution of signed coverage differences between Default and MDP.
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Figure A.8: Distribution of signed coverage differences between Default and MDA.
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Figure A.9: Distribution of signed coverage differences between Default and MDAP.
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Figure A.10: Distribution of signed coverage differences between Default and AP.
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Figure A.11: Distribution of signed coverage differences between Default and ALS.

a.2 Supplementary Results for RQ2

This section complements the results for RQ2 by providing additional strategy-specific
comparisons and distributional views of the coverage values. It includes box plots of the
coverage distributions and full orderings of strategies within settings.

a.2.1 Coverage Distributions by Metric and Strategy

This subsection shows the full distribution of the coverage values for each metric and sample
size, grouped by sampling strategy.
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Figure A.12: Coverage distributions for PCI, grouped by sampling strategy.
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Figure A.13: Coverage distributions for MD, grouped by sampling strategy.
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Figure A.14: Coverage distributions for MDP, grouped by sampling strategy.
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Figure A.15: Coverage distributions for MDA, grouped by sampling strategy.
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Figure A.16: Coverage distributions for MDAP, grouped by sampling strategy.
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Figure A.17: Coverage distributions for Default, grouped by sampling strategy.
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Figure A.18: Coverage distributions for AP, grouped by sampling strategy.
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Figure A.19: Coverage distributions for ALS, grouped by sampling strategy.

a.2.2 Full Ordering of Strategies Within Settings

This subsection shows the complete ordering of all strategy-setting combinations for each
metric. The plots provide a more fine-grained view than the aggregated win counts by
showing where each strategy appears in the full ranking.
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Figure A.20: Full ordering of strategy-setting combinations for Default.
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Figure A.21: Full ordering of strategy-setting combinations for ALS.
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Figure A.22: Full ordering of strategy-setting combinations for AP.
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Figure A.23: Full ordering of strategy-setting combinations for PCI.
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Figure A.24: Full ordering of strategy-setting combinations for MD.
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Figure A.25: Full ordering of strategy-setting combinations for MDA.
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Figure A.26: Full ordering of strategy-setting combinations for MDP.
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Figure A.27: Full ordering of strategy-setting combinations for MDAP.

a.3 Supplementary Results for RQ3

This section complements the results for RQ3. For each metric, it relates the constraint
strength of a system, measured by log10(Ri), to the mean achieved coverage. Each figure
shows one panel per combination of coverage strength tc and sample size ts, with the
Spearman correlation ρ and its p-value reported per panel. Systems are labelled individually,
and the dashed line shows the linear trend.
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Figure A.28: Constraint strength versus mean coverage for PCI, per combination of tc and ts.
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Figure A.29: Constraint strength versus mean coverage for MD, per combination of tc and ts.
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Figure A.30: Constraint strength versus mean coverage for MDP, per combination of tc and ts.



A.3 Supplementary Results for RQ3 61

0.2

0.4

0.6

0.8

1.0

7z

AJStats

BerkeleyDBC

CurlDuneHSMGP HSQLDB
Hipacc

HyTeG

JavaGC
LLVM

PKJab

Polly

SQLiteTriMesh
VP9 WGet

clasp lrzip

x264

z3

tc = 1, ts = 1   ( = 0.61, p = 0.003)
7z

AJStatsBerkeleyDBC

CurlDuneHSMGP HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab
Polly

SQLiteTriMesh
VP9 WGet

clasp

lrzip

x264

z3

tc = 1, ts = 2   ( = 0.20, p = 0.396)
7z

AJStats
BerkeleyDBC

CurlDune
HSMGP

HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly
VP9

WGet
clasp

lrzip

x264

z3

tc = 1, ts = 3   ( = 0.34, p = 0.158)

0.2

0.4

0.6

0.8

1.0

7z

AJStats

BerkeleyDBC

Curl

Dune
HSMGP HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly

SQLiteTriMesh

VP9 WGet

clasp lrzip

x264

z3

tc = 2, ts = 1   ( = 0.74, p = 0.000)

7z

AJStats
BerkeleyDBC

Curl
Dune

HSMGP

HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly

SQLiteTriMesh

VP9
WGetclasp

lrzip

x264

z3

tc = 2, ts = 2   ( = 0.42, p = 0.061)

7z

AJStats
BerkeleyDBC

Curl

Dune
HSMGP

HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly
VP9

WGet

clasp

lrzip

x264

z3

tc = 2, ts = 3   ( = 0.34, p = 0.157)

15.0 12.5 10.0 7.5 5.0 2.5 0.0

0.2

0.4

0.6

0.8

1.0

7z

AJStats

BerkeleyDBC
CurlDune

HSMGP HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly

SQLite
TriMesh

VP9
WGet

clasp lrzip

x264

z3

tc = 3, ts = 1   ( = 0.78, p = 0.000)

15.0 12.5 10.0 7.5 5.0 2.5 0.0

7z

AJStats
BerkeleyDBC

Curl

Dune
HSMGP

HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly

SQLiteTriMesh

VP9

WGet

clasp

lrzip

x264

z3

tc = 3, ts = 2   ( = 0.60, p = 0.004)

15.0 12.5 10.0 7.5 5.0 2.5 0.0

7z

AJStats
BerkeleyDBC

Curl

Dune
HSMGP

HSQLDB

Hipacc

HyTeG

JavaGC

LLVM

PKJab

Polly
VP9

WGet
clasp

lrzip

x264

z3

tc = 3, ts = 3   ( = 0.45, p = 0.055)

10 x   (more constrained      less constrained)

m
ea

n 
co

ve
ra

ge

Figure A.31: Constraint strength versus mean coverage for MDA, per combination of tc and ts.
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Figure A.32: Constraint strength versus mean coverage for MDAP, per combination of tc and ts.
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Figure A.33: Constraint strength versus mean coverage for Default, per combination of tc and ts.
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Figure A.34: Constraint strength versus mean coverage for AP, per combination of tc and ts.
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Figure A.35: Constraint strength versus mean coverage for ALS, per combination of tc and ts.
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I hereby declare that I have written this thesis independently and without the involvement
of third parties, and that I have used no sources or aids other than those indicated. All
passages taken directly or indirectly from publications or other external sources have been
identified as such. In particular, I confirm that I have used AI-based software (e.g., ChatGPT)
exclusively for the following permitted sub-tasks: text rewriting/revision, check for mistakes
like comma placements and spelling errors, brainstorming, code completion, and finding of
bugs, and not to address or formulate the main research questions of the thesis.
I am aware of the potential risks involved in using these tools and have employed them
carefully and with critical thinking. The core ideas, structure and content of this work were
developed independently, without resorting to AI tools. I did not trust the results blindly,
but instead checked the suggestions and only included them if they were consistent with
my own understanding.
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