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Abstract

Configurable software systems expose large configuration spaces, which makes exhaustive
performance analysis infeasible in practice. To reduce measurement cost, sampling strategies
are commonly used to select a representative subset of configurations for performance evalu-
ation. This subset can then be analysed using performance models or data mining methods,
such as subgroup discovery, to identify notable configuration patterns. However, subgroup
discovery methods rely on both structural patterns and performance distributions, which
may be distorted by sampling. It is therefore unclear how well different sampling strategies
and sample sizes preserve the information required for reliable subgroup discovery.

In this thesis, we conduct an empirical study on eight real-world configurable software
systems to investigate how sampling strategy and sample size influence subgroup discovery
outcomes on the example of Syflow. We compare subgroups discovered from sampled and
full datasets to analyse how well sampling preserves subgroup characteristics. Our findings
indicate that sampling strategies primarily affect the stability of subgroup structure rather
than the preservation of performance distributions. Moreover, they suggest that sample sizes
of around 20% of the configuration space already capture most of the attainable reliability
for subgroup discovery, with larger samples yielding diminishing returns.
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1
Introduction

Modern software systems expose a large number of configuration options to tailor behaviour
and performance to specific contexts [33]. This flexibility allows developers and users to
adapt systems to different hardware platforms, workloads, or quality constraints. Examples
include database systems tuned for latency or throughput, compilers and video encoders
with numerous optimisation flags, operating systems such as Linux, and configurable
cloud services with complex performance trade-offs [1, 20, 28]. While this configurability
is essential for achieving good performance across diverse scenarios, it also gives rise to
highly complex configuration spaces whose size often grows exponentially with the number
of options [1].

Moreover, interactions between configuration options can introduce unexpected effects on
runtime, throughput, or latency, such that relatively small regions of the configuration space
may exhibit behaviour that differs substantially from the overall population. Identifying
and characterising these exceptional regions is therefore a central challenge in performance
analysis, as it supports debugging, performance tuning, and system understanding [10,
20, 28]. However, exhaustive measurement of all valid configurations is often infeasible in
practice due to time and resource constraints [19, 26].

As a consequence, sampling strategies are commonly employed to select a manageable
subset of configurations for performance measurement. These strategies differ substantially
in the aspects of the configuration space they attempt to preserve [30]. Random sampling is
simple but may be unstable under constraints, while solver-based approaches guarantee
validity but can introduce biases through internal heuristics [5, 6]. Combinatorial t-wise
sampling ensures coverage of interactions up to order t, but becomes increasingly expensive
as t grows [24]. Distance-based or diversity-oriented methods aim to explore heterogeneous
regions of the configuration space [19].

Inherently, these approaches trade off different notions of representativeness, such as
coverage, diversity, and uniformity. By reducing the number of measured configurations,
sampling limits the available evidence for analysis and may distort both the structural
composition of the configuration space and its associated performance distribution. Nev-
ertheless, sampling is indispensable in practice, as exhaustive measurement is often too
expensive or infeasible for large configuration spaces. While sampling strategies have been
studied extensively in the context of fault detection [21, 26] and performance prediction [18,
28], their impact on descriptive performance analysis remains less well understood.

One such method for descriptive performance analysis is subgroup discovery, which pro-
vides a descriptive, model-agnostic approach to analysing performance data [3]. Rather than
predicting performance, subgroup discovery focuses on identifying human-interpretable
rules over configuration options. These rules describe subsets of configurations whose
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2 Introduction

performance deviates from that of the overall population and can reveal actionable insights
into performance anomalies by highlighting specific feature combinations associated with
exceptional performance behaviour. Recent work in the area of subgroup discovery includes
Syflow, a method that formulates rule learning as a continuous optimisation problem
using machine learning [32]. By avoiding explicit combinatorial enumeration and mod-
elling performance distributions directly, Syflow scales to large datasets while maintaining
interpretability, making it well suited for analysing real-world configurable systems.

Despite these advances, it remains unclear how different sampling strategies affect the
subgroups discovered by modern methods such as Syflow. In particular, sampling may
cause certain subgroups to disappear, shift in structure, or become unstable across repeated
runs. In addition, sampling may distort performance distributions in ways that influence
subgroup discovery outcomes, even when subgroup structure is preserved. Furthermore,
the role of sample size in stabilising subgroup discovery and mitigating sampling-induced
effects has not been systematically studied in this context.

To close this gap, we investigate how sampling strategies and sample size influence
subgroup discovery results for performance analysis of configurable software systems. We
conduct a large-scale study on eight real-world configurable systems. For each system, we
generate sampled datasets using multiple established sampling strategies across different
relative sampling budgets and, where applicable, multiple random seeds.

We apply Syflow to both full and sampled datasets to study how sampling strategies
and sample sizes affect the structure and performance behaviour of discovered subgroups.

Our results show that subgroup discovery outcomes can vary substantially depending
on the chosen sampling strategy and sample size. In particular, some sampling strategies
preserve subgroup structure and performance behaviour more consistently than others,
while increasing sample size exhibits diminishing returns beyond a certain point. These
findings provide practical guidance for selecting sampling approaches when applying
descriptive performance analysis to highly configurable software systems.



2
Background

This chapter introduces the fundamental concepts relevant to this thesis. In particular, it
introduces key concepts from performance analysis and sampling strategies in the context of
highly configurable software systems and explains how these concepts are used to identify
configuration-related performance anomalies using subgroup discovery algorithms.

2.1 Configurable Software Systems

Modern software systems are often implemented with built-in configurability. Such con-
figurable software systems expose a set of configuration options or features that change the
system’s behaviour. Let F = { f1, f2, . . . , fn} denote the set of features. A concrete con-
figuration c is an assignment of values to each feature in F. Typically, these features are
implemented as boolean flags that describe if the respective feature is enabled or parameters
with numeric or categorical domains altering the behaviour of the system. Consequently,
the number of possible configurations grows combinatorially with the number of features.

Figure 2.1: A feature model representing a compiler configuration

For example, consider the feature model presented in Figure 2.1, which describes a
very basic compiler configuration. The model only includes 6 features, yet even such a
small example already results in a theoretical configuration space of 28 = 256 possible
configurations.

However, not every assignment is valid. Domain-specific constraints, such as mutual
exclusions, dependency relations, mandatory options or numeric bounds restrict the set of
valid configurations. A feature model is a commonly used, declarative representation of

3



4 Background

these constraints and can be encoded as propositional logic or a graphical diagram. They
distinguish between mandatory and optional features and support group relations such
as OR and XOR, which require at least or exactly one option in their respective group to
be enabled, and cross-feature constraints, restricting arbitrary features to only be enabled
if another is in a predetermined enabled state [1]. The set of all valid configurations, the
configuration space, is denoted by C ⊆ A(F), where A(F) is the set of all possible assignments
over F.

Returning to our example, although the total potential configuration space contains
256 configurations, structural constraints of the feature model restrict the set of valid
combinations. In this example, features c and t are mandatory and must always be selected,
while i, l, and s are optional and may be enabled independently. Additionally, features
1, 2, and 4 form an XOR group, meaning that exactly one of them must be chosen in any
valid configuration. Together, these constraints reduce the valid configuration space C to
the following 24 configurations:

{c, t, 1}, {c, t, 1, i}, {c, t, 1, s}, {c, t, 1, l}, {c, t, 1, i, s}, {c, t, 1, i, l}
{c, t, 1, s, l}, {c, t, 1, i, s, l}, {c, t, 2}, {c, t, 2, i}, {c, t, 2, s}, {c, t, 2, l}
{c, t, 2, i, s}, {c, t, 2, i, l}, {c, t, 2, s, l}, {c, t, 2, i, s, l}, {c, t, 4}, {c, t, 4, i}
{c, t, 4, s}, {c, t, 4, l}, {c, t, 4, i, s}, {c, t, 4, i, l}, {c, t, 4, s, l}, {c, t, 4, i, s, l}

2.2 Sampling Strategies

The cardinality |C| typically grows combinatorially with |F| even when constraints eliminate
many combinations. As a result, exhaustive measurement of every c ∈ C is often impractical
in real-world systems. At the same time, interactions between features may cause unexpected
effects. A small subset of configurations can have notable effects on performance or other
non-functional properties [18].

To make analysis more manageable, sampling strategies are commonly employed to select a
subset Ĉ ⊂ C for measurement. Different strategies emphasize different trade-offs between
validity, diversity, interaction coverage, and computational cost.

Random sampling aims to select configurations uniformly random from C. Typically,
naive random sampling is implemented as rejection sampling, where samples are randomly
generated over the entire assignment space and those that violate feature-model constraints
are discarded. However, this approach can be inefficient and achieving uniformity becomes
increasingly difficult, especially when the configuration space is highly constrained and
drawing invalid configurations becomes more and more likely.

Solver-based sampling addresses the issues occurring in random sampling by using SAT
solvers to generate only valid assignments. The downside of this approach is that these
solvers on their own often introduce bias towards certain regions of the configuration space
due to their internal heuristics and search strategies being designed for efficient problem
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solving rather than uniform sampling, thus modern approaches attempt to avoid such
clustering by introducing further processing for near-uniform results [5, 6].

t-wise sampling selects configurations such that for every subset of t distinct features,
all valid combinations of their values occur in at least one sampled configuration [24]. This
ensures that interactions among up to t features are represented in the sample. Pairwise
sampling (t = 2) is the most common instance, offering a practical balance between
interaction coverage and sampling cost. For example, in the example presented above
(Figure 2.1), a pairwise sample could be:

Ĉ =
{
{c, t, 1}, {c, t, 2, i}, {c, t, 4, s}, {c, t, 1, i, s, l}

}
.

However, even low-order t-wise sampling can be costly for large systems with many features,
such as the Linux kernel. Moreover, some interactions may involve more than two features,
and while pairwise sampling is often effective at exposing local interactions, it is unreliable
at detecting global ones [26]. Thus, higher order t-wise sampling (e.g., t = 3 or t = 4) can
capture more complex interactions, but quickly becomes infeasible as t grows.

Distance-based sampling defines a distance metric over configurations, for instance
Hamming distance on boolean features or a mixed metric for mixed domains, and selects
configurations to maximize diversity in that metric space, spreading samples across the
configuration landscape [19]. Variants of distance-based sampling add diversification steps
to ensure underrepresented feature values appear more often [19].

Each of these strategies therefore has different implications for subsequent analyses:
Uniform or near-uniform samples may better preserve global statistics, t-wise sampling
excels at exposing local interactions up to order t, solver-based strategies guarantee validity
but risk regional bias, and distance-based strategies emphasize coverage of heterogeneity.
Further, we distinguish between stochastic and deterministic sampling strategies. Stochastic
strategies include random sampling, distance-based sampling, and its diversified variant,
whereas deterministic strategies comprise combinatorial t-wise sampling and our implemen-
tation of solver-based sampling. Stochastic strategies rely on randomness when selecting
configurations and therefore typically require multiple runs to obtain stable and reliable
results. In contrast, deterministic strategies produce identical sample sets across runs for a
given configuration space and sampling budget.

Note that solver-based sampling is typically implemented as a stochastic strategy. How-
ever, our implementation yields deterministic results for all datasets and sample sizes
considered in this study. We therefore group solver-based sampling together with combina-
torial t-wise sampling for the purpose of our evaluation.

2.3 Configuration Subspaces

We define performance as a surjective mapping P, such that every configuration c ∈ C has
an associated real-valued measurement P(c) ∈ R, taken under a standardized workload. A
configuration subspace is any subset S ⊆ C and is typically described by a rule or predicate
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over features. Returning to the compiler configuration example in Figure 2.1, consider the
subspace S = {c ∈ C | i ∈ c}, which contains all valid configurations where the inlining (i)
feature is selected. For this example, S consists of the following 12 configurations:

{c, t, 1, i}, {c, t, 1, i, s}, {c, t, 1, i, l}, {c, t, 1, i, s, l}
{c, t, 2, i}, {c, t, 2, i, s}, {c, t, 2, i, l}, {c, t, 2, i, s, l}
{c, t, 4, i}, {c, t, 4, i, s}, {c, t, 4, i, l}, {c, t, 4, i, s, l}

A subspace S is of interest if the distribution of P over S differs substantially from its
distribution over C. In this thesis, we use the term exceptional subgroup to refer to such a
subspace whose behaviour is significantly different with respect to runtime performance.

2.4 Subgroup Discovery

Subgroup discovery is a descriptive, local-pattern mining technique whose goal is to find
interpretable descriptions of subsets (subgroups) of a dataset that show a notable behaviour
with respect to a predefined property of interest. In the context of configurable software
systems, it can be used to find configuration subspaces where a certain non-functional
property, in our case runtime performance, deviates significantly from the overall system
behaviour [3, 23].

Typically, subgroup discovery uses a quality function Q : 2F 7→ R, and a provided dataset
D = {(ci, P(ci))}m

i=1, where each ci represents a unique configuration in our configuration
space C and P(ci) is the associated performance measurement. Applying Q to a subgroup
S ⊆ C yields a score Q(S) that quantifies how exceptional the performance distribution
within S is compared to the global distribution over C. Enumerating and scoring each
subgroup then yields a set of real-valued exceptionality measurements M = {Q(ci, P(ci))}m

i=1,
which can be ranked to identify the most exceptional subgroups [3, 25].

There are multiple ways interesting measures can be defined and ranked. Common
choices for numerical targets include mean-based measures, which compare subgroup
means against the global mean, distribution-based measures, such as Kullback-Leibler (KL)
divergence, assessing how much the target distribution of the subgroup diverges from the
global distribution [7, 22], and rank-based measures, which evaluate whether the subgroup’s
target values tend to be larger or smaller than the complement according to nonparametric
tests. Mann-Whitney U, for instance, assesses whether the ranks of subgroup observations
are skewed, making it robust to outliers and distributional assumptions [3]. Each measure
captures different aspects of how the target distribution within a subgroup deviates from
the global distribution. As such, different analysis goals may benefit from a different choice
of measure.

Since enumerating all possible subgroups is often infeasible, subgroup discovery algo-
rithms typically employ search and pruning strategies to efficiently explore the space of
possible subgroups and eliminate unpromising candidates early.

A commonly applied pruning scheme is optimistic estimate pruning, which, for a subset S,
cheaply computes an optimistic estimate Q′(S) that bounds the best possible quality any
specialization of S could attain. If Q′(S) is no greater than the current k-th best score, the
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entire subtree below S can be safely skipped. For many mean- and rank-based measures this
idea yields tight closed-form or one-pass bounds, which dramatically reduces the number
of evaluated candidates while preserving exactness for top-k retrieval [25]. Pruning can also
rely on other, complementary conditions. Minimal support thresholds remove trivially small
subgroups that are unlikely to be meaningful and accelerate search. Statistical significance
tests and multiple-testing corrections serve as post-hoc filters to reduce false positives.
Redundancy control, for example by enforcing minimal rule length or by penalising overlap
with already selected subgroups, yields more diverse result sets [3, 12].

Search strategies range from exhaustive to heuristic. Exhaustive methods systematically
explore available options while maintaining a global top-k list of best subgroups. They are
attractive because they can guarantee optimality with respect to a given quality function
when paired with sound pruning [25]. Pattern-growth techniques, usually utilizing frequent-
pattern trees, compress repeated selector co-occurrences to avoid repeated work when
building refinements, which is useful when the number of selectors is large [23]. Heuristic
searches, such as beam search or greedy refinement, restrict exploration to a small frontier
of promising candidates and trade completeness for speed; they are commonly used when
quick, interpretable rules are required. Evolutionary or stochastic search methods have also
been applied to find diverse or multi-objective subgroup sets when the search space is too
large for exhaustive approaches [3].

2.5 Similarity and Divergence Measures

To compare subgroups in terms of their structure and behaviour, we use two complementary
classes of measures: (i) set-based similarity metrics, which give a concrete quantification of
how much two subgroups overlap, and (ii) distributional divergence metrics, which compare
how strongly the behaviour of a subgroup deviates from the global population. This section
introduces the relevant metrics used throughout this thesis.

2.5.1 Precision, Recall, and F1 Score

Precision and Recall are fundamental similarity measures used across several domains, such
as information retrieval, pattern mining, and machine learning [8]. For a given dataset
D, we establish two subsets, a reference set SR ⊆ D, representing the ground truth or
target patterns, and an alternative set SA ⊆ D, representing the patterns identified by an
algorithm or method that is being evaluated. The overlap of both sets is then assessed in
two complementary ways.

Recall expresses the proportion of elements of the reference set SR that are successfully
recovered by SA:

Recall(SA, SR) =
|SA ∩ SR|

|SR|
.
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Precision expresses the proportion of elements selected by SA that truly belong to the
reference set:

Precision(SA, SR) =
|SA ∩ SR|

|SA|
.

Each measure captures a different aspect of similarity: recall quantifies completeness with
respect to a reference, while precision quantifies correctness of the selected set.

Because improvements in one do not necessarily imply improvements in the other, it is
sometimes useful to combine them into a single score. The F1 score is the harmonic mean
of precision and recall and provides a balanced measure, reflecting trends in both precision
and recall:

F1(SA, SR) = 2
Precision(SA, SR) · Recall(SA, SR)

Precision(SA, SR) + Recall(SA, SR)
.

These metrics are widely used for evaluating the similarity between discovered patterns,
classifier outputs, or candidate subspaces, and they form an essential component for
analysing structural agreement between different subsets of a given dataset.

2.5.2 Kullback–Leibler Divergence

Kullback–Leibler (KL) divergence is a measure from information theory that quantifies how
one probability distribution differs from another [7, 22]. For two discrete distributions P
and Q over a shared domain X , it is defined as

KL(P ∥ Q) = ∑
x∈X

P(x) log
P(x)
Q(x)

.

KL divergence quantifies the expected information loss incurred when a distribution Q
is used to approximate a true distribution P. It can, for example, indicate how strongly
a learned model distribution differs from the empirical data distribution, or how the
behaviour of a subgroup of configurations deviates from that of the overall population. KL
divergence is always non-negative, and equals zero if and only if P = Q. Therefore, a large
KL divergence indicates that P assigns substantial probability to events that are rare or
unlikely under Q, while small values indicate that P resembles Q closely.

In the context of this thesis, KL divergence is used to quantify how strongly the performance
distribution of a subgroup deviates from that of the full configuration space. Let P(c)
denote the numeric performance variable measured for each configuration c ∈ C. Both the
dataset and any subgroup induce empirical distributions over these performance values.
We therefore define:

• PD: the estimated performance distribution over all configurations in a dataset D, and

• Ps: the estimated performance distribution over the configurations contained in a
given subgroup S.

The divergence KL(Ps ∥ PD) thus measures how strongly the performance behaviour
inside the subgroup differs from what would be expected under the dataset-wide perfor-
mance distribution. In contrast to structural metrics, such as precision and recall, which
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focus on which configurations appear in a subgroup, KL divergence characterises how their
performance values are distributed. It thus captures shifts in central tendency, spread, and
multi-modality, providing a complementary view on subgroup distinctiveness that extends
beyond simple set overlap.

2.6 Syflow

Syflow is a novel approach to subgroup discovery that deviates from the classical enumerate-
and-score paradigm. Instead, it utilises machine-learning techniques to formulate subgroup
discovery as a continuous optimisation problem [32]. Central to this approach, Syflow

defines subgroup membership through differentiable, soft selectors π̂ : C 7→ [0, 1], which as-
sign each configuration c ∈ C a membership degree in the interval [0, 1]. This allows the use
of gradient-based optimisation methods to maximise a weighted KL divergence objective that
captures distributional performance differences between the candidate subgroup and the
overall population, ultimately discretising a subgroup membership that can be formalized
into a human-interpretable rule.

Weighted KL Divergence For a subgroup of size |S| and an exponent γ, the weighted
divergence between the subgroup distribution Ps and the dataset-wide distribution PD is
defined as

WKLγ(Ps ∥ PD) = |S| (γ−1) ∗ KL(Ps ∥ PD)

The multiplicative factor |S| (γ−1) serves as a support-weighting mechanism, discouraging
very small subgroups, therefore preventing the optimisation from favouring sets of outliers,
such as single configurations with noticeably divergent performance.

Regularizer A common issue in subgroup discovery is the selection of highly similar
subgroups, as the top-k scoring subgroups often exhibit significant overlap. To mitigate
this, Syflow introduces a regularizer, which influences the current objective based on
the KL divergence between the current candidate subgroup and all previously selected
subgroups. The parameter λ thereby controls the strength of this regularizer. Therefore, the
final objective optimised by Syflow can be expressed as:

WKLγ,λ(Ps ∥ PD) = |S| (γ−1) ∗ KL(Ps ∥ PD) + λ
k−1

∑
i=1

KL(Ps ∥ Psi)

In this thesis, we use Syflow as the subgroup discovery algorithm of choice, to identify
subgroups of datasets obtained from sampling highly configurable software systems and
comparing them against the full configuration space.





3
Methodology

This chapter describes the experimental methodology used to evaluate how sampling
affects subgroup discovery with Syflow. We adopt an empirical evaluation design in which
subgroups discovered on sampled data are systematically compared to subgroups obtained
from the full dataset. We begin by stating the research questions, followed by a description
of how these questions are operationalised in terms of datasets, metrics, and experimental
setup.

3.1 Research Questions

The main objective of this thesis is to investigate how different sampling strategies and
sample sizes affect the quality and stability of subgroups discovered by Syflow. In particular,
we analyse how well subgroups obtained from sampled datasets approximate those derived
from the full configuration space, which serves as the reference point for our evaluation.

Our first research question examines how stable subgroup discovery results are with
respect to the choice of sampling strategy. Since different sampling strategies may introduce
unique biases or distortions, understanding their effect is essential for identifying strategies
that yield subgroups most similar to those from the full dataset.

RQ1. How do different sampling strategies affect the subgroups identified by Syflow compared to
those found in the full dataset?

Our second research question focuses on the role of sample size in determining the
stability and similarity of subgroup discovery results. Smaller samples will generally lead
to higher variance and Syflow may behave inconsistently when provided with limited
information. Thus, we investigate how various sample sizes influence the subgroups found
by Syflow across repeated random draws, and whether we can identify a common trend in
how many samples are required to obtain stable and representative results.

RQ2. How do different sample sizes affect the subgroups identified by Syflow compared to those
found in the full dataset?

Together, these research questions provide a comprehensive understanding of how the
choice of sampling strategy and sample size impact subgroup discovery in configurable
software systems. The insights gained from this analysis aim to guide practitioners in
selecting sampling strategies and sample sizes that balance cost-efficiency with reliability.

11
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System Domain |F| |O|

7z Compression 43 68,640

BerkeleyDBC Database 18 2,560

Dune PDE Solver 31 2,304

JavaGC JVM GC Tuning 38 193,536

LLVM Compiler Infrastructure 11 1,024

Polly LLVM Polyhedral Optimizer 39 60,000

VP9 Video Codec 41 216,001

x264 Video Encoder 16 1,152

Table 3.1: Configuration space characteristics for each dataset D.

3.2 Operationalisation

To answer our research questions, we analyse a collection of more than 15 000 experimental
results generated from combinations between eight datasets, five sampling strategies, five
sample sizes, and 100 random seeds per sampled strategy. Each result contains information
on precision, recall and weighted KL divergences between subgroups discovered on sample
sets and their respective full dataset.

3.2.1 Datasets

We rely on eight real-world configurable software systems, originally introduced and col-
lected by Kaltenecker et al. [19], and summarised in Table 3.1 together with their respective
number of features and configurations. Each dataset represents its configuration space C as
a binary vector,

C = [c1, . . . , cn], cj ∈ {0, 1}
where each binary variable indicates whether the corresponding feature is selected.

While this encoding is natural for Boolean features, several systems contain parameters
that were originally numeric. These parameters are represented in the available configuration
files using a standard one-hot encoding: each parameter with domain {v0, v1, . . . , vk} is
expanded into a set of mutually exclusive binary features,

xv0 , xv1 , . . . , xvk

exactly one of which is set to 1 to indicate the chosen value. Thus, numeric features appear
as small groups of one-hot encoded binary selectors instead of single-valued parameters.

Because Syflow expects each feature to be represented as a single numeric input, we
preprocess these one-hot encoded feature groups. For every group of mutually exclusive
candidate-value flags, we collapse the one-hot representation into a single numeric feature
by assigning the corresponding value vi of the active flag. If none of the flags are active, we
assign a default value of 0.
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Sampling Strategy Sample Sizes / Parameters Seeds

Random n ∈ {1, 5, 10, 20, 50} 0–99

Distance n ∈ {1, 5, 10, 20, 50} 0–99

Diversified-Distance n ∈ {1, 5, 10, 20, 50} 0–99

SAT Solver-Based n ∈ {1, 5, 10, 20, 50} —

Combinatorial t-wise t ∈ {2, 3, 4} —

Table 3.2: Overview of sampling strategies, their parameters, where n denotes percent of the full
dataset used, and t is the strength of combinatorial coverage, and seed configurations used
in the experimental setup.

After preprocessing, every configuration c ∈ C has a clean mixed numerical representation
compatible with Syflow’s input format. Each configuration is associated with a runtime
performance measurement P(c), which serves as the target variable for subgroup discovery.

3.2.2 Experimental Setup

Our experimental workflow consists of three main stages: sampling, subgroup discovery,
and evaluation. These steps are explained in detail below.

Sampling. For each dataset, we construct sample sets according to the sampling strategy,
sample size, and seed as listed in Table 3.2. Random, distance-based, and diversified
distance-based sampling require randomness to generate variance across runs, and are
therefore executed once for every combination of seed and sample size.

In contrast, our implementations of SAT solver-based sampling and combinatorial t-wise
sampling are deterministic and do not depend on random seeds. Consequently, only a
single sample is generated for each specified size or t-value.

Overall, this procedure yields 1,508 sample sets per dataset, or 12,064 sample sets across
all datasets.

Subgroup discovery. For each sample set, as well as for each full dataset, we run Syflow

with fixed hyperparameters λ = 5 and γ = 0.3. The full-dataset run produces a set of
reference subgroups, in the following referred to as full subgroups, which serve as the baseline
for comparison. Each sampled run generates a corresponding set of sampled subgroups which
may differ in rule structure, configuration coverage, or outcome behaviour.

To avoid degenerate results, we ensure that all discovered subgroups within a run are
unique. We enforce uniqueness by removing any subgroup whose configuration set is
identical to that of a previously discovered subgroup. This results in up to five distinct
subgroups per run.

Evaluation. The final stage consists of comparing the subgroups discovered on sampled
data with those obtained from the full dataset. We evaluate two forms of similarity:
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• Structural similarity: using Recall and Precision

• Performance-distribution divergence: using weighted KL divergence

Before computing structural similarity, an important practical issue must be addressed.
A direct comparison between full-data and sampled subgroups is problematic because
subgroups discovered on the full dataset may contain many configurations that are not
part of the sampled dataset. Comparing them directly would artificially diminish structural
similarity, since the mismatch would reflect differences in the available configuration space
rather than genuine differences in subgroup structure.

To address this, we introduce a reduction step: for every full-dataset subgroup Sfull, we
restrict it to those configurations that also appear in the sample set Dsample:

S↓
full = Sfull ∩ Dsample.

All structural metrics are computed between the sampled subgroup Ssample and the reduced
full subgroup S↓

full. This ensures that both subgroups are evaluated on a common configura-
tion space and that differences reflect genuine structural divergences rather than sampling
artefacts.

In addition to structural similarity, we also evaluate performance-based similarity between
subgroups by analysing how strongly the performance distribution of a subgroup deviates
from that of the population using a discrete, weighted KL divergence. These measurements
serve to evaluate whether Syflow’s optimisation objective behaves consistently across
the full dataset and its sampled subsets. This is particularly relevant when a subgroup
discovered on the full dataset is only partially present, or missing entirely, in the sampled
dataset; such cases may indicate that sampling has removed or distorted performance-
relevant regions of the configuration space, therefore rendering Syflow unable to recover
the same subgroup in both datasets.

Since we are interested in answering why certain subgroups are not recovered in sampled
datasets, we compute two complementary KL divergences for each subgroup pair:

• the sampled subgroup evaluated within the sampled dataset, and

• the (reduced) full subgroup evaluated within the sampled dataset.

For each case, we compute the weighted divergence KLγ(D, S) between the empirical
performance distribution of the dataset D and that of the subgroup S. The exponent γ

matches Syflow’s configuration to maintain a consistent treatment of subgroup size.

At this point, we have obtained metric values for every pairwise combination of sampled
and full subgroups. However, because subgroups are guaranteed to be unique within each
run, each sampled subgroup can meaningfully correspond to at most one full-data subgroup.
A direct row-wise comparison is similarly infeasible, as subgroup discovery is not consistent
in either the ordering or the number of subgroups found. Thus, comparing the k-th sampled
subgroup with the k-th full subgroup would be arbitrary and uninformative.

To obtain a principled and interpretable basis for evaluation, we therefore establish a
one-to-one correspondence between sampled and full-data subgroups. For each sampled
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subgroup Ssample, we identify the full-data subgroup whose reduced form T↓ maximises
configuration space overlap according to the F1 score:

Smatch = arg max
T∈Sfull

F1
(
Ssample, T↓).

The F1 score serves as the matching criterion, as it jointly accounts for both precision and
recall in a single measure, avoiding bias towards either. Ties are resolved using a first-come,
first-served strategy, ensuring that each full subgroup can be matched at most once. If the
two runs yield different numbers of subgroups, any remaining unmatched subgroups are
excluded from further analysis.

This matching step reduces the otherwise arbitrary set of up to 25 pairwise comparisons
to a single, semantically justified alignment per subgroup found in the sample set. It ensures
that all computed metrics, structural similarity as well as weighted KL divergences, compare
only corresponding subgroups rather than unrelated ones.

3.3 Data Analysis

The procedures described in the previous sections yield, for every sampled run, a matched
set of similarity measures and weighted KL divergence values comparing sampled sub-
groups to their corresponding full-dataset subgroups. This section outlines how these
measurements are aggregated and analysed to answer the research questions.

KL Divergence We introduce one final computation step specific to the weighted KL
divergence metrics. In section 3.2.2, we described how we compute weighted KL divergence
values for each matched subgroup pair. However, since KL divergence on its own is difficult
to interpret, we instead focus on the difference in KL divergence between sampled and full
subgroups within the same dataset. Therefore, for each data pair (Ssample, Sfull), we compute:

∆KLγ(D, S) = |KLγ(D, Ssample)− KLγ(D, Sfull)|.

This way, we can evaluate how much more (or less) the sampled subgroup diverges from
the population compared to the full subgroup when evaluated within the same dataset D. A
value close to zero indicates that the sampled subgroup captures performance distribution
similarly, while larger values express that the performance distribution within the sample
deviates more strongly from the population than the full subgroup, making recovery of the
same subgroup within both datasets less likely.

3.3.1 RQ1: Effect of Sampling Strategy

The first research question investigates how different sampling strategies affect the quality
of subgroups discovered by Syflow. We fix the sample size to 20% of the full dataset and
analyse results grouped by sampling strategy. For t-wise sampling, each value of t yields a
different fixed sample size depending on the dataset; we therefore treat each t as a separate
strategy and observe them independently. For each dataset, we then analyse the distribution
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of structural similarity scores (Precision, Recall) and plot ∆KLγ against its respective F1
score.

Together, we aim to identify how sensitive each strategy is to stochastic effects, and
which strategies most consistently yield subgroups that most closely resemble those from
the full dataset. Additionally, KL divergence values help us understand whether certain
strategies systematically distort performance distributions, thereby affecting Syflow’s ability
to recover similar subgroups or if failure to recover similar subgroups is due to internal
algorithmic distortions within Syflow itself.

3.3.2 RQ2: Effect of Sample Size and Stability

To answer RQ2, we analyse how subgroup quality and stability evolve as the sample size
increases. In this analysis, we focus on random sampling as a representative baseline strategy.
Random sampling allows sample size to be varied independently, making it well-suited for
studying subgroup discovery under various sample sizes. While results for distance-based
and diversified distance-based sampling have been omitted from our evaluation due to
technical issues in our implementation, their partial results are reported in the Appendix A.

We investigate whether structural similarity measures (precision, recall, and F1 score)
improve consistently as the sample size increases from 1% to 50% of the full dataset, or
whether improvements plateau beyond certain thresholds. We further examine whether
these thresholds are consistent across datasets with different configuration space sizes and
to what extent increasing sample size reduces variability across repeated runs.

In addition, we analyse how ∆KLγ evolves as sample size increases, to assess whether
sampling-induced distortions in performance distributions diminish with larger samples, or
whether such effects persist independently of the amount of available data.

Overall, this analysis provides insight into how much data is required for reliable sub-
group discovery on performance data on configurable software systems and how the
effectiveness of each sampling strategy depends on the amount of available measurements.



4
Evaluation

This chapter presents the experimental results of our study. We analyse how different sam-
pling strategies and sample sizes influence the subgroups discovered by Syflow, focusing on
both structural similarity to reference subgroups and differences in performance-distribution
behaviour.

Our evaluation is organised around the two research questions presented in Chapter 3.
For each research question, we report aggregated results across datasets, sampling runs,
and random seeds in order to highlight systematic trends as well as variability across
configurations. A detailed discussion of the findings follows in Section 4.2, together with an
assessment of threats to validity in Section 4.3.

4.1 Results

Following the methodology outlined in Chapter 3, we present the results of our experiments
structured around the two research questions. Beginning with an analysis of how different
sampling strategies impact subgroup discovery quality, we then explore the effects of
varying sample sizes on the stability and fidelity of discovered subgroups.

4.1.1 RQ1: Sampling Strategy

We address our first research question by analysing how different sampling strategies
influence the quality of discovered subgroups. Here, structural similarity is assessed using
precision and recall, capturing how well sampled subgroups recover the configuration sets
of their full-data counterparts. In addition, we examine weighted KL divergence to assess
whether the performance distributions between the datasets and the respective subgroups
identified by Syflow remain consistent under different sampling strategies. By comparing
the distributions of these measures across datasets and seeds, we evaluate which strategies
yield stable and reliable subgroup discovery outcomes.

Reference Subgroup Characteristics Before analysing structural similarity, we first char-
acterise the reference subgroups, i.e., the subgroups found in the full datasets, themselves.
Table 4.1 summarises key structural and distributional properties of the subgroups dis-
covered by Syflow on the full datasets. For each system, values are reported as ranges
across the (up to) five subgroups identified, capturing variability in rule complexity, sub-
group coverage, and performance distinctiveness. Overall, the datasets exhibit comparable

17
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Dataset |O| |S| Clauses Subgroup Size Relative Size KL Divergence

7z 68640 4 1 – 4 6864 – 27456 10.0% – 40.0% 2.73 – 7.37

BerkeleyDBC 2560 4 2 – 2 512 – 1024 20.0% – 40.0% 1.29 – 11.54

Dune 2304 5 3 – 4 280 – 560 12.2% – 24.3% 2.19 – 8.49

JavaGC 193536 4 2 – 3 16128 – 80640 8.3% – 41.7% 0.93 – 6.28

LLVM 1024 4 3 – 4 64 – 128 6.2% – 12.5% 2.34 – 11.82

Polly 60000 5 2 – 4 5000 – 20000 8.3% – 33.3% 0.86 – 19.56

VP9 216000 5 1 – 4 21600 – 108000 10.0% – 50.0% 1.07 – 10.15

x264 1152 5 1 – 3 96 – 768 8.3% – 66.7% 0.54 – 6.16

Table 4.1: Metadata of subgroups discovered across full datasets. Values are reported as ranges across
the subgroups found per dataset.

structural characteristics, with discovered subgroups covering between roughly 5% and
67% of the respective configuration spaces and rule complexity ranging from very compact
descriptions consisting of a single clause to more elaborate rules with up to four clauses.
Weighted KL divergence values likewise span a wide range, indicating that some datasets
contain subgroups with strongly distinct performance distributions, while others exhibit
more subtle distributional differences without pronounced outliers.

Structural Similarity We begin our assessment of sampling strategies by examining
structural similarity between subgroups discovered on sampled data and those from the
full configuration space. To this end, we analyse precision and recall metrics across all
datasets and sampling strategies, reporting median values and interquartile ranges where
applicable. In the case of LLVM, we discard t-wise sampling results, as its configuration
space does not carry any restrictions, and therefore the resulting sampled set size for any
t-wise strategy is exactly one, making meaningful subgroup discovery impossible. Another
important detail is that combinatorial t-wise sampling and solver-based sampling are
deterministic and therefore only executed once per sample size and dataset. As a result, at
most five reference subgroups are obtained per dataset and sampling strategy. Accordingly,
for deterministic strategies we analyse each matched subgroup individually, rather than
reporting aggregated statistics as is done for stochastic sampling strategies. Additionally,
for x264 and BerkeleyDBC, the sample sets generated for t = 3, 4 are identical. This is due
to the small number of configuration options in these systems (Table 3.1), which limits the
number of distinct interactions that can be covered. As a consequence, Syflow discovers
identical subgroups for these values of t.

Figure 4.1 presents the distribution of precision values across sampling strategies for each
dataset. Across most systems, stochastic sampling strategies (random, distance-based, and
diversified distance-based) achieve higher median precision values than combinatorial and
solver-based approaches.

In particular, random sampling exhibits median precision values above 0.8 for the majority
of datasets and reaches precision scores of 1.0 in four out of the eight systems. In contrast,
the precision distributions also show wide interquartile ranges. This high variability across
runs indicates a strong sensitivity to the specific sampled configurations, suggesting that
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Figure 4.1: Precision distributions across sampling strategies for all datasets.

high precision is not consistently achieved. Meanwhile, distance-based sampling reduces
this variability, as reflected by narrower interquartile ranges compared to random sampling.
In several datasets, this stabilisation is accompanied by slightly higher median precision
values, while in others the median precision decreases. This shows that reduced variability
across runs does not necessarily lead to better structural similarity. Its diversified variant
further amplifies this effect with mixed results, reducing variability in some cases and
lowering median precision values in others.

Deterministic strategies perform poorly in terms of recovering structurally similar sub-
groups. Both t-wise and solver-based sampling often manage to recover a reference subgroup
with perfect precision, however, these cases are isolated and typically limited to a single
subgroup per dataset, with the remaining discovered subgroups exhibiting substantially
lower precision values, frequently approaching zero. This behaviour is consistent regardless
of sample sizes, characteristics of the reference subgroups, or, in case of t-wise sampling,
the value of t.

Recall values, shown in Figure 4.2, are generally higher than precision values across
sampling strategies, with several datasets exhibiting median recall values close to 1.0.

Looking at stochastic strategies first, distance-based approaches continue to perform well,
achieving perfect median recall values of 1.0 in five out of eight datasets, with diversified
distance-based sampling closely following this trend and interquartile ranges that are
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Figure 4.2: Recall distributions across sampling strategies for all datasets.

typically narrower than random sampling. In the Dune dataset, distance-based sampling
even manages to achieve a perfect recall score of 1.0 across all discovered subgroups.
Random sampling on the other hand outperforms both distance-based strategies in terms
of median recall values across all but one dataset, and achieving a perfect median recall
value of 1.0 in seven out of the eight systems tested.

Meanwhile, deterministic strategies exhibit highly variable recall performance. Similar
to precision, both t-wise and solver-based sampling can enable Syflow to recover at least
one reference subgroup with high recall. However, the remaining discovered subgroups
typically show a wide range of recall values, spanning from near-perfect recall to values
close to zero.

Even in systems such as JavaGC, where high recall values are commonly achieved
across all sampling strategies, t-wise sampling still produces highly heterogeneous sets of
discovered subgroups. In particular, while some subgroups attain near-perfect recall, others
exhibit recall values close to zero, indicating that not all reference subgroups are recovered
equally well. Thus, deterministic strategies may recover individual reference subgroups
accurately, but they do not reliably preserve the broader subgroup structure present in the
full dataset.

Jointly observing precision (Fig. 4.1) and recall (Fig. 4.2) shows that recall values are
frequently higher than precision values across datasets and sampling strategies. This
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Figure 4.3: F1-score distributions across sampling strategies for all datasets.

indicates a tendency for sampling strategies to recover supersets of reference subgroups,
trading selectivity for coverage. This trade-off is particularly pronounced in datasets such
as x264 and JavaGC, where recall values consistently exceed precision values across most
sampling strategies, with the exception of 3-wise sampling.

Figure 4.3 summarises structural similarity using the F1 score. Compared to precision
and recall individually, F1 scores exhibit reduced separation between sampling strategies
across most datasets, reflecting the previously observed trade-off between precision losses
and recall gains.

Random sampling achieves high median F1 scores across datasets. However, this is often
accompanied by substantial variability, with interquartile ranges frequently wider than
those observed for distance-based strategies. Distance-based sampling improves on random
sampling by reducing this variability while maintaining comparable F1 scores, with the
exceptions of 7z and JavaGC. In these datasets, random sampling achieves a median F1 score
of 1.0, whereas distance-based sampling attains median values of 0.4 and 0.6, respectively.
Diversified distance-based sampling performs worse than its non-diversified variant, either
through increased variability, reduced median F1 scores, or both.

Solver-based sampling occasionally enables Syflow to recover an individual reference
subgroup with very high or even perfect F1 score. This behaviour can be observed in
several datasets, including JavaGC, VP9, and Polly, where a small number of matched
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subgroups cluster near the maximum F1 value. Nevertheless, this clustering is typically
limited to one or very few subgroups, while the remaining discovered subgroups exhibit
substantially lower F1 scores. As a result, solver-based sampling does not preserve the
overall subgroup structure of the full dataset, and instead is more suited towards recovering
isolated qualitative matches.

In contrast, when examining the relationship between structural similarity and the ex-
ceptionality of the corresponding reference subgroups, solver-based sampling exhibits
inconsistent behaviour. Based on a manual inspection of the matched subgroups across
datasets, subgroups discovered with the highest F1 scores are not necessarily those associ-
ated with the most distinctive performance patterns, and in some cases even correspond
to reference subgroups with comparatively low exceptionality. This indicates that while
solver-based sampling may recover structurally similar subgroups, these matches do not
consistently reflect the most distributionally exceptional reference subgroups.

Combinatorial t-wise sampling shows similarly mixed behaviour. Across all values of
t, individual subgroups may achieve high F1 scores. However, these cases are isolated
and strongly dataset-dependent, while many other matched subgroups show little to no
structural similarity. Increasing the interaction strength t does not lead to a consistent
improvement in subgroup recovery, nor does it increase the number of reference subgroups
recovered by Syflow. Consequently, while t-wise sampling can recover individual reference
subgroups, it fails to reliably recover multiple subgroups simultaneously and does not
robustly preserve the structural characteristics of the full subgroup set.

Moreover, subgroups recovered with high structural similarity are not consistently associ-
ated with reference subgroups exhibiting particularly distinctive performance behaviour.
Across datasets, structurally well-matched subgroups may correspond to reference sub-
groups with comparatively low exceptionality, and increasing the interaction strength t does
not lead to a more consistent alignment between subgroup structure and performance be-
haviour. This further supports the observation that, similar to solver-based sampling, t-wise
sampling is able to recover individual reference subgroups, but fails to reliably preserve the
relative importance or exceptionality of subgroups present in the full configuration space.

Distributional Similarity Figure 4.4 relates structural similarity, measured by the F1

score, to differences in weighted KL divergence between sampled and full-data subgroups
evaluated within their respective sampled datasets. Solver-based and combinatorial t-wise
sampling strategies are excluded from these plots due to their very limited number of
discovered subgroups, which renders distributional trends difficult to interpret reliably.

A first observation is that KL divergence differences are all following a downward
trend as F1 scores increase. This is to be expected, as subgroups that are structurally
identical are inherently also identical in terms of their performance distributions, resulting
in equal KL divergence values. As F1 scores decrease, the difference between KL divergences
increases. This is, in so far, an intuitive consequence of the previous observation, however
the relationship is not strictly linear. Instead, the majority of points form a dense, box-like
region spanning approximately F1 values between 0.0 and 0.8 and KL differences between
0 and 10. While extreme outliers become more frequent at lower F1 scores, the central mass
of points remains concentrated within this region.
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Figure 4.4: Weighted KL divergence difference distributions across sampling strategies for all
datasets.
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When comparing sampling strategies, no substantial differences are observed in the
overall structure of the KL–F1 relationship. All observed strategies populate largely the same
regions of the KL–F1 space, indicating similar relationships between structural similarity
and performance-distribution divergence.

Random sampling exhibits higher dispersion in KL divergence differences, as reflected
by a wider distribution of points across the KL–F1 space. In contrast, distance-based and
diversified distance-based sampling yield more concentrated point distributions, with only
minor differences in dispersion that vary across datasets and do not follow a consistent
pattern.

4.1.2 RQ2: Sample Size

Dataset 1% 5% 10% 20% 50%

7z 686 3432 6864 13728 34320

BerkeleyDBC 25 128 256 512 1280

Dune 23 115 230 460 1152

JavaGC 1935 9676 19353 38707 96768

LLVM 10 51 102 204 512

Polly 600 3000 6000 12000 30000

VP9 2160 10800 21600 43200 108000

x264 11 57 115 230 576

Table 4.2: Absolute sample sizes corresponding to relative sampling budgets for each dataset.

To address our second research question, which examines the effect of sample size on
subgroup quality and stability, we analyse how structural similarity and performance-
distribution divergence evolve as sample size relative to the full dataset increases. This
analysis allows us to identify whether improvements in subgroup recovery are gradual or
if they stagnate at certain sample sizes, and to what extent increased sample sizes reduce
variability across repeated runs.

Table 4.2 summarises the absolute sample sizes corresponding to the relative sampling
budgets used in our experiments for each dataset. As configuration space sizes vary
substantially between systems, identical percentage-based budgets can result in vastly
different numbers of sampled configurations. This difference is particularly pronounced
for small configuration spaces such as LLVM and x264, where even the smallest budgets
correspond to only a handful of configurations.

Structural Similarity Figure 4.5 presents the distribution of precision values across
different sample sizes for the random sampling strategy. Several datasets, such as Dune

and JavaGC, exhibit an overall upward trend in median precision as sample size increases.
In contrast, datasets such as BerkeleyDBC already achieve high median precision at very
small sample sizes, with only marginal changes thereafter.
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Figure 4.5: Precision distributions across sample sizes for random sampling strategy for all datasets.

For x264 and LLVM, precision decreases when increasing the sample size from 1% to 5%
and 10%, before stabilising again at larger sample sizes. Although this behaviour appears
counterintuitive, it is likely attributable to the extremely small absolute sample sizes at
1% (Table 4.2). With so few configurations selected, a small number of randomly chosen
samples may, by chance, already cover most or all configurations of a reference subgroup,
resulting in artificially high precision values. As the sample size increases slightly, additional
configurations introduce variability without yet providing sufficient coverage to reliably
recover subgroup structure, which can lead to temporarily lower precision.

Overall, increasing the sample size tends to reduce variability in precision across runs,
although improvements in median precision are neither monotonic nor consistent across
all datasets. Rather than exhibiting a clear plateau, datasets differ in the sample sizes at
which precision stabilises, reflecting differences in configuration space size and subgroup
complexity. Accordingly, for small configuration spaces such as LLVM and x264, precision
stabilisation is only observed at larger sampling budgets, whereas larger systems such as
VP9 and JavaGC already exhibit high median precision at relatively small sample sizes.

A similar pattern can be observed for recall, as shown in Figure 4.6. As observed for
precision, datasets exhibit varying sensitivity to sampling size, with particularly high
variability observed for sample sizes below 20%.



26 Evaluation

1% 5% 10% 20% 50%
0.0

0.2

0.4

0.6

0.8

1.0
R

ec
al

l
7z

1% 5% 10% 20% 50%

JavaGC

Q1/Q3 (quartiles)
Median

1% 5% 10% 20% 50%
0.0

0.2

0.4

0.6

0.8

1.0

R
ec

al
l

Dune

1% 5% 10% 20% 50%

Polly

1% 5% 10% 20% 50%

x264

1% 5% 10% 20% 50%
0.0

0.2

0.4

0.6

0.8

1.0

R
ec

al
l

LLVM

1% 5% 10% 20% 50%

VP9

1% 5% 10% 20% 50%

BerkeleyDBC

Sample size

Figure 4.6: Recall distributions across sample sizes for random sampling strategy for all datasets.

For instance, x264 continues to show a decreasing trend in recall from 1% to 10% before
stabilising at larger sample sizes, while 7z achieves its highest median recall at 5%, with
neighbouring sample sizes yielding lower values before stabilising again at 20%. For larger
datasets, VP9 shows a slight decrease from 1% to 5%, stabilising thereafter, whereas JavaGC
primarily benefits from reduced variability, with interquartile ranges narrowing up to a
sample size of 20%. Dune exhibits a monotonic increase in recall as sample size grows,
while the remaining datasets maintain largely stable recall distributions across all sample
sizes, with only minor changes in variability.

Taken together, these observations largely support the trends identified for precision,
with very small sample sizes yielding notable instability in recall values across datasets,
resulting in either increases or decreases in median recall depending on the specific dataset.
This variability diminishes as sample sizes grow, with larger datasets typically achieving a
stable recall value sooner than smaller ones.

Figure 4.7 summarises structural similarity using the F1 score across sample sizes for
random sampling. The trends observed for precision and recall largely carry over to
the F1 score, with datasets exhibiting varying sensitivity to small sampling sizes. Small
datasets show fluctuating F1 scores at small sample sizes before stabilising at around 20%.
Meanwhile, larger datasets stabilize already at 5%, while medium sized ones vary between
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Figure 4.7: F1-score distributions across sample sizes for random sampling strategy for all datasets.

these extremes. Beyond these thresholds, there are diminishing returns from increasing the
sampling size for random sampling, independent of absolute sample size increases.

Distributional Similarity Figure 4.8 relates structural similarity, measured by the F1

score, to differences in weighted KL divergence across increasing sample sizes for random
sampling. Overall, the same characteristic relationship observed in Section 4.1.1 persists.

Notably, increasing the sample size does not fundamentally alter this behaviour. Sub-
groups discovered from both small and large samples populate the same regions of the
KL–F1 space, and no qualitatively new patterns emerge as sample size increases. Instead,
the primary effect of larger sample sizes is a reduction in variance, with points concentrating
more tightly and at higher density towards lower KL divergence differences, while smaller
sample sizes tend to exhibit a wider spread. Nevertheless, the general trend remains consis-
tent across all sample sizes, with the exception of LLVM and 7z, where smaller samples
show a slightly higher KL divergence spread at lower F1 scores.

In summary, increasing the sampling size primarily reduces the frequency of extreme
outliers in the KL–F1 space, rather than altering the overall shape or location of the
distribution. While larger samples lead to more tightly clustered results, they do not
fundamentally change the relationship between structural similarity and performance-
distribution divergence. This indicates that increasing sample size improves the stability of
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Figure 4.8: Weighted KL divergence difference distributions across sample sizes for random sampling
strategy for all datasets.
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distributional estimates, but does not reliably eliminate sampling-induced distortions in
subgroup performance distributions.

4.2 Discussion

This section discusses and contextualises the experimental results by analysing how different
sampling strategies interact with subgroup discovery in Syflow, and what this implies for
the quality and reliability of the discovered subgroups.

4.2.1 RQ1: Sampling Strategy

When comparing different sampling strategies with respect to their ability to support
subgroup discovery on sampled data, stochastic strategies (random, distance-based, and
diversified distance-based) tend to produce sample sets from which Syflow discovers
multiple subgroups with moderate to high structural similarity to the reference (for more
details, see Appendix A.1). Meanwhile, deterministic strategies often recover only a small
number of subgroups, sometimes with very high similarity.

As shown in Figure 4.3, stochastic strategies more frequently yield higher median F1

scores accompanied by narrower interquartile ranges, reflecting greater consistency across
runs. In contrast, deterministic strategies exhibit pronounced dataset-dependent behaviour
and wide spreads in subgroup similarity, largely driven by the fact that individual reference
subgroups may be recovered well while others are missed entirely. As a result, aggregate
similarity metrics are less comparable across strategies, and conclusions regarding relative
performance must be drawn cautiously.

Among the stochastic approaches, random sampling frequently produces sampled config-
uration sets that allow Syflow to discover subgroups with high structural similarity to the
reference subgroups. That said, this performance comes at the cost of substantial variability,
reflected in wide spreads across runs and datasets. In practice, mitigating this variability
would require either repeated sampling and reruns or substantially larger sample sizes,
both of which increase measurement effort and limit the practical efficiency of pure random
sampling.

Distance-based sampling and its diversified variant provide a more favourable trade-off.
Both preserve high structural similarity while substantially reducing variability in the
discovered subgroups. Distance-based sampling in particular often achieves high similarity
comparable to random sampling, but with markedly more stable results, whereas the
diversified variant further reduces variance at the cost of slightly less reliable subgroup
recovery.

Deterministic strategies, such as combinatorial t-wise sampling and our implementation
of solver-based sampling, reliably allow Syflow to recover at least one reference subgroup
with high structural similarity in most datasets. In case of solver-based sampling in partic-
ular, Syflow typically manages to find multiple subgroups closely resembling the target
subgroup. However, beyond these top-performing subgroups, the remaining discovered
subgroups often exhibit substantially lower structural similarity. Therefore, the overall
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reliability of solver-based sampling on its own remains limited without additional tests to
identify which subgroups are likely to be recovered. Instead, solver-based sampling may
be better suited as a complementary strategy to refine or validate subgroups discovered
through stochastic sampling.

Combinatorial t-wise sampling shows highly inconsistent behaviour across datasets and
interaction strengths t. Part of this may be attributed to the specific implementation of t-wise
sampling used in this study, as it does not aim to cover all possible value combinations
of interacting features. Instead, it focuses on interactions where all involved features are
enabled simultaneously. While this design choice is common in configurable systems testing,
it can be particularly problematic for subgroup discovery, where subgroup definitions
may rely equally on disabled features or mixed-value interactions. As a result, structurally
relevant subgroups whose defining characteristics involve such combinations may be
systematically underrepresented or entirely absent from the sampled configuration sets.
This bias provides an explanation for the inconsistent structural similarity observed for t-
wise sampling and highlights a fundamental limitation of applying standard t-wise sampling
techniques directly to subgroup discovery tasks and making it unsuitable as a standalone
sampling strategy in this context, while underperforming as a potential validation-tactic in
place of solver-based sampling.

Taken together, these observations suggest that the occasional recovery of highly similar
subgroups by deterministic strategies should be interpreted with caution. Across datasets,
structurally well-matched subgroups are not consistently among those exhibiting the most
distinctive performance behaviour. Thus, while deterministic strategies can recover isolated
matches, they do not reliably preserve the relative importance or ordering of subgroups
present in the full configuration space.

Figure 4.4 shows that low KL divergence values do not reliably correspond to high F1

scores, meaning that subgroups discovered from sampled data can exhibit similar perfor-
mance distributions despite low structural similarity to the reference, while structurally
similar subgroups may still display noticeable distributional differences. This relationship
indicates that Syflow’s optimisation objective is highly sensitive to differences in perfor-
mance distributions, and that such differences may remain small even when the discovered
subgroup structure differs substantially.

Importantly, the observed KL divergence results further suggest that no sampling strategy
consistently preserves performance distributions across all runs. Instead, for all evaluated
strategies, there exist individual runs in which the sampled configuration set induces
sufficiently strong distortions in the performance distribution to hinder Syflow’s ability
to discover the reference subgroups in respective samples. These cases do not appear to
be tied to a specific sampling strategy, but rather occur sporadically across all stochastic
approaches. This strongly indicates that distortions in the distribution of performance
values are primarily driven by the specific sampled configurations, and is therefore highly
dependent on the random seed or sample composition rather than the sampling strategy
itself.

As a result, distortions in performance distributions within sample sets appear to be
driven primarily by the specific random seed and resulting sampled configurations, rather
than by the choice of sampling strategy itself. While stochastic strategies differ markedly in
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how consistently they enable structural recovery, none of them reliably prevent occasional
distortions of the performance distribution.

Answer to RQ1: Sampling Strategy Stochastic sampling strategies (random, distance-
based, and diversified distance-based) tend to generate sampled configuration sets that
enable Syflow to recover structurally similar subgroups more consistently. Among these,
distance-based sampling offers a favourable balance between structural similarity and
reduced variability across runs, making it a robust choice for subgroup discovery under
sampling constraints.

Deterministic strategies, such as solver-based and t-wise sampling, typically result in a
much smaller number of discovered subgroups. Within this limited set, Syflow is often
able to recover individual reference subgroups with high structural similarity. However,
this recovery is highly inconsistent across subgroups and datasets. Moreover, structurally
well-matched subgroups do not reliably correspond to the most exceptional subgroups
present in the full configuration space. Consequently, results obtained from deterministic
strategies alone are less reliable and should be interpreted with caution. These strategies
may therefore be better suited as complementary approaches, for example to validate or
refine subgroups identified using stochastic sampling.

Meanwhile, distortions in performance distributions are observed across all evaluated
sampling strategies and are not confined to any single approach. Syflow’s subgroup
discovery process is highly sensitive to such distortions, which can hinder the rediscovery
of reference subgroups even when structural similarity would otherwise be expected.

4.2.2 RQ2: Sample Size

When analysing the effect of sample size on subgroup discovery, our results show that both
the relative sampling budget and the resulting absolute number of sampled configurations
play a crucial role in determining the stability and quality of discovered subgroups. While
percentage-based sample sizes provide a convenient normalisation across datasets, Table 4.2
highlights that identical relative budgets can correspond to vastly different absolute sample
sizes depending on the size of the overall configuration space.

At small sample sizes between 1% and 10%, subgroup discovery results exhibit high
variability across most datasets, as reflected by wide interquartile ranges for precision
and recall (Fig. 4.5 and Fig. 4.6). This instability is particularly pronounced for systems
with small configuration spaces, such as LLVM and x264, where even 5% or 10% sampling
corresponds to only a few dozen configurations. In these cases, minor changes in the
sampled configurations can substantially alter the performance distribution observed by
Syflow, leading to fluctuating subgroup discovery outcomes. In contrast, larger systems
such as VP9 and JavaGC already reach comparatively large absolute sample sizes at low
relative budgets, allowing these datasets to stabilize at lower relative sample sizes.

As sample size increases, subgroup discovery becomes markedly more stable across
all datasets. For most systems, variability decreases substantially once sample sizes reach
approximately 20%. However, this threshold should not be interpreted as a universal rule.
Rather, it represents a point at which the sampled configuration sets appear sufficiently
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large to capture the dominant performance patterns of the underlying configuration space
for the datasets studied. For small datasets, the absolute sample sizes corresponding to this
threshold range from around 200 to 500 configurations. For large datasets, this stabilisation
often occurs at 5% of their relative size, despite their absolute sample sizes already reaching
close to a thousand configurations at 1%. This suggests that stable subgroup discovery relies
on both absolute sample size, which enables reliable estimation of performance distributions
and subgroup boundaries, and relative sample size, which ensures adequate coverage of
the configuration space and reduces sampling bias.

Beyond these stabilisation points, increasing the sample size further yields diminishing
returns. Median precision, recall, and F1 scores improve only marginally when increasing
the sampling budget from 20% to 50%, independent of the absolute size of the dataset. This
suggests that once a sufficient level of coverage has been achieved, additional sampled
configurations contribute little new information for subgroup discovery, instead primarily
reinforcing already discovered patterns.

A similar interpretation applies to performance-distribution divergence. As shown in
Figure 4.8, increasing the sample size primarily reduces variance in the KL–F1 space, with
points concentrating more tightly at higher F1 scores and lower KL divergence differences.
In contrast, increasing the sample size does not introduce qualitatively new relationships
between structural similarity and performance-distribution similarity. Instead, the same char-
acteristic KL–F1 relationship observed for smaller samples persists across all sample sizes.
This indicates that while larger samples improve the reliability of performance-distribution
estimates, they do not fundamentally change Syflow’s sensitivity to distributional distor-
tions.

Taken together, these results indicate that the primary role of sample size lies in sta-
bilising subgroup discovery by reducing sampling-induced noise and variability. Larger
samples improve subgroup quality mainly by making subgroup recovery more reliable and
less dependent on the specific sampled configurations. However, once the sampled data
sufficiently captures the dominant performance patterns of the configuration space, further
increases in sample size yield diminishing returns, both in terms of structural similarity
and agreement of performance distributions.

Answer to RQ2: Sample Size Small sampling budgets frequently result in unstable sub-
group discovery outcomes. Stability improves substantially once the sampled configuration
set reaches both a sufficient absolute size and a sufficient relative size. In our study, an abso-
lute sample size of approximately 200–500 configurations is typically required to reliably
estimate performance distributions and subgroup boundaries, while a sufficiently large
relative sample size is necessary to ensure adequate coverage diversity and avoid sampling
bias. For moderately sized configuration spaces, these conditions often coincide at relative
sampling budgets of around 20%, whereas for large configuration spaces stabilisation may
already occur at relative budgets as low as 5%, once comparable absolute sample sizes
are reached. Beyond this point, further increases in sample size yield diminishing returns,
primarily reducing variance rather than improving subgroup quality.

Performance-distribution divergence follows a similar pattern, with larger samples reduc-
ing variability but not fundamentally altering the relationship between structural similarity
and performance-distribution similarity. This suggests that sample size primarily affects
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the robustness of subgroup discovery rather than the underlying optimisation behaviour of
Syflow.

4.3 Threats to Validity

This section discusses potential threats to the validity of the presented results. We distinguish
between threats to internal validity, which concern the correctness and reliability of the
experimental setup and measurements, and threats to external validity, which concern the
generalisability of the findings beyond the studied setting.

4.3.1 Internal Validity

A first threat to internal validity arises from our choice of hyperparameters for Syflow

across all experiments. While these hyperparameters may not be optimal for every dataset,
using a static setup ensures comparability across sampling strategies and datasets. By fixing
the hyperparameters, we isolate the effects of sampling strategy and sample size, which is
the primary focus of this study. Nevertheless, alternative parameterisations of Syflow could
yield different subgroup structures or stability characteristics.

Second, the datasets used in this study rely on pre-existing performance measurements,
which may contain noise due to uncontrolled environmental factors, system variability,
or measurement imprecision. Nevertheless, while this noise cannot be fully eliminated,
its impact is expected to affect all sampling strategies similarly and therefore primarily
increases variance rather than systematically biasing comparisons.

Third, several evaluated sampling strategies are stochastic in nature, including random,
distance-based, and diversified distance-based sampling. To reduce the influence of random-
ness, all stochastic experiments were repeated across multiple random seeds, and results are
reported using distributional statistics rather than single runs. This allows us to explicitly
analyse variability and stability as part of the evaluation.

Another potential threat stems from the subgroup matching procedure used during
evaluation. Subgroups are aligned using a one-to-one matching based on maximal F1 score,
which ensures interpretability and avoids assumptions about subgroup ordering. However,
this matching does not guarantee a globally optimal assignment across all subgroups
and ignores performance-distribution similarity when forming matches. While alternative
matching strategies could yield slightly different aggregate similarity values, the consistent
trends observed across datasets and sampling strategies suggest that the main conclusions
are robust to these choices.

Finally, the KL divergence used for evaluation differs from the continuous KL divergence
optimised internally by Syflow. Although the weighted formulation mirrors the structure
of the optimisation objective, evaluation relies on a discrete approximation over empirical
distributions. As a result, KL divergence values should be interpreted comparatively rather
than as exact reflections of the optimisation objective. Despite this limitation, using a
consistent divergence measure across all experiments ensures fair comparisons between
sampling strategies.
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4.3.2 External Validity

The primary threat to external validity is that this study exclusively evaluates Syflow as
the subgroup discovery method. While this limits direct generalisation to other subgroup
discovery algorithms, focusing on a single method allows us to clearly attribute observed
effects to sampling strategy and sample size rather than algorithmic differences. Moreover,
Syflow’s emphasis on performance-distribution modelling makes it particularly suitable
for studying sampling-induced distortions, which are central to this work. Still, future work
should explore alternative subgroup discovery algorithms and hyperparameter setups to
assess the generalisability of these findings.

Additionally, the set of sampling strategies considered, while representative, is not
exhaustive. We include random, deterministic solver-based, combinatorial t-wise, and
distance-based approaches, covering both stochastic and deterministic families. Although
other sampling strategies or hybrid approaches may exhibit different behaviour, the selected
strategies represent commonly used and conceptually distinct techniques, providing a broad
basis for comparison.

The evaluation is further limited to eight configurable software systems. However, these
systems span diverse domains, configuration space sizes, and complexity levels, ranging
from small to very large configuration spaces and are established in prior literature [19].
This diversity supports a degree of generalisability, even though results may not directly
extend to systems with extremely large, continuous, or highly non-Boolean configuration
domains.

Finally, this thesis focuses exclusively on runtime performance as the target variable. Other
non-functional properties, such as memory consumption or energy usage, may interact
differently with sampling and subgroup discovery. Nevertheless, runtime performance
is a widely studied and practically relevant metric [10, 11, 16, 20], making the findings
applicable to a broad class of performance analysis scenarios.
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Related Work

In this chapter, we review work closely related to the contributions of this thesis. We first
discuss sampling strategies for configurable software systems and their applications and
challenges in performance analysis. We then outline approaches based on performance-
influence models and feature-interaction detection. Finally, we introduce subgroup discovery
as a data-mining technique and discuss its relationship to performance analysis in config-
urable software systems.

Sampling Strategies A wide range of sampling strategies has been proposed to deal
with the exponentially large configuration spaces of configurable software systems. Baseline
approaches include uniform random sampling [19, 26] as well as solver-based sampling [6,
13], which relies on constraint solvers to generate valid configurations that respect feature-
model constraints. In practice, solver-based approaches enumerate the first n solutions
produced by the solver, which may bias the sample towards particular regions of the
configuration space. To mitigate this effect, solver-based approaches are often combined
with randomisation [5, 6, 13–15], or additional coverage criteria [17].

Coverage-oriented strategies are commonly based on combinatorial interaction testing,
most notably t-wise sampling [17, 24, 26]. A t-wise sample ensures that all combinations
of any t configuration options occur in at least one sampled configuration. Such strategies
are effective at exposing low-order feature interactions but are limited to interactions of
bounded size and do not necessarily yield a diverse representation of the configuration
space, as coverage guarantees may be satisfied by relatively few and structurally similar
configurations, particularly in the presence of sparse feature constraints [17, 26, 30].

Another line of work compiles feature models into decision-diagram representations (BD-
D/MDD) to enable efficient counting, reasoning, and, in some cases, uniform or distribution-
aware sampling of valid configurations [4, 9]. Recent work in this direction demonstrates
improved scalability and compactness of multi-valued decision diagrams for counting
and representing large feature-model product sets [4], and other work proposes scalable
samplers for extremely large configuration spaces such as the Linux kernel [9].

Distance-based sampling takes a complementary perspective by explicitly maximising
diversity among sampled configurations. Instead of guaranteeing interaction coverage, these
approaches aim to distribute configurations evenly across the configuration space according
to a distance metric. Kaltenecker et al. [19] propose distance-based sampling schemes that
ensure balanced coverage across different configuration distances, which has been shown to
improve the representativeness of samples for performance analysis tasks. An extension of
this approach, diversified distance-based sampling [19], further balances option frequencies
to avoid over-representing common features.

35



36 Related Work

Comparative studies highlight that these strategies trade off coverage, diversity, and
measurement cost in different ways. Varshosaz et al. [30] classify sampling strategies along
dimensions such as required input artefacts, sampling algorithm, and evaluation criteria,
illustrating the lack of a universally optimal strategy. Similarly, Medeiros et al. [26] show
that combining multiple sampling strategies can outperform individual approaches for fault
detection, even when individual samplers perform well in isolation.

Performance-Influence Models and Interaction Detection Performance-influence mod-
els aim to learn how configuration options and their interactions affect non-functional
properties such as runtime, latency, or throughput. Most approaches treat the system as
a black box, measuring a subset of configurations, and a predictive model is trained to
estimate performance for unseen configurations. Common modelling techniques include
linear regression, decision trees, and ensemble methods, which balance predictive accuracy
with interpretability [1, 28]. Tree-based models [10] are particularly popular in performance-
influence modelling due to their ability to capture non-linear effects and feature interactions
while remaining relatively interpretable. More recently, neural-network-based models [11]
have been explored to capture complex, non-linear performance effects that are difficult to
express with traditional learners.

Beyond prediction, several approaches explicitly target the detection of feature inter-
actions. Siegmund et al. [28] define feature interactions as non-additive effects of option
combinations and propose methods to automatically detect such interactions from mea-
surement data. These techniques aim to identify small sets of interacting options that
explain unexpected performance behaviour, a goal closely related to subgroup discovery.
Complementary work studies not only how to detect interactions but also how to char-
acterise and classify them. For example, Apel et al. [2] provide a systematic classification
of feature interactions in configurable systems and discuss their implications for analysis
and testing. Kolesnikov et al. [20] show that, across a range of real-world configurable
systems, performance-influence models are dominated by low-order interactions involving
only two or three options, which explains why relatively small and interpretable models
can achieve high accuracy in practice. Dynamic, variational-execution-based approaches
such as VarXplorer [29] provide lightweight processes and visualisations to expose which
features interact and to help classify interactions as benign or suspicious in practice.

Recent work explores more expressive learners and transfer learning. DeepPerf, proposed
by Ha and Zhang [11], uses deep neural networks to capture complex, non-linear interactions
in large configuration spaces and has been shown to outperform traditional regression
models in high-dimensional settings. Transfer-learning approaches reuse performance
knowledge across environments, such as different hardware platforms or workloads, to
reduce measurement cost. Jamshidi et al. [16] show that small environmental changes can
often be handled via simple transformations, whereas larger changes require transferring
structural knowledge, such as influential features, to guide new sampling.

White-box approaches complement black-box models by incorporating program analysis
or profiling. For example, Weber et al. [31] combine lightweight profiling with learning to
attribute performance effects to specific code regions, yielding more actionable explanations.
While such methods are powerful, they require access to source code and instrumentation,
and are therefore orthogonal to the black-box sampling scenarios studied in this thesis.
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Subgroup Discovery Subgroup discovery originates from data mining and aims to
identify interpretable descriptions of subpopulations whose behaviour deviates from that of
the overall population. Formally, subgroups are defined by simple rules, such as conjunctions
of attribute conditions, and are evaluated using quality measures that balance subgroup
size and deviation from the global distribution [3, 12].

Early work on subgroup discovery focused on making the search feasible despite the
exponential number of possible subgroup descriptions by employing efficient search strate-
gies and pruning techniques that eliminate unpromising candidates early [3]. Later work
extended these methods to numeric target variables and showed that carefully designed
bounds can further reduce the search space [25]. Overall, these studies demonstrate that
pruning strategies and suitable quality measures are essential for scalable and robust
subgroup discovery [12].

Sampling has also been studied directly in the context of subgroup discovery. Scholz [27]
proposes a knowledge-based sampling approach that reweights the data distribution based
on previously discovered rules, biasing subsequent discovery towards novel and rare
patterns. This iterative sampling scheme yields smaller and more diverse subgroup sets and
illustrates how sampling choices can substantially influence both the stability and diversity
of discovered subgroups.

Overall, subgroup discovery differs from performance-influence modelling in its focus on
local, interpretable explanations rather than global predictive accuracy. At the same time,
its goal of identifying small, exceptional regions of the configuration space closely aligns it
with feature-interaction detection methods in configurable software systems.





6
Concluding Remarks

In this thesis, we conducted an empirical study on eight real-world configurable software
systems to investigate how sampling strategies and sample size influence subgroup dis-
covery outcomes with Syflow. For this purpose, we generated sample sets using several
established sampling strategies and applied Syflow to both sampled and full datasets. We
then compared the resulting subgroups to assess how sampling affects the ability of Syflow

to discover the same subgroups previously identified on the full configuration spaces.
Our results show that sample sets generated by stochastic strategies (random, distance-

based, diversified distance-based) often allow Syflow to discover subgroups that closely
resemble reference subgroups in terms of structure, although the consistency of this recovery
varies across strategies and datasets. Among these, distance-based sampling frequently
yields a favourable balance between structural similarity and result stability, whereas random
sampling, while capable of producing highly similar subgroups, suffers from substantial
variability across runs. Deterministic strategies, i.e., our solver-based implementation and
t-wise sampling, typically result in a much smaller set of recovered subgroups. Within
these limited results, individual reference subgroups may be recovered well, but recovery
quality varies strongly across datasets and subgroups, which limits the reliability of these
approaches when used in isolation.

Meanwhile, sampling can alter the observed performance behaviour of subgroups under
all evaluated strategies. Across datasets, subgroups discovered from sampled data may
still exhibit performance distributions similar to those of reference subgroups even when
their structural similarity is low, and vice versa. This indicates that stochastic factors,
namely the random seed and sampled configurations, more strongly influence performance
distributions than sampling strategies or different sample sizes do. Further, it suggests that
Syflow’s subgroup discovery process remains sensitive to small changes in the sampled
performance data, and similarity in performance distributions alone does not reliably imply
structural agreement.

In further experiments, we find that very small sample sizes lead to highly unstable
subgroup discovery outcomes, characterised by large variability in structural similarity and
frequent mismatches to reference subgroups. As sample size increases, subgroup discovery
becomes more stable, allowing subgroups from the sample set to match reference subgroups
more consistently across systems. However, these improvements plateau once moderate
sample sizes are reached, with further increases yielding diminishing returns. Notably,
while larger sample sizes reduce variance in performance distributions, the structural agree-
ment between discovered subgroups and reference subgroups remains largely unchanged
compared to the observations in smaller sample sizes.
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In conclusion, we show that both sampling strategy and sample size substantially in-
fluence the reliability of subgroup discovery in configurable software systems. Sampled
configuration sets that provide sufficient coverage and stability, particularly those obtained
via distance-based sampling at sample sizes of around 20% and an absolute size of at least
200 configurations, offer the most reliable conditions for recovering meaningful subgroup
structure. At the same time, sampling-induced distortions of performance distributions
can occur regardless of strategy or sample size, highlighting the importance of repeated
sampling, robustness checks, and cautious interpretation of subgroup discovery results.



A
Appendix

In this chapter, we provide additional results collected in our experimental study. We
begin by reporting an analysis of discovery distributions and discovery progression, which
quantifies how many high-quality reference subgroups are recovered across runs for each
stochastic sampling strategy. These results were used to support qualitative observations in
the main evaluation regarding the consistency and multiplicity of subgroup recovery.

We then present results for distance-based and diversified distance-based sampling under
increasing sample sizes, which were omitted from the main evaluation due to technical issues
during data collection. Finally, we report results of a Spearman rank correlation analysis
between structural similarity and performance-distribution similarity for deterministic
sampling strategies.

a.1 Discovery Distribution and Progression

This section reports supplementary statistics on how many high-quality reference subgroups
are recovered across runs for each stochastic sampling strategy.

Dataset n=0 n=1 n=2 n=3 n=4 n=5+ Total Mean

7z 2.2% 22.2% 55.4% 19.2% 1.0% 0.0% 500 1.95

BerkeleyDBC 6.6% 39.2% 36.4% 14.6% 2.2% 1.0% 500 1.70

Dune 46.4% 40.1% 12.6% 0.8% 0.0% 0.0% 491 0.68

JavaGC 2.4% 9.0% 46.8% 36.0% 5.8% 0.0% 500 2.34

LLVM 27.8% 44.0% 25.1% 2.9% 0.2% 0.0% 414 1.04

Polly 17.3% 21.9% 48.3% 12.1% 0.4% 0.0% 462 1.56

VP9 38.5% 27.6% 20.5% 12.3% 1.0% 0.0% 478 1.10

x264 55.8% 34.6% 8.7% 0.6% 0.2% 0.0% 471 0.55

All 24.3% 29.5% 32.0% 12.7% 1.4% 0.1% 3816 1.38

Table A.1: Discovery distribution for random sampling.
Each entry reports the percentage of runs in which Syflow recovered exactly n reference
subgroups with an F1 score of at least 0.9. The mean column denotes the average number
of such high-quality subgroup matches per run across all runs for the dataset.
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Dataset 0→1 1→2 2→3 3→4 4→5 Runs

7z 97.8% 77.3% 26.7% 5.0% 0.0% 500

BerkeleyDBC 93.4% 58.0% 32.8% 18.0% 31.2% 500

Dune 53.6% 25.1% 6.1% 0.0% — 491

JavaGC 97.6% 90.8% 47.2% 13.9% 0.0% 500

LLVM 72.2% 39.1% 11.1% 7.7% 0.0% 414

Polly 82.7% 73.6% 20.6% 3.4% 0.0% 462

VP9 61.5% 55.1% 39.5% 7.8% 0.0% 478

x264 44.2% 21.6% 8.9% 25.0% 0.0% 471

All 75.7% 61.0% 30.7% 10.9% 8.5% 3816

Table A.2: Discovery progression for random sampling.
Each column n→n+1 reports the conditional probability (in percent) that a run which
recovered n reference subgroups with F1 ≥ 0.9 also recovered at least n+1 such subgroups.

Dataset n=0 n=1 n=2 n=3 n=4 n=5+ Total Mean

7z 9.0% 66.2% 20.2% 4.4% 0.2% 0.0% 500 1.21

BerkeleyDBC 5.0% 25.0% 45.8% 23.8% 0.4% 0.0% 500 1.90

Dune 0.0% 0.0% 50.0% 50.0% 0.0% 0.0% 200 2.50

JavaGC 7.0% 39.2% 46.8% 7.0% 0.0% 0.0% 500 1.54

LLVM 12.6% 53.9% 29.9% 3.6% 0.0% 0.0% 388 1.24

Polly 23.6% 47.1% 26.5% 2.7% 0.0% 0.0% 437 1.08

VP9 62.0% 25.0% 10.7% 2.3% 0.0% 0.0% 476 0.53

x264 42.2% 46.7% 11.1% 0.0% 0.0% 0.0% 415 0.69

All 21.3% 40.4% 29.1% 9.2% 0.1% 0.0% 3416 1.26

Table A.3: Discovery distribution for distance-based sampling.
Each entry reports the percentage of runs in which Syflow recovered exactly n reference
subgroups with an F1 score of at least 0.9. The mean column denotes the average number
of such high-quality subgroup matches per run across all runs for the dataset.
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Dataset 0→1 1→2 2→3 3→4 4→5 Runs

7z 91.0% 27.3% 18.5% 4.3% 0.0% 500

BerkeleyDBC 95.0% 73.7% 34.6% 1.7% 0.0% 500

Dune 100.0% 100.0% 50.0% 0.0% — 200

JavaGC 93.0% 57.8% 13.0% 0.0% — 500

LLVM 87.4% 38.3% 10.8% 0.0% — 388

Polly 76.4% 38.3% 9.4% 0.0% — 437

VP9 38.0% 34.3% 17.7% 0.0% — 476

x264 57.8% 19.2% 0.0% — — 415

All 78.7% 48.7% 24.1% 0.9% 0.0% 3416

Table A.4: Discovery progression for distance-based sampling.
Each column n→n+1 reports the conditional probability (in percent) that a run which
recovered n reference subgroups with F1 ≥ 0.9 also recovered at least n+1 such subgroups.

Dataset n=0 n=1 n=2 n=3 n=4 n=5+ Total Mean

7z 9.4% 40.6% 41.4% 8.2% 0.4% 0.0% 500 1.50

BerkeleyDBC 6.6% 38.8% 42.2% 10.2% 2.2% 0.0% 500 1.63

Dune 0.5% 74.0% 9.9% 15.6% 0.0% 0.0% 192 1.41

JavaGC 11.8% 37.6% 39.6% 9.2% 1.8% 0.0% 500 1.52

LLVM 24.6% 47.6% 23.7% 4.1% 0.0% 0.0% 418 1.07

Polly 47.2% 41.4% 11.4% 0.0% 0.0% 0.0% 394 0.64

VP9 58.5% 27.7% 10.1% 3.7% 0.0% 0.0% 487 0.59

x264 32.6% 48.1% 18.7% 0.6% 0.0% 0.0% 466 0.87

All 25.1% 41.9% 26.5% 6.0% 0.6% 0.0% 3457 1.15

Table A.5: Discovery distribution for diversified distance-based sampling.
Each entry reports the percentage of runs in which Syflow recovered exactly n reference
subgroups with an F1 score of at least 0.9. The mean column denotes the average number
of such high-quality subgroup matches per run across all runs for the dataset.
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Dataset 0→1 1→2 2→3 3→4 4→5 Runs

7z 90.6% 55.2% 17.2% 4.7% 0.0% 500

BerkeleyDBC 93.4% 58.5% 22.7% 17.7% 0.0% 500

Dune 99.5% 25.7% 61.2% 0.0% — 192

JavaGC 88.2% 57.4% 21.7% 16.4% 0.0% 500

LLVM 75.4% 36.8% 14.7% 0.0% — 418

Polly 52.8% 21.6% 0.0% — — 394

VP9 41.5% 33.2% 26.9% 0.0% — 487

x264 67.4% 28.7% 3.3% 0.0% — 466

All 74.9% 44.1% 19.9% 9.6% 0.0% 3457

Table A.6: Discovery progression for diversified distance-based sampling.
Each column n→n+1 reports the conditional probability (in percent) that a run which
recovered n reference subgroups with F1 ≥ 0.9 also recovered at least n+1 such subgroups.
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a.2 Distance-Based Sampling with Increasing Sample
Sizes

In this section, we present results for distance-based and diversified distance-based sampling
strategies evaluated under increasing sample sizes. We exclude results for Dune due to
technical issues during data collection.
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Figure A.1: Recall distributions across sample sizes for distance-based sampling.
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Figure A.2: Precision distributions across sample sizes for distance-based sampling.
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Figure A.3: F1-score distributions across sample sizes for distance-based sampling.



A.2 Distance-Based Sampling with Increasing Sample Sizes 47

1% 5% 10% 20% 50%
0.0

0.2

0.4

0.6

0.8

1.0

R
ec

al
l

7z

1% 5% 10% 20% 50%

JavaGC

Q1/Q3 (quartiles)
Median

1% 5% 10% 20% 50%
0.0

0.2

0.4

0.6

0.8

1.0

R
ec

al
l

Polly

1% 5% 10% 20% 50%

x264

1% 5% 10% 20% 50%

LLVM

1% 5% 10% 20% 50%
0.0

0.2

0.4

0.6

0.8

1.0

R
ec

al
l

VP9

1% 5% 10% 20% 50%

BerkeleyDBC

Sample size

Figure A.4: Recall distributions across sample sizes for diversified distance-based sampling.
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Figure A.5: Precision distributions across sample sizes for diversified distance-based sampling.
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Figure A.6: F1-score distributions across sample sizes for diversified distance-based sampling.



Statement on the Usage of Generative
Digital Assistants

For this proposal, the following generative digital assistants have been used:
We have used ChatGPT1 for text revision to address grammatical errors and ensure formal
phrasing.
We have used GitHub Copilot2 for code completion and general help with Python’s syntax
(for example, to create the intersection of two sets). The tool was further used to refactor
and simplify existing code to aid readability and resolve issues. Suggestions by it have been
verified by reading up on Python’s or the respective library’s documentation and manual
debugging.
We are aware of the potential dangers of using these tools and have used them sensibly
with caution and with critical thinking.

1 https://chat.openai.com/

2 https://github.com/features/copilot
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