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Abstract

Program comprehension is a fundamental activity in software engineering and is influenced
by both cognitive processes and structural properties of the source code. Numerous ap-
proaches have proposed code metrics to approximate code understandability. However, their
relationship to actual human code comprehension performance is not yet fully understood.

This thesis investigates how structural code properties relate to program comprehension
by analyzing individual performance and variability across participants. Comprehension is
operationalized using task correctness and response time. Based on this operationalization,
multiple classes of structural metrics are examined, including size-based, control-flow-based
and data-flow-based representations.

The results show that structural metrics have measurable but only limited associations
with code comprehension outcomes. Size-related measures demonstrate consistent rela-
tionships with performance, while data-flow characteristics provide additional explanatory
power by capturing dependencies between variables that contribute to code comprehension
difficulty. Furthermore, the analysis of variability shows that structural properties influ-
ence not only performance but also the consistency with which code is understood across
participants.

Overall, the findings indicate that human code comprehension cannot be fully explained
by individual metrics alone, but benefits from considering multiple structural perspectives.
In particular, incorporating data-flow-related information contributes to a more comprehen-
sive understanding of how code structure affects human comprehension performance.
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Introduction

Understanding source code is a core activity in software development, as developers
must repeatedly interpret existing programs in tasks such as debugging, reviewing and
maintaining code [40]. Code comprehension difficulty depends on a variety of factors,
including familiarity with programming constructs, the quality of identifiers and the overall
structure of the code [9, 35]. In particular, the way a program organizes its control-flow
and data-flow is crucial, since it governs both the execution order of operations and the
dependencies between values [33]. Although these structural metrics have been extensively
studied from a program analysis perspective [15, 30], their precise impact on how humans
comprehend code remains insufficiently understood [40].

With this thesis, we contribute to closing this gap by investigating how structural proper-
ties of code relate to human code comprehension. Rather than conducting a new experiment,
we build on two existing controlled user studies [4, 32], in which participants” understanding
of multiple code snippets was empirically measured. Using these results, we analyze in this
thesis which flow-based properties best explain differences in human code comprehension
performance.

1.1 Goal of this Thesis

The primary goal of this thesis is to identify which structural properties of code, particularly
those related to data-flow and control-flow, have the strongest influence on human code
comprehension. To achieve this, in this thesis, we examine a range of established program-
structure metrics such as cyclomatic complexity [28] and dependency degree [5] and evaluate
how strongly they relate to comprehension outcomes derived from the user studies.

More specifically, we construct in this thesis control-flow graphs and use-def graphs for
each code snippet in the dataset and compute a set of structural metrics that capture flow
complexity and data dependencies. We then analyze the relationships among these metrics
and evaluate their explanatory power for human code comprehension. For this purpose,
we use statistical models, especially mixed-effects models, to investigate how structural
metrics relate to the observed comprehension performance, while taking the variability of
participants and code snippets into account.
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1.2 Overview

We structure this thesis into several chapters. In Chapter 2 we introduce the theoretical
foundations, including cognitive perspectives on program comprehension and graph-based
representations of source code, such as control-flow and data-flow graphs.

In Chapter 3 we present the empirical approach of this thesis. There we describe the
construction of control-flow and data-flow representations, the extraction of structural
metrics and the statistical methods to analyze their relationship with comprehension
performance.

In Chapter 4 we report and interpret the findings of the empirical analysis, focusing on
how different structural metrics relate to human code comprehension.

In Chapter 5 we review existing research on code comprehension and software metrics,
with a particular focus on studies that investigate structural properties of code and their
relationship to human code comprehension.

Finally, in Chapter 6 we summarize the main contributions of this thesis and outline
directions for future work.



Background

In this chapter, we present the theoretical foundations of this thesis by connecting cognitive
perspectives on code comprehension with formal representations of program structures. We
discuss how developers understand source code and introduce control-flow and data-flow
as key abstractions for capturing structural properties relevant to program behavior.

Building on these representations, we introduce a set of structural metrics derived from
control-flow and use-def graphs. We also discuss Principal Component Analysis (PCA) as
a general technique for handling correlated variables. Finally, we introduce linear and
generalized linear mixed-effects models as the main statistical framework for analyzing the
relationship between structural properties and comprehension performance.

2.1 Code Comprehension and Cognitive Load

Code comprehension refers to the cognitive process by which developers understand the
structure, behavior and intent of source code [8]. It is a fundamental activity in software
development and plays a crucial role in tasks such as debugging, maintenance and code
review [38]. Successful comprehension involves constructing mental representations of how
a program executes, including both its control-flow and the dependencies between data
elements [33].

A wide range of factors influence code comprehension. These include a developer’s pro-
gramming experience, familiarity with language constructs and readability, such as naming
conventions, layout and formatting [37]. Beyond these factors, the structural complexity of a
program has a substantial impact on the cognitive effort required to understand it [24].

In particular, complex control-flow structures, such as deep nesting or numerous branch-
ing paths and data dependencies, increase cognitive load by forcing developers to simul-
taneously track multiple execution paths and variable states [33]. As this cognitive load
increases, comprehension becomes more difficult and error-prone [36].

In this thesis, we focus on capturing and quantifying such structural aspects of source
code using established control-flow and data-flow metrics and on relating these quantified
properties to empirically measured code comprehension performance.
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2.2 Control-Flow and Control-Flow Graphs

Control-flow representations describe the order in which program statements may execute.
They allow us to reason about branching behavior, loops and reachability. In software metrics,
control-flow graphs form the basis for classical measures such as cyclomatic complexity [28]

We use control-flow analysis to model the possible execution paths of a program. This
technique plays a central role in static program analysis and compiler construction, where it
supports tasks such as optimization, test generation and detection of unreachable code [26].

A widely used abstraction for representing control-flow is the Control-Flow Graph (CFG)
[1].

Before constructing the CFG, we parse the source code into an Abstract Syntax Tree
(AST) [1]. The AST represents the syntactic structure of a program as a tree, where nodes
correspond to language constructs such as expressions, statements or declarations. This
representation abstracts away formatting details and provides a structured basis for further
analysis.

Formally [1], let a program P be a finite sequence of statements

P =(s1,52,...,5n)

obtained after parsing the source code into an AST.

Nodes. We model each statement s; as a node in the control-flow graph. Additionally,
we introduce distinguished entry and exit nodes. Based on this, we define a graph-based
representation that captures how control may flow between them.

Control-Flow Graph. The Control-Flow Graph of program P is a directed graph
CFG(P) = (V, E, Ventry, Vexit)
where:
* V= {s1,...,5:} U{Ventry, Vexit } is the set of nodes,
e ECV xVisa set of directed edges,
® Uentry and eyt are distinguished entry and exit nodes.

An edge (s;,s;) € E exists if and only if control may be transferred from a statement to
another statement during execution.

Edge Construction. Edges in the control-flow graph are introduced according to the
following rules:

* Sequential flow: If statement s; immediately flows statement s;, then (s;,s;) € E.

¢ Conditional branches: If the statement s; is a conditional with successor s; and s Iz
then
(si,st) € E and (s;,sf) € E.
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* Loops: If execution may return from statement sj to an earlier statement s;, then
(Sj, Si> € E.

* Entry and exit: An edge (Uentry, s1) € E exists for the initial statement s; and an edge
(Sk, Vexit) € E exists for each statement s, that may terminate execution.

Control-flow graphs form the basis for many classical and modern complexity metrics,
including cyclomatic complexity [28].

2.3 Data-Flow and Use-Def Graphs

We use data-flow analysis [1] to model how values propagate through a program. Unlike
control-flow analysis, which focuses on execution order, data-flow analysis captures de-
pendencies between computations. Understanding these dependencies is essential for code
comprehension, since developers must track how values are produced and used across the
program.

A key challenge when modeling data-flow lies in choosing an appropriate level of
abstraction. Control-flow graphs operate at the level of statements, which is sufficient
for reasoning about execution paths. However, this level of abstraction is too coarse for
accurately capturing data dependencies. Dependencies often arise within expressions inside
a single statement, for example through arithmetic operations or chained assignments. A
statement-level representation would collapse these internal relationships and lose important
information about how values propagate.

To address this limitation, we represent data dependencies at the level of program el-
ements derived from the abstract syntax tree. This finer granularity allows us to model
definitions and uses at the level where values are actually created and consumed, including
intermediate computations within expressions. As a result, the representation more accu-
rately reflects both the semantics of value propagation and the way developers reason about
data dependencies during comprehension.

Definitions and Uses. Let V denote the set of variables in program P.
For each variable x € V:

e Def(x) is the set of program points where x is defined,
e Use(x) is the set of program points where x is used.

These notations provide the foundation for identifying how values are introduced and sub-
sequently consumed in the program. They are essential for constructing data dependencies,
as they define the potential sources and targets of value propagation.

Reaching Definition. A definition Def reaches a use Use, denoted by
d—*u,

if there exists a path along which the value assigned at Def can propagate to Use without
being overwritten by another definition of the same variable.
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This concept formalizes when a definition can influence a particular use and thus de-
termines which dependencies are semantically relevant. It is a key criterion for deciding
whether a data-flow edge should be introduced.

Dependency Graph. Based on these notations, we define the use-def graph of program
P as a directed graph

DG(P) = (N, D)
where:
* N is the set of program elements that correspond to definitions and uses,
¢ D C N x N is the set of directed edges representing data dependencies.

An edge (d,u) € D exists if the value defined at d may influence the computation at u.

This representation captures data dependencies at a finer granularity than control-flow
graphs. While control-flow models describe the order of execution at the level of statements,
the data-flow graph explicitly represents how values propagate through individual compu-
tations. This distinction is essential for accurately modeling dependency complexity and for
reflecting the cognitive effort required to track variable interactions.

2.4 Flow-Based Structural Code Metrics

Based on control-flow and data-flow representations, numerous metrics have been proposed
to quantify structural properties of programs [15]. This thesis focuses on metrics that reflect
execution complexity, data dependency complexity and graph structural characteristics.

Control-Flow Metrics. Cyclomatic complexity (CC) [28] measures the number of inde-
pendent paths through a program’s CFG. It is defined as:

V(G) =E—-N+2P (2.1)

where E denotes the number of edges in the control-flow graph, N the number of nodes
and P the number of connected components. For a single-entry, single-exit program, P = 1.

Higher cyclomatic complexity indicates increased branching and a larger number of
possible execution paths, which generally leads to higher cognitive load during code
comprehension.

Minimum Feedback Arc Set. The minimum feedback arc set (MFAS) [41] of a directed
graph quantifies cyclic structures by identifying the smallest set of edges whose removal
makes the graph acyclic. For a control-flow graph G = (V, E), the MFAS is defined as

MFAS(G) = rpclgﬂﬂ | (V,E\ F) is acyclic} . (2.2)
A non-empty feedback arc set indicates the presence of cycles in the control-flow, typically

corresponding to loops. Larger MFAS values reflect more complex cyclic structures and
increased control-flow complexity.



2.5 Graph-Structural Properties

Data-Flow Metrics. The dependency degree (DD) [5] metric captures the complexity of
data dependencies within a program. Derived from the use-def graph, it counts the number
of incoming dependency edges for each use, indicating how many variable definitions may
influence a given operation.

Additional data-flow related metrics considered in this thesis include the number of
variables (variable count (VC)), the number of variable overwrites (VO) and recursion
occurrences (recursion count (REC)). All of them contribute to the cognitive effort required
to track the program state.

2.5 Graph-Structural Properties

To characterize structural properties of control-flow and data-flow graphs, we require quan-
titative measures that capture how connections are distributed across nodes. In particular,
we are interested in the extent to which dependencies are evenly distributed or concentrated
on a small number of nodes, as this can affect program comprehension.

Gini Coefficient. To quantify the structural centralization of control-flow and data-flow
graphs, we employ the gini coefficient (GI) for graphs as proposed by Domicolo et al. [12].

The gini coefficient originates from economics, where it measures inequality in income
distributions. Domicolo et al. adapt this concept to graph theory by defining a degree-based
gini index that captures the inequality of node degree distributions in a graph. The degree
of a node is measured by counting in- and outgoing edges of the node. For a graph with
node degrees 41, .. .,d,, the gini coefficient is defined as:

c_ im1 Lj |di — dj|
- 2nyld

The value of G lies in the interval [0, 1]. A value of G = 0 indicates a perfectly uniform
degree distribution, whereas larger values correspond to stronger degree inequality and
thus greater structural centralization of the graph.

In the context of control-flow and use-def graphs, a high gini coefficient indicates the
presence of structurally dominant nodes (e.g., highly connected hubs), which may increase
cognitive load during comprehension due to concentrated dependencies.

Compared to power-law fitting approaches, the gini coefficient provides a robust and
well-defined measure of structural inequality even for relatively small graphs.

2.6 Size Metric

Lines of code (LOC) is one of the most widely used software metrics and serves as a
basic measure of program size [15]. It is typically defined as the number of non-empty,
non-comment lines in source code.

Unlike structural metrics derived from control-flow or data-flow representations, LOC
does not capture structural or semantic properties of a program. Instead, it provides a
coarse-grained estimate of code size.



Background

LOC is particularly important because many structural metrics scale with program size.
Larger programs tend to exhibit higher complexity values simply due to their size [25]. Prior
work has shown that size can act as a confounding factor when analyzing relationships
between code metrics and external outcomes such as maintainability or comprehension [25].

For this reason, LOC is commonly included as a baseline metric to distinguish whether
observed effects are due to structural complexity or merely reflect differences in program
size.

2.7 Summary of Metrics

Table 2.1 below summarizes all structural metrics used in this thesis, together with their
definitions.

Table 2.1: Overview of structural code metrics

Metric Representation Description Abbreviation
Cyclomatic Complexity CFG Number of independent paths CcC
Minimum Feedback Arc Set CFG Measure of cyclic structure MFAS
Dependency Degree UDG Incoming data dependencies DD
Gini coefficient CFG/UDG Centralization of flow GI
Variable Count UDG Number of variables VC
Variable Overwrites UDG Reaching variable overwrites VO
Recursion AST Structural self-reference REC
Lines of Code Code Lines within a snippet LOC

2.8 Principal Component Analysis

Principal Component Analysis reduces dimensionality by transforming correlated variables
into orthogonal components [17]. These components are linear combinations of the original
variables and are ordered such that the first component captures the largest proportion of
variance in the data. This is achieved by computing the eigenvectors of the covariance matrix,
which define the directions of maximum variance, while the corresponding eigenvalues
indicate the amount of the explained variance.

We include PCA as a potential technique to address multicollinearity and reduce dimen-
sionality. However, we do not rely on PCA in the final modeling approach, as we instead
analyze the metrics directly after preprocessing and normalization.

2.9 Linear Mixed-Effects Models

Empirical studies of code comprehension commonly involve hierarchically structured data,
where multiple observations are nested within higher-level entities [40]. In the context
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of this thesis, comprehension performance is measured across multiple code snippets
and participants, leading to repeated observations per participant and per task. Such
dependencies violate the independence assumptions of standard linear regression models
(3]

Linear mixed-effects models (LMMs) [3] address this issue by combining fixed effects,
which represent population-level relationships of interest, with random effects, which
capture variability associated with grouping factors such as participants or tasks.

Formally, a LMM can be expressed as:

y=XB+Zv+e, (2.3)

where y is the response vector (e.g. correctness, time), X is the design matrix for fixed
effects, B is the vector of fixed effect coefficients, Z is the design matrix for random effects,
7 represents random-effects coefficients and e is the residual error term.

We specify fixed effects using standard formula notation. An additive model is written as

y~A+B

where each predictor contributes independently and linearly to the response. In this formu-
lation, the effect of A does not depend on B and vice versa.
To model dependencies between predictors, we use interaction terms. A pure interaction
is written as
y~A:B,

which captures how the effect of A changes as B varies, without including their individual
main effects.
In practice, interactions are typically modeled together with their main effects using the
shorthand notation
y~ AxB.

This expression expands to
y~A+B+A:B,

thereby capturing both the individual contributions of A and B as well as their combined
effects.

LMMs offer several advantages for analyzing code comprehension data. They allow the
model to account for unobserved individual differences between participants and variability
in task difficulty through random effects and they yield more reliable estimates of fixed
effects compared to models that ignore the hierarchical structure.

In this thesis, LMMs are applied to assess the relationship between structural code metrics
and comprehension performance while accounting for participant and task-level variability.

2.10 Generalized Linear Mixed-Effects Models

Generalized linear-mixed-effects models (GLMMs) [3] extend LMMs to non-normal response
variables by introducing a link function and a distribution from the exponential family. For
example, logistic GLMMs model binary outcomes such as correctness. GLMMs allow us to
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model comprehension performance more appropriately when the response variable is not
continuous.

In this thesis, we use GLMMs when the response variable is categorical (e.g., correctness)
and LMMs when it is continuous (e.g., response time), allowing us to model comprehension
performance appropriately across different measurement types.

2.11 Model Performance Indicators

The R?> measures the proportion of variance in the dependent variable that is explained
by the model. In mixed-effects models, marginal R* reflects the contribution of the fixed
effects (i.e, the structural metrics), allowing us to assess how much explanatory power these
predictors provide [23].

The RMSE quantifies the average magnitude of prediction errors. It indicates how far
predicted values deviate from observed values on average and is expressed in the same unit
as the dependent variable. Lower RMSE values correspond to better predictive accuracy
[20].

The area under the curve (ROC-AUC) measures the model’s ability to distinguish between
correct and incorrect responses across different classification thresholds. A value of 0.5
corresponds to random guessing, while higher values indicate better performance [20].

We evaluate the quality of probabilistic predictions using logarithmic loss (LogLoss), by
measuring how well predicted probabilities align with actual outcomes. It penalizes confi-
dent but incorrect predictions more strongly, making it sensitive to prediction uncertainty.
Lower values indicate better performance [6].

Accuracy measures the proportion of correctly classified observations. While it provides
an intuitive measure of performance, it can be misleading in imbalanced datasets and is
therefore interpreted alongside other metrics such as ROC-AUC and LogLoss [20].
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In this chapter, we describe the methodological approach used to analyze the relationship
between structural properties of source code and human comprehension performance.

The analysis builds on an existing dataset, obtained from a controlled user study [32], in
which participants performed comprehension tasks on a set of code snippets. Rather than
conducting a new empirical experiment, we focus on extracting structural code metrics from
the given snippets and analyze their relationship with empirically observed comprehension
outcomes.

To this end, program representations capturing both control-flow and data-flow are
constructed for each snippet. Based on these representations, a set of structural metrics is
extracted and subsequently related to measures of comprehension performance, including
task correctness and response time.

The methodology combines correlation analysis and mixed-effects modeling to provide
both an initial exploratory assessment and a more robust statistical analysis that accounts
for variability across participants and tasks.

3.1 Research Questions

We investigate in this thesis how structural properties of source code relate to human
comprehension performance. In particular, we focus on the role of data-flow information in
comparison to traditional control-flow based complexity measures.

RQ,: How do data-flow metrics correlate with empirically measured code
comprehension, relative to established code complexity metrics?

To address this question, we extract structural metrics from Control-Flow Graphs (CFGs)
and Use-Def Graphs (UDGs) for each snippet. These metrics include classical control-flow
measures such as cyclomatic complexity and minimum feedback arc set, as well as data-
flow-related measures such as dependency degree, variable usage and recursion.

We then perform a correlation analysis between each structural metric and comprehension
outcomes, in particular task correctness and response time. This analysis provides an initial
assessment of which structural properties are most strongly associated with comprehension
and whether data-flow metrics offer additional explanatory power beyond traditional
control-flow measures.

While the first research question focuses on individual relationships, we investigate with
the second question how multiple metrics jointly explain comprehension performance:

11
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RQ,: How can combinations of data-flow and traditional code metrics be used to identify the
most important predictors of code complexity?

To answer this question, we use mixed-effects models, allowing us to simultaneous
analyze multiple structural metrics while accounting for variability across participants and
code snippets. We include structural metrics as fixed effects, while we model participant
and task-specific variability as random effects.

We explore different modeling strategies, including dimensionality reduction using
Principal Component Analysis and direct use of normalized metrics.

While the second research question accounts for variability across participants within
the model framework, we shift the focus of the third research question on variability in
comprehension performance as the primary outcome:

RQj;: How do structural code metrics relate to the variability of comprehension performance
across participants?

In contrast to RQ,, where response time and task correctness are modeled directly,
this question considers how consistently different participants understand the same code
snippet. To capture this, variability is operationalized based on the dispersion of participant
responses per snippet.

Rather than modeling raw performance, the dependent variables are defined as deviations
from typical (snippet-level) performance. This allows the analysis to focus on whether
certain structural properties are associated with more consistent or more heterogeneous
comprehension behavior.

As in RQ2, we employ linear mixed-effects models with structural metrics as fixed effects
and participants and snippets as random effects. This ensures that the hierarchical structure
of the data is preserved while enabling the analysis of factors influencing variability across
participants.

3.2 Operationalization

In this section, we describe how the theoretical concepts and metrics introduced in the
background are operationalized for empirical analysis. It details how we compute structural
code metrics from program representations, how these metrics are prepared for statistical
analysis and how they are integrated with comprehension data to evaluate the research
questions.

3.2.1  Graph Construction

To compute structural metrics related to control-flow and data dependencies, two types of
program graphs are constructed for each code snippet: a Control-Flow Graph (CFG) and a
Use-Def Graph (UDG).
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3.2 Operationalization

Control-Flow Graph Construction We generate CFGs using a custom static analysis tool
implemented in Python using the JAVALANG parser’. We construct the CFG at the statement
level, which is a common abstraction choice in static analysis research [28]. In the context of
program comprehension, such representations align with cognitive mental models primarily
around executable statements and control structures rather than low-level syntactic tokens
[33] Examples include variable declarations, assignments, conditional predicates, loop
conditions and return statements.

Edges in the CFG represent one possible execution order between statements. For instance,
conditional branches introduce multiple outgoing edges, while loop constructs create back-
edges representing repeated execution. Method calls, as well as multiple calls of the same
function are represented as dedicated call nodes and if the called method is available in
the analyzed snippet, its CFG is inlined into the graph (see 3.1). After graph construction,
we remove unreachable nodes to simplify the final structure. We do not inline recursive
calls, instead we add a single call and return node (see figure 3.1) as this would lead to
infinite expansion of the graph. Therefore, recursive calls are not inlined, instead we add a
single call and return node to represent this call. To account for this limitation, we include a
separate metric that counts recursive calls.

Listing 3.1: Java code snippet which we use for example 3.1.

public int update(int n){
if(n < 0){
n=n-1;
return update(n-1);
}
return add(n);
b
private int add(int n){
int result = n+1;
return result;

}

The resulting CFG therefore models the execution paths through the method at the
granularity of individual program statements.

Data-Flow-Graph Construction In contrast to the CFG, we construct the UDG to represent
data-flow relationships between program elements. We generate the graph using the Cope
PrROPERTY GRAPH library?, which we use as an analysis backend to extract these relationships.

In the resulting graph, nodes correspond to AST-level program elements, such as expres-
sions, operators, variable references and intermediate computation nodes. Edges represent
data dependencies, i.e., an edge is added whenever data flows from one node to another.

Because the graph is derived from the abstract syntax tree, it is significantly more fine-
grained than the CFG. A single source-code statement may correspond to multiple nodes in
the UDG.

This difference in granularity has important consequences for the subsequent analysis.
First, UDGs typically contain substantially more nodes and edges than their corresponding

https:/ /github.com/c2nes/javalang

2 https://github.com/Fraunhofer-AISEC/cpg
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Figure 3.1: CFG construction example, illustrating function calls.

Entry

[return update(n-1)} return add(n)

call update call add
exit update @: n+1

exit add

Exit

CFGs, due to their finer-grained representation of data dependencies [5] Second, structural
metrics derived from these graphs are therefore not directly comparable, as their magnitude
is influenced by the underlying representations. In particular, metrics computed on UDGs
may appear larger simply due to the higher number of nodes rather than reflecting increased
structural complexity.

To address this issue, we apply a dedicated extraction and preprocessing pipeline, which
ensures that metrics derived from different representations can be compared meaningfully.

3.2.2 Metric Extraction

We extract structural metrics from the constructed program representations using a combi-
nation of Python-based analysis and a Kotlin-based data-flow analysis pipeline.

Overview of the Extraction Pipeline The extraction process follows a two-stage ap-
proach. First, we compute the control-flow based metrics directly in Python using the
constructed CFGs. After that we compute the data-flow based metrics using an external
analysis implemented in Kotlin, based on the Code Property Graph framework, which we
extend to include custom modifications such as computation of the gini coefficient as well
as the dependency degree size normalization.

Control-Flow Metrics We compute control-flow related metrics using custom Python
scripts operating on CFGs represented directed graphs. The graphs are constructed as
described in the previous section and processed using the networkx library.
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We compute cyclomatic complexity, minimum feedback arc set and gini coefficient using
the CFG. We compute cyclomatic complexity based on the number of nodes and edges in the
graph, capturing the number of independent execution paths. We approximate Minimum
Feedback Arc Set by iteratively removing edges participating in cycles until the graph
becomes acyclic. The number of removed edges reflects the degree of cyclic control-flow
complexity. And lastly we compute the gini coefficient based on the degree distribution of
nodes in the control-flow graph, capturing structural centralization.

The individual metrics and their computation are described in more detail in the following
sections.

Data-Flow Metrics We compute data-flow related metrics using a Kotlin-based analysis
pipeline built on the Code Property Graph framework. This analysis extracts fine grained
data dependencies between program elements. The Python pipeline invokes the Kotlin
analysis via a subprocess call, which processes each code snippet and outputs the computed
metrics in JSON format.

Dependency degree and the gini coefficient for the same graph used in the dependency
degree are computed.

AST-Based Structural Metrics In addition to graph-based metrics, several structural
data-flow properties are extracted directly from the abstract syntax tree (AST) using the
JAVALANG parser. These metrics include recursion count, variable count and variable over-
writes.

Moreover, the size of each code snippet is captured using Lines of Code (LOC). LOC is
one of the most widely used software metrics and serves as a baseline measure of program
size [15]. Prior work has shown that many structural metrics correlate with program size
and that size itself can influence comprehension performance [25]. Including LOC in the
analysis therefore allows distinguishing whether observed effects are due to structural
complexity or simply reflect differences in code size.

3.2.3 Data Aggregation
We combine all extracted metrics into a unified dataset, where each row corresponds to a

single code snippet and each column represents a specific metric.
The resulting dataset is stored in a CSV file.

3.2.4 Data Preprocessing and Normalization

Computed Size Log Z-Score

Metrics Normalization Transformation Normalization

Figure 3.2: In this figure we show the preprocessing pipeline for the metric values.
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We illustrate the preprocessing workflow applied in this study in figure 3.2. The pipeline
consists of three main steps: size normalization, distribution adjustment and Standardization.
Each step is described in detail below.

A key challenge for comparability across metrics arises from the fact that the CFG and
UDG are constructed at different levels of abstraction. While CFG nodes represent entire
statements, UDG nodes represent individual AST elements within those statements. As a
result, the UDG typically contains substantially more nodes than the CFG for the same code
snippet.

The use of different abstraction levels is intentional and reflects the different characteristics
of control-flow and data-flow reasoning. Control-flow analysis traditionally operates on
basic blocks or statements, as its primary goal is to model the order of execution paths
through a program [2]. Such representations are sufficient for reasoning about branching
structure and reachability.

In contrast, data-flow analysis requires a more fine-grained representation of program
behavior. Data dependencies often occur inside expressions and between intermediate
computations within a single statement. Use-def analyses therefore operate on program
points corresponding to definitions and uses, often derived from AST-level representations
[5]. This fine granularity is essential for accurately tracking how values propagate through
computations.

From a cognitive perspective, program comprehension involves constructing both control-
flow and data-dependency mental models [33]. These models differ in granularity, further
motivating the use of distinct abstraction levels.

Because of this difference in granularity, raw metric values derived from the UDG would be
biased by the larger number of nodes compared to the CFG. To ensure comparability across
metrics, we normalize and preprocess the metrics before performing statistical analysis.

Size normalization. Many structural metrics scale with program size. Prior work has
shown that the size effects can dominate metric behavior and distort comparison across
programs [25]. More generally, software metrics are known to be sensitive to size unless
explicitly normalized [15].

Therefore, for graph-based metrics derived from CFGs and UDGs are normalized with
respect to the number of nodes in the corresponding graph. This ensures that differences in
metric values reflect structural characteristics rather than trivial differences in graph size.

For a metric value M computed on a graph with |V| nodes, the normalized value is

defined as
M

VI
where |V| denotes the number of nodes in the graph from which the metric is derived.

This step reduces the influence of graph size and allows metrics extracted from CFG and
UDG representations to be compared more meaningfully.

Mnorm =

Distribution adjustment.  Software metrics frequently exhibit skewed distributions, often
caused by a property to be not present within multiple snippets. To dectect such effects, the
distribution of each normalized metric is inspected. To account for skewed distributions, we
compute the skewness of each metric using the sample skewness coefficient:
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i o (xi = p)°
(3 T (i = p)2)™

where x; denotes the observed values, i the sample mean and n the number of observa-
tions. This measure quantifies the asymmetry of the distribution.

We use a threshold of |f| > 0.5 to identify moderate to strong skewness. For postitively
skewed distributions (|f| > 0.5), we apply a logarithmic transformation.

For negatively skewed distributions (f < —0.5), we apply a reflection prior to transfor-
mation, defined as x’ = max(x) — x, followed by a logarithmic transformation log(1 + x').

The transformations reduce skewness and stabilize variance, which improves the ro-
bustness of subsequent statistical analyses. Log-transformations are commonly used for
handling skewed data in empirical studies [18].

f=

Standardization. Finally we standardize all metrics using z-score normalization [21]:

x j—
z= u
o

where x is the metric value, y is the mean and ¢ is the standard deviation of the metric
across all code snippets. Standardization ensures that all variables have zero mean and unit
variance, preventing metrics with larger numerical ranges from dominating the results of
subsequent analyses such as principal component analysis.

This preprocessing pipeline follows standard practices in empirical software engineering
and statistical modeling to ensure comparability, robustness and interpretability of results
[15, 18, 21, 25].

3.2.5 Correlation Analysis for RQ1

To investigate the relationship between structural code metrics and human comprehension
performance (RQ;), we conduct a correlation analysis between the extracted metrics and the
observed comprehension outcomes.

Choice of Correlation Measure We use Spearman’s rank correlation coefficient, as it is
well-suited for analyzing monotonic relationships without requiring linearity or normally
distributed data. This makes it particularly appropriate for empirical software engineering
datasets, which often exhibit skewed distributions and outliers [16].

Spearman correlation operates on ranked values rather than raw data, making it more
robust to extreme observations and distributional irregularities. In addition, it captures
monotonic relationships, allowing the identification of consistent increasing or decreasing
trends even when these are not strictly linear [21].

This choice is supported by the characteristics of the data used in this study. Several
structural metrics (e.g recursion count and variable overwrites) exhibit skewed distributions
and contain lots of zero values, since these properties are often not present. Furthermore,
the relationship between structural complexity and comprehension performance is not
necessarily linear, but is expected to follow a monotonic trend (e.g. increasing complexity
tends to reduce correctness without following a strictly linear pattern).
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Overall Spearman correlation provides a robust and flexible measure that aligns well with
the distributional properties of the data and the expected form of relationships.

Data Preparation We conduct the correlation analysis on the extracted metric values
normalized (only) for graph size as described in section 3.2.4.
Comprehension performance is operationalized as task correctness and response time

Computation of Correlations We compute pairwise Spearman correlations between
each structural metric and comprehension outcomes (correctness and response time) as well
as between the structural metrics among themselves to assess interdependencies.

In addition to the correlation coefficients, we compute a corresponding significance
matrix (p-values). This matrix indicates whether the observed correlations are statistically
significant under the null hypothesis of no associations.

Evaluation of the Correlation Matrix The evaluation of the correlation matrix follows
standard practices in empirical research, where both effect size and statistical significance are
considered jointly. Effect sizes are interpreted using established conventions for correlation
strength, as proposed by Cohen [11], which provide a guideline for distinguishing negligible,
weak, moderate and strong relationships as shown in tables 3.1.

We use statistical significance (p-values) to assess whether observed relationships are
unlikely to have occurred by chance. However, significance alone is not sufficient, as even
small effects can become statistically significant. Therefore, only correlations that are both
statistically significant and practically meaningful are considered robust.

This combined evaluation approach is widely used in empirical software engineering [22,
27] to ensure that reported relationships are both reliable and substantively relevant.

Table 3.1: In this table we show the correlation magnitudes.

range ‘ relationship

lo| < 0.1 negligible
0.1 <=1p| <03 weak
0.3 <=|p| < 05| moderate
lp| >=10.5 strong

Particular attention is given to metrics that show moderate to strong correlations with task
correctness, as these indicate meaningful associations with comprehension performance.

Moreover, the direction of the effects is taken into account, the sign of the correlation
coefficient indicates the direction of the relationship. If the sign is negative, then higher
metric values are associated with lower task correctness, indicating increased comprehension
difficulty. If the sign is positive, higher values of structural metrics are associated with
higher task correctness, indicating that the corresponding structural property may facilitate
or at least not hinder comprehension.

Third, we use the statistical significance to assess the reliability of observed correlations

3.2



3.2 Operationalization

Table 3.2: In this table we show the level of significance we consider as significant.

range ‘ significant

p < 0.05 | statistically
p <0.01 highly

Only correlations that are both, substantively meaningful (effect size) and statistically
significant are considered robust findings.

Interpretation for RQ1  The correlation analysis provides initial, descriptive assessment
of how individual structural metrics relate to human comprehension performance. Metrics
that show consistent and significant associations with correctness or response time are con-
sidered potential indicators of cognitive difficulty and are further examined in subsequent
analyses (RQ, and RQj;)

We conduct the analysis on the metric values described in the previous section. Spearman’s
correlation coefficient is then computed between each metric and the correctness scores of
the participants.

3.2.6 Modeling Approaches for RQ2

To address RQ,, we analyze the relationship between combinations of structural code
metrics and comprehension performance using (generalized) linear mixed-effects modeling.
The goal is to identify the most relevant predictors of code complexity while accounting for
variability across participants and code snippets.

Mixed-effects models are widely used for analyzing hierarchical data structures, particu-
larly in empirical software engineering and behavioral studies [3]. They allow separating
population-level effects from variability associated with participants and tasks, leading to
more reliable and generalizable estimates. Model selection using information criteria such
as AIC is a standard approach for balancing model fit and complexity [16]

Modeling Framework Two types of models are employed depending on the response
variable. We model response time using Linear mixed-effects models (LMMs) and fask correct-
ness using Generalized linear-mixed-effects models (GLMMs) with a binomial link function.

In both cases, the models include fixed effects to model structural code metrics and random
effects for participants to account for individual ability differences and code snippets to
account for task specific difficulty.

This structure accounts for the hierarchical nature of the data and enables generalizable
conclusions about the relationship between code structure and comprehension performance.

Predictor Representation We explored several strategies for representing structural
metrics as predictors.

Initially, we apply PCA to the normalized metrics to reduce dimensionality and address
multicollinearity. We use the resulting principal components as predictors in mixed-effects
models.
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However, we do not retain this approach for the final analysis, as it does not lead
to improved model performance and significantly reduces interpretability. In particular,
principal components obscure the contribution of individual structural metrics, making it
difficult to identify concrete predictors of code complexity.

In the final modeling approach we use the original normalized structural metrics directly
as predictors. This preserves interpretability and allows identifying specific structural
properties that influence comprehension performance.

Handling of Recursion Exploratory analysis reveals that recursion-related metrics
exhibit a disproportionately strong effect on comprehension performance. At the same time,
only a small subset of code snippets contains recursion.

To assess the robustness of the results and mitigate potential bias introduced by recursive
constructs, we analyze two dataset variants. First the full dataset, this includes all code
snippets and second filtered data this excludes snippets containing recursion.

This separation allows us to distinguish general structural effects from those driven
primarily by recursion.

Model Construction Strategies To identify relevant predictors, two complementary
model construction strategies are applied.

Stepwise Model Construction

We use an iterative forward-selection procedure to construct models incrementally. Start-
ing from an empty model, predictors are added one at a time. At each step, candidate
models are evaluated based on the Akaike Information Criterion (AIC) and the statistical
significance of the added predictor. A predictor is retained only if it improves model fit
(lower AIC) and is statistically significant.

This approach yields parsimonious models that balance explanatory power and complex-

ity.
Full Additive Models

In addition to the stepwise model selection, we estimate models including all predictors
in an additive form:

Reponse ~ X1+ Xo + ... + Xj

This approach provides a baseline for comparison and allows assessing the overall
explanatory power of the full metric set without feature selection.

As an initial approach, we apply PCA to the normalized metrics to reduce dimensionality
and mitigate multicollinearity.

We use the resulting principal component scores as fixed-effect predictors. This approach
provides a compact representation of structural properties while ensuring that predictors
are uncorrelated.
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Handling Sparse and Zero-Inflated Metrics Some structural metrics exhibit highly
skewed distributions with a large number of zero values (e.g recursion count). To address
this, we explore alternative representations. First we excluded sparse metrics from the
predictor set and second we made a binary transformation. If the property is absent, the
value is o and if the property is there, the value is 1. The transformations allow evaluating
whether the presence of a structural property is more informative than its magnitude.

Model Evaluation To evaluate the predictive performance of the mixed-effects models,
we employ a set of complementary metrics tailored to the type of response variable. For
continuous outcomes (response time), we use R*-values and RMSE, while for binary outcomes
(task correctness), we rely on ROC-AUC, LogLoss and classification accuracy. Using multiple
evaluation criteria provides a more comprehensive assessment of model quality, as each
metric captures different aspects of predictive performance [16].

Summary of Final Approach Figure 3.3 shows the final analysis modeling approach.
The analysis proceeds from preprocessed structural metrics to mixed-effects modeling and
comparative model evaluation.

Model

Predictors Dataset Variants .
Construction

Fixed Effects

Z-Score i
; LMM Stepwise
Normalized Full Dataset (response time) Selection

Metrics Values

Random Effects Filtered GLMM Full Additve
(no recursion) (correctness) Model

Participants

Code Snippets

Figure 3.3: In this figure we illustrate the final analysis pipeline for RQ..

The analysis is based on normalized structrual metrics to preserve interpretability and
identify concrete predictors of comprehension performance, rather than using dimensional-
ity reduction techniques such as PCA.

To ensure robustness, all analyses are conducted on both the full dataset and a filtered
dataset excluding recursive snippets.

Model construction is performed using both stepwise selection and full additive models
for comparison.
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3.2.7 Operationalization for RQ3

To address RQ;, variability in comprehension performance is operationalized at the level
of individual participant responses relative to the typical behavior observed for each code
snippet.

For each snippet, the mean correctness and mean response time across all participants
are computed. Based on these reference values, deviation measures are defined for each
participant. Specifically, we compute the absolute deviation of each observation from the
corresponding snippet mean.

Formally, for a participant i and snippet s, the deviation is defined as:

Di,s = |xi,s - xs‘

where x; ; denotes the observed value (task correctness or response time) and X, represents
the mean value across all participants for snippet s.

This results in two deviation-based outcome variables. behavioral deviation and duration
deviation capturing the deviation of task correctness and response time respectively from
the snippet mean.

These deviation measures quantify how strongly individual responses differ from the
typical performance on a given snippet. In contrast to aggregate variability measures (e.g.,
standard deviation per snippet), this formulation preserves the participant-level structure of
the data and allows the use of mixed-effects modeling.

Modeling Approach The deviation measures replace the original dependent variables
used in RQ,. Since both deviation variables are continuous, we use linear mixed-effects
models (LMMs) for both analyses.

Model Construction In contrast to RQ,, the analysis for RQ; focuses exclusively on
additive models. Preliminary experiments including interaction terms and stepwise model
construction frequently resulted in convergence issues and unstable parameter estimates.

This behavior is likely due to the reduced variance and increased noise in the deviation-
based outcome variables, which limits the reliable estimation of more complex model
structures. Additive models therefore provide a more stable and interpretable basis for
analysis.

Limitations of Behavioral Variability A methodological limitation arises from the
binary nature of task correctness. Since correctness is encoded as a binary variable, the
corresponding deviation measure can take only a limited number of distinct values per
snippet.

As a result, behavioral deviation exhibits restricted variability, which limits its explanatory
power in the modeling framework. Consequently, findings related to correctness variability
should be interpreted with caution.

Overall, this operationalization enables the analysis of variability in comprehension
performance while maintaining consistency with the modeling framework used for RQ..



Evaluation

We present in this chapter the empirical evaluation and address the research questions by
analyzing the relationship between structural code metrics and comprehension performance
using correlation analysis and mixed-effects modeling. Before presenting the results, we
first provide an overview of the dataset and the metric representations used in the analysis.

Data Overview. The evaluation is based on behavioral and structural data collected from
two empirical studies [4, 32]. Across both studies, the dataset comprises 56 participants and
55 code snippets, of which 12 contain recursion. For each snippet, structural metrics are
extracted as described in Section 3.2 and combined with comprehension outcomes in terms
of response time and task correctness.

Metric Representations Used in the Analysis. Different stages of the analysis use
different representations of the structural metrics. For the correlation analysis (RQ1), we
use metrics that are normalized only with respect to graph size (see Section 3.2.4). This
normalization is applied exclusively to graph-based metrics, as these are directly influenced
by the number of nodes in the underlying CFG or UDG representation. Non-graph-based
metrics (e.g. variable overwrites or recursion count) do not scale proportionally with graph
size and are therefore retained in their original form. This approach ensures comparability
between control-flow and data-flow metrics while preserving the original distribution
and relative differences between snippets, which is important for interpreting monotonic
relationships. Figure 4.1 shows the distribution of these graph-size normalized metrics,
which form the basis for the correlation analysis. The distributions reveal that several metrics
are highly skewed and contain many zero values (e.g. recursion-related metrics).
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Figure 4.1: Distribution of Structural Metrics (scaled for visualization).

@

°
o

Scaled Value [0,1]

°
>

N

1

MFAS DD GI_UDG GI_CFG vC

In contrast, the multivariate modeling (RQ2) uses fully normalized and standardized
metrics, including distribution adjustment and z-score normalization, to ensure compa-
rability across predictors. Figure 4.2 illustrates the distribution of these fully normalized
metrics using violin plots, showing more balanced distributions with reduced skewness.
This additional preprocessing step improves model stability and prevents individual metrics
from dominating the analysis due to differences in scale.
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Figure 4.2: Distribution of Normalized and Standardized Structural Metrics.

4.1 Results

4.1.1 Results for RQ1

To investigate the relationship between structural metrics and comprehension performance,
we compute Spearman’s rank correlation coefficient (o) between all metrics, task correctness
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and response time. In addition, corresponding p-values were calculated to assess statistical
significance.

Figure 4.3 shows the resulting correlation matrix. Correlation coefficients are displayed
together with significance levels, allowing the identification of statistically robust relation-

ships.
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Figure 4.3: In this figure we show the results of the correlation analysis, using a correlation matrix.
We highlight significant results with stars.

Overall Correlation Structure. The correlation matrix reveals several strong and statisti-
cally significant relationships among structural metrics.

In particular, variable-related and size-related metrics (variable count, variable overwrites
and LOC) form a cluster of strongly positively correlated measures. These relationships are
consistently significant and this indicates that these metrics capture closely related aspects
of program structure.

Additionally, dependency degree shows moderate positive correlations with both control-
flow and data-flow metrics, suggesting that it reflects a structural property that spans both
domains.

Structural Metrics and Response Time. Several structural metrics exhibit strong and
statistically significant positive correlations with response time.

The strongest relationships are observed for variable count, variable overwrites and LOC
(see Figure 4.3). For example, higher variable counts and larger code size are consistently
associated with increased response time. This indicates that snippets with more variables
and more complex variable interactions require substantially more time to comprehend.

In contrast, traditional control-flow metrics such as cyclomatic complexity show only
weak or non-significant correlations with response time, suggesting that they capture less
relevant aspects of cognitive effort in this dataset.

Structural Metrics and Task Correctness. In contrast to response time, task correctness
shows almost no significant relationships with structural metrics.
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The only exception is recursion count, which exhibits a moderate negative and statistically
significant correlation with correctness. This indicates that snippets involving recursion are
more likely to be answered incorrectly.

However, this interpretation requires careful consideration. Recursive snippets differ
fundamentally from non-recursive ones. They introduce implicit control-flow and require
reasoning about repeated function calls [33]. These aspects are not fully captured by the
structural metrics derived from control-flow and data-flow graphs. Thus, the observed cor-
relation may not reflect a general structural effect, but rather the presence of a qualitatively
different type of problem.

To better understand whether the absence of correlations between other structural metrics
and correctness is genuine or potentially masked by the distinct nature of recursive snippets,
we perform an additional analysis excluding recursive cases.

Correlation Structure Without Recursive Snippets. To assess whether recursion masks
other relationships, we repeat the analysis excluding recursive snippets.

The overall correlation structure among structural metrics remains largely unchanged. In
particular, variable-related and size-related metrics continue to show strong and statistically
significant positive correlations with response time (see figure 4.4), confirming that data-flow
related complexity is robustly associated with increased cognitive effort.

However, no structural metrics exhibit a statistically significant correlation with task
correctness after removing recursion. This reinforces the observation that correctness is
largely not explained by the structural metrics considered in this study.
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Figure 4.4: This figure shows the results of the correlation analysis without recursion snippets in the
dataset.

Summary of Findings. Across both analyses, two consistent observations emerge. First,
structural metrics, particularly those related to variable usage and program size, show
strong and robust associations with response time, indicating their relevance for cognitive
effort. Second, task correctness shows almost no systematic relationship with these structural
metrics. The only observed is driven by recursion, which represents a special case not fully
captured by the metric set.
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These findings suggest that while data-flow metrics provide meaningful insights into the
effort required for comprehension, they do not directly explain whether a task is solved
correctly.

4.1.2 Results for RQ2

To answer RQ,, which investigates how combinations of structural metrics jointly explain
comprehension performance, we construct mixed-effects models for both response time
and task correctness. The goal is to identify which metrics or combinations provide the
most relevant predictive signal for code comprehension. For both dependent variables,
full additive models and stepwise (build-up) models were evaluated, with and without
recursive snippets in the dataset. Based on a comparison of predictive performance and
model interpretability, we select a subset as final models for further analysis and reporting.

Table 4.1 provides an overview of the models used for response time and their perfor-
mance metrics and Table 4.2 shows the same for task correctness.

Table 4.1: Overview of the final LMMs for response time, including additive and stepwise model
constructions with and without recursion. The table reports the selected fixed effects for
each model and their predictive performance in terms of marginal R?> and RMSE.

Model Recursion Final Model Performance

R2 RMSE

Additive No GI_CFG + CC + MFAS + DD + GI_DFG + VC + 0.296 32.16
VO + LOC

Stepwise No LOC + VC + CC 0.282  32.49

Additive Yes GI_CFG + CC + MFAS + DD + GI_DFG + VC + 0.263 32.12
VO + LOC + REC

Stepwise Yes VC + (GI_CFG * LOC) 0.233 32.76
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Table 4.2: Overview of the final GLMMs for task correctness, including additive and stepwise model
constructions with and without recursion. The table shows the selected predictors and
their classification performance measured by ROC-AUC, LogLoss and accuracy.

Model Recursion Final Model Performance

ROC-AUC  Logloss Accuracy

Additive No GI_CFG + CC + MFAS + DD + 0.586 0.542 0.78
GIL_DFG + VC + VO + LOC

Stepwise No (DD * LOC) * (CC + GI_DEG) 0.737 0.530 0.78

Additive Yes GIL_CFG + CC + MFAS + DD + 0.6647 0.566 0.74
GI_DFG + VC + VO + LOC + REC

Stepwise Yes (((REC + DD) * CC) + GI_DFG) + o0.754 0.547 0.74
VO) * (VC + LOC)

The tables 4.1 and 4.2 highlight that stepwise models tend to produce more compact
representations for response time while generating highly complex interaction structures
for task correctness.

To assess the improvement of the models by the structural metrics, we compare all models
against baseline models that include only an intercept and random effects (participant and
snippet), i.e., models without any structural predictors. For response time, the baseline
model yields an R*-value close to zero and RMSE values between 37 and 38 indicating that,
without structural information, the model effectively predicts the global mean response
time. In contrast, the inclusion of structural metrics leads to substantial improvements. For
example the additive model without recursion (Table 4.1) achieves an R?>-value of 0.296 and
an RMSE of 32.16. Similarly, even the more compact stepwise model (LOC + VC + CC) reaches
an R%-value of 0.282. These results illustrate that metrics such as lines of code, variable count
and cyclomatic complexity contribute meaningfully to explaining response time, reducing
prediction error by approximately 5-6 seconds. However, a considerable portion of the
variance remains unexplained.

For task correctness, the baseline model achieves a ROC-AUC of 0.5, corresponding to
random classification, while accuracy remains relatively high due to class imbalance (e.g.,
approximately 70% correct vs 30% incorrect responses). Compared to this baseline, all
reported models show improved discriminative performance. For instance, the stepwise
model including recursion (Table 4.2) achieves the highest ROC-AUC of 0.754. This model
includes complex interaction terms such as combinations of recursion count, dependency
degree, cyclomatic complexity and variable-related metrics, indicating that correctness
is influenced by interactions between multiple structural properties rather than single
predictors. However, improvements in LogLoss are more moderate (e.g. 0.547) suggesting that,
while the models can distinguish between correct and incorrect responses, their probabilistic
predictions remain uncertain. Overall, these results indicate that structural metrics provide
useful predictive signal, but are not sufficient to fully explain comprehension outcomes. In
particular, the stepwise model including recursion achieves the highest ROC-AUC of 0.754,
indicating a substantial improvement over chance-level prediction.
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4.1.3 Results for RQ3

To address RQ;, where we investigate how structural code metrics relate to the variability
of comprehension performance across participants, we model deviation-based outcome
variables using linear-mixed-effects models. Specifically, we analyze duration deviation and
correctness deviation, representing deviations from snippet-level average response time and
correctness, respectively.

As in RQ,, we compare baseline models (without structural predictors) to additive models
including all structural metrics and evaluate performance with and without recursive
snippets.

Tables 4.3 and 4.4 provide an overview of the models and their predictive performance.

Table 4.3: Overview of the LMMs for duration-deviation outcomes, including additive models with
and without recursion. The table reports the fixed effects and their predictive performance
in terms of R? and RMSE.

Recursion Model Performance

R? RMSE

No GI_CFG + CC + MFAS + DD + o0.169 17.18
GI_DFG + VC + VO + LOC

Yes GI_CFG + CC + MFAS + DD + o0.142 17.50

GI_DFG + VC + VO + LOC + REC

Table 4.4: Overview of the LMMs for correctness-deviation outcomes, including additive models with
and without recursion. The table reports the fixed effects and their predictive performance
in terms of R? and RMSE.

Recursion Model Performance

R? RMSE

No GLCFG + CC + MFAS + DD + o0.080 0.240
GI_DFG + VC + VO + LOC

Yes GI_CFG + CC + MFAS + DD + o0.076 0.239

GI_DFG + VC + VO + LOC + REC

The table 4.3 show that additive models provide moderate predictive performance for
duration deviation, while performance for correctness deviation remains limited.

To assess the improvement of the models by structural metrics, we again compare them
against baseline models without structural predictors. For duration deviation, baseline
models achieve R* values close to zero and RMSE values around 18.9, indicating that without
structural information, the model effectively predicts the average deviation.

The inclusion of structural metrics leads to noticeable improvements. For example, the
additive model without recursion (Table 4.3) achieves an R*-value of 0.169 and reduces RMSE
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to 17.18. Similarly, the model including recursion reaches an R*-value of 0.142 with an RMSE
of 17.50. These results indicate that structural metrics provide useful predictive signal for
variability in response time, reducing prediction error by approximately 1.5 to 2 seconds.
However, a large portion of the variance remains unexplained.

For correctness deviation, baseline models again show no explanatory power (R? ~
0). Compared to this baseline, the inclusion of structural metrics leads only to small
improvements. The best-performing model (without recursion, Table 4.4) achieves an R*-
value of 0.080, with only a marginal reduction in RMSE.

Overall, these results indicate that structural metrics provide limited explanatory power
for variability in comprehension performance. While improvements are more pronounced
for duration deviation, correctness deviation remains largely unexplained by the considered
structural properties.

4.2 Discussion

4.2.1 Discussion for RQ1

The correlation analysis provides several insights into how structural properties of source
code relate to human comprehension performance.

A central observation is that, across the full dataset, only recursion count shows a
significant moderate negative correlation with task correctness. This initially suggests that
recursion plays a key role in determining whether a task is solved correctly.

However, this interpretation must be treated with caution. Recursive snippets differ from
non-recursive ones, as they require reasoning about repeated function calls, implicit control-
flow and stack behavior [33]. As a result, recursion represents a form of conceptual complexity
that is only partially reflected in the extracted structural properties. This suggests that
recursion introduces aqualitatively different type of difficulty rather than simply increasing
structural complexity along the same dimension as other metrics. In this sense, recursion
may act as a confounding factor that dominates the relationship with correctness and masks
more subtle effects of other structural properties.

To address this, we repeat the analysis without recursive snippets. The results show
that once recursion is removed, no structural metric exhibits a significant correlation with
correctness. This strengthens the interpretation that correctness is largely influenced by
factors beyond the structural properties captured in this study. One plausible explanation is
that correctness depends more strongly on non-structural aspects, such as semantic clarity,
familiarity with programming constructs, or individual problem-solving strategies. While
structural complexity may increase the difficulty of a task, participants may still arrive at
the correct solution by investing additional time or applying compensatory strategies. This
interpretation is supported by the consistent negative correlation between response time and
correctness, indicating that tasks requiring more time are associated with lower accuracy. This
indicates that increased effort does not necessarily translate into successful comprehension.

In contrast to correctness, response time shows strong and consistent relationships with
several structural metrics, particularly those related to variable usage and program size.
For example, metrics such as variable count and LOC exhibit clear positive correlations
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with response time, indicating that larger and more data-flow intensive programs require
more cognitive effort. From a cognitive perspective, this is intuitive. Understanding how
variables are defined, modified and propagated through a program requires maintaining
and updating a mental representation of program state, which increases cognitive load.

Interestingly, traditional control-flow metrics such as cyclomatic complexity and minimum
feedback arc set show only weak and non-significant relationships with both correctness
and response time. This indicates that control-flow complexity alone does not adequately
capture the aspects of program structure that influence comprehension difficulty in the
analyzed dataset.

Overall, the results suggest a clear distinction between two dimensions of comprehension.
First, effort (response time) is strongly influenced by structural properties, particularly
data-flow complexity. Second, success (correctness), is not well explained by these metrics
and appears to depend on additional factors, with recursion representing a special case of
conceptual difficulty.

These findings partically align with prior work by [31], who report that commonly used
structural metrics such as lines of code and dependency degree exhibit small to medium
correlations with comprehension performance, while cyclomatic complexity does not show
significant relationships. In our results, we replicate the absence of significant correlations
for cyclomatic complexity, reinforcing the conclusion that traditional control-flow metrics
are limited in their ability to capture cognitively relevant aspect of program comprehension.
However, in contrast to [31], we do not observe meaningful correlations for dependency
degree, which shows only weak and non-significant relationships with comprehension
performance in our dataset.

Furthermore, our analysis extends the prior work by incorporating a broader set of
data-flow based metrics. While dependency degree alone does not exhibit strong effects,
other data-flow related measures, particularly variable-related metrics, show consistent and
strong relationships with response time. This suggests that data-flow complexity is indeed
relevant for comprehension, but may not be adequately captured by a single metric such as
dependency degree.

Therefore, these findings provide an answer to RQ,. Data-flow related metrics show
stronger and more consistent relationships with comprehension effort that traditional
control-flow metrics, but neither type of metric reliably explains task correctness.

4.2.2 Discussion for RQz2

The results of RQ, show that structural code metrics provide only limited explanatory
power for human program comprehension.

For response time, models explain up to approximately 30% of the variance. While
this indicates that structural properties are relevant, a large portion of variability remains
unexplained. For task correctness, additive models perform close to random classification,
while stepwise models improve performance through complex interaction terms. This
suggests that correctness depends on interactions between structural properties rather than
on individual metrics alone. However, this improvement comes at a cost of interpretability
and potential overfitting [16].
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A key insight concerns the role of random effects. Baseline models show that random
effects dominate response time but contribute only marginally to correctness. This indicates
that correctness is primarily driven by fixed effects, whereas response time is influenced
by both structural properties and random effects associated with participants and code
snippets.

Given these limitations, alternative modeling strategies may be more appropriate. In
particular, we conducted exploratory analyses in which comprehension outcomes were
aggregated at the snippet level (e.g. by averaging response time and correctness across
participants) and modeled using linear models without random effects. For example,
a stepwise model for aggregated response time achieved an R?-value of approximately
0.51 with substantially lower predictive error (RMSE ~ 17.5), compared to the mixed-
effects models on the full data. This suggests that a substantial portion of the variability
at the individual level may be dominated by noise, such as differences in participant
ability, attention fluctuations and other uncontrolled factors influencing response time and
correctness. Aggregation reduces this variability by averaging over participants, thereby
helping to reveal more stable underlying relationships between structural metrics and
comprehension.

These findings are in line with the results reported by [24], who show that even com-
binations of structural code metrics provide only limited predictive accuracy for code
comprehension. Notably, their study focuses primarily on traditional code metrics such as
lines of code and cyclomatic complexity, without incorporating detailed data-flow based
measures.

Similarly, in our study, combining multiple metrics improves model performance com-
pared to individual predictors, but the overall explanatory power remains moderate. In
particular, while multivariate models capture a large portion of variance in response time, a
substantial amount of variability remains unexplained and predictive performance for task
correctness is only improved through complex interaction structures.

Together, these results reinforce the conclusion that structural metrics alone are insufficient
to fully capture the factors that determine human code comprehension.

4.2.3 Discussion for RQ3

The results of RO; show that structural metrics provide only limited explanatory power for
variability in comprehension performance across participants.

For duration deviation, the models achieve R*-values of up to 0.169 (Table 4.3), indicating
that structural metrics capture part of the variability in response times. In particular,
variable count and LOC, as well as recursion, contribute to explaining variability in response
time. This suggests that larger and structurally more complex snippets not only increase
response time on average (as shown in RQz2), but also lead to less consistent behavior across
participants.

However, a substantial portion of the variance remains unexplained. Even the best-
performing models explain less than 20% of the total variance, indicating that additional
factors beyond structural properties influence how consistently participants understand
code.
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For correctness derivation, the explanatory power of the models is considerably lower. The
best-performing model achieves an R*-value of 0.08 representing only a small improvement
over the baseline. This indicates that structural metrics provide only weak predictive signal
for variability in correctness.

Compared to RQz, this highlights an important difference. While structural metrics
show moderate explanatory power for performance, particular for response time, they are
less effective in explaining variability across participants. This suggests that the factors
influencing how difficult a code snippet is, are not identical to those determining how
consistently it is understood.

Opverall, these findings indicate that structural metrics contribute to explaing variability in
comprehension performance, but their explanatory power remains limited. A large portion
of the variance is not captured by the considered metrics, suggesting that additional factors
such as semantic properties or individual differences, play an important role.

4.3 Summary of the Findings

Across all three research questions, the results show a consistent but nuanced picture of the
role of structural code metrics in explaining code comprehension. In RQ1, individual metrics
exhibit only weak to moderate correlations with comprehension outcomes, indicating that
no single structural property is sufficient to capture code comprehension. RQ2 demon-
strates that combining multiple metrics in mixed-effects models substantially improvements
predictive performance, particularly for response time, suggesting that comprehension
difficulty arises from the interaction of several structural factors. However, even the best-
performing models explain only a portion of the variance and predictive performance for
task correctness remains limited.

RQ3 extends these findings by showing that structural metrics are even less effective in
explaining variability across participants. While some improvement is observed for response
time deviation, the overall explanatory power remains modest and variability in correctness
is largely unexplained. Taken together, these results indicate that structural metrics capture
important aspects of code complexity, especially when combined, but they do not fully
account for comprehension performance or its variability. This suggests that additional
factors, such as semantic properties of code, readability and individual differences in
cognitive processing, plays a significant role and should be considered in future work.

4.4 Threats to Validity

When evaluating the relationship between structural code metrics and human comprehen-
sion performance, several threats to validity must be considered. Following established
guidelines in empirical software engineering [39], we distinguish between construct validity,
internal validity, conclusion validity and external validity.

Construct Validity. Construct validity concerns whether the chosen metrics and mea-
surements accuractely capture the underlying concepts of interest. We operationalize in
this thesis code comprehension using task correctness and response time derived from
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existing user studies [4, 32]. While these measures are widely used [24, 32, 36], they only
approximate the complexity of code comprehension, which also includes aspects such as
mental effort, understanding depth and strategy use [8, 33]. As a result, comprehension
may not be fully captured by these observable outcomes.

Similarly, the structural metrics we use in this study represent only a subset of possible
code properties [30]. While control-flow and data-flow metrics capture important aspects
of program structure, they omit other factors known to influence comprehension, such as
naming quality, code layout, semantic clarity and commenting [7]. This may lead to an
incomplete representation of the true drivers of comprehension difficulty.

Furthermore, the abstraction levels we use for control-flow graphs (statement-level) and
data-flow graphs (AST-level) differ. Although we apply normalization, this mismatch may
still influence how well the metrics reflect cognitively relevant structures.

Internal Validity. Internal validity concerns whether the observed relationships can be
attributed to the investigated factors rather than confounding variables. A key threat arises
from the use of existing datasets, where factors such as participant experience, familiarity
with programming constructs and individual problem-solving strategies cannot be fully
controlled [40]. Although mixed-effects models account for participant and task variability,
unobserved confounders may still bias the results.

Another potential issue is the presence of recursion in a subset of snippets. Recursive
code introduces a qualitatively different form of complexity that is not fully captured by the
structural metrics. As observed in the analysis, recursion can dominate certain relationships,
particularly with task correctness and my therefore distort the interpretation of more general
structural effects.

Additionally, preprocessing steps such as normalization, transformation and standard-
ization may influence the statistical relationship between variables [18]. These techniques
implicitly assume certain data distributions (e.g., symmetry or log-linearity) and can alter
the strength and form of observed relationships, potentially affecting the interpretation of
results.

Conclusion Validity. Conclusion validity refers to the reliability of the statistical analysis
and the extent to which correct inferences are drawn from the data. One threat arises from
the relatively small dataset size, which limits statistical power and may reduce the robustness
of estimated effects, particularly in more complex models with multiple predictors and
interaction terms.

Moreover, several metrics exhibit skewed and zero-inflated distributions, which affect
correlation and regression analyses despite the applied transformations. While Spearman
correlation and mixed-effects models are chosen to mitigate these issues, residual distribu-
tional effects may remain.

Another concern is the risk overfitting [16], especially in stepwise model construction
with higher-order interaction terms. Such models may capture dataset-specific patterns
rather than generalizabile relationships, reducing the reliability of conclusions.

External Validity. External validity concerns the generalizability of the results beyond the
studied context. A primary limitation is that the analysis is based on relatively small code
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snippets. Comprehension of such snippets may differ substantially from understanding
larger, real-world software systems that involve additional complexities such as architectural
strcture, long-range dependencies and tool support [25].

Furthermore, the dataset originates from a controlled user study with a specific participant
population and programming language (Java). As a result, the findings may not generalize
to other developer populations, levels of expertise or programming languages.

Finally, the controlled experimental setting differs from real-world development environ-
ments, where factors such as time pressure, collaboration and tooling influence comprehen-
sion [39]. These contextual differences further limit the generalizability of the results

Overall, while the study provides meaningful insights into the relationship between
structural code metrics and comprehension performance, these threats should be considered
when interpreting the results and their applicability to broader contexts.
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Related Work

Research on program comprehension and software understandability spans software engi-
neering, empirical software engineering, human-computer interaction and cognitive science.
This section summarizes prior work on (1) cognitive foundations of program comprehension,
(2) structural and graph-based code metrics and (3) empirical models of readability and
understandability.

Program Comprehension. Code comprehension is a central activity in software develop-
ment [8]. Prior work describes comprehension as the construction of mental representations
of program structure and behavior [33]. These representations include both control-flow
abstractions and data-flow relationships, highlighting that understanding code involves
integrating multiple structural aspects. Subsequent work has highlighted the importance of
tools, strategies and developer behavior in comprehension tasks [38]. Since then, numerous
empirical studies have investigated how developers understand code and which factors
influence performance [36]. A recent systematic mapping study covering four decades of
research highlights the diversity of experimental designs, measurement methods and results
in program comprehension research [40].

Behavioral studies using eye-tracking reveal systematic differences between novices
and experts in reading strategies and attention patterns [10]. EEG-based studies further
show that cognitive load varies significantly between programmers during comprehension
tasks [37]. Peitek et al. [31] extended this line of work by combining brain and behavioral
measurements. In addition to collecting response time and correctness, they analyzed
correlations between structural code metrics and comprehension performance. Their results
indicate that metrics such as lines of code, Halstead complexity and dependency degree
exhibit small to medium correlations with performance, while cyclomatic complexity shows
no significant correlation in their setting.

Structural Code Metrics. Structural code metrics aim to quantify properties of source
code related to complexity and maintainability [15]. One of the earliest and most widely
used measures is cyclomatic complexity, introduced by McCabe [28], which captures the
number of independent control-flow paths in a program.

Aho et al. [1] introduce Control-Flow Graphs (CFGs), which provide a formal represen-
tation of program execution structure and form the basis for many complexity measures.
Extensions of CFG-based analysis include metrics such as the minimum feedback arc set
[41], which captures cyclic dependencies in control-flow.
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Data-flow representations complement control-flow analysis by modeling dependencies
between variable definitions and uses. Metrics such as dependency degree quantify the com-
plexity of these relationships and have been proposed as indicators of low-level structural
complexity [5].

However, the interpretation of code metrics is not trivial. Mamun et al. [27] shows that
correlations between metrics can depend on the measurement choices, highlighting the
need for careful statistical analysis when relating metrics to external outcomes.

Readability and Understandability. Numerous studies have investigated whether
source code metrics can predict readability or understandability. Buse et al. [9] proposed
readability models based on structural code features and human ratings. Subsequent work
simplified these models and emphasized the strong influence of code size on prediction
performance [34].

Later approaches incorporated additional feature types. Dorn [13] introduced visual
and spatial features, while Scalabrino et al. [35] combined structural and textual features,
showing improved predictive performance.

Lavazza et al. [24] investigated the relationship between code metrics and understandabil-
ity measured via maintenance task performance. Their results show that even combinations
of metrics provide only limited predictive accuracy, suggesting that structural metrics alone
are insufficient to fully explain code understandability.

Additional studies confirm these mixed findings. Mufioz Barén et al. [29] report moderate
correlations between Cognitive Complexity and understandability measures, while other
work highlights the limited ability of existing metrics to capture changes in readability over
time [14].

Summary. Previous studies have shown that program comprehension is influenced
by both cognitive processes and the structural properties of the source code. Although
numerous metrics and models have been proposed, the empirical findings regarding their
relationship to human comprehension performance is inconsistent. Correlation based studies
suggest that while structural properties are relevant, they are not sufficient on their own
to fully explain code comprehension performance. This motivates further research into
how different structural representations relate to empirically measured comprehension
outcomes.



Concluding Remarks

In this chapter, we summarize the key findings of this thesis and discuss directions for
future research.

6.1 Conclusion

In this thesis, we examine how structural code metrics relate to program comprehension,
considering both individual performance and differences between participants. Motivated
by prior studies that report mixed results regarding the explanatory power of such metrics
[19, 24, 40], we analyze how structural properties are associated with task correctness and
response time.

The results show that structural metrics are related to comprehension performance, but
their explanatory power remains limited. Consistent with prior studies [31], size-related
measures show comparatively stable relationships with performance outcomes. Among
structural measures, data-flow related metrics such as variable count and variable overwrites
also exhibit meaningful associations. In contrast, traditional control-flow metrics tend to
provide weaker or less consistent explanations.

The analysis of variability suggests that structural properties also influence how consis-
tently code is understood across participants. This implies that code characteristics affect
not only overall performance levels but also the degree to which comprehension outcomes
vary between individuals.

Taken together, these findings suggest that program comprehension arises from a com-
bination of structural aspects and additional factors, including commenting practices,
identifier naming, code layout and semantic clarity. While structural metrics capture impor-
tant elements of code comprehension, they do not fully explain the observed performance
differences. In particular, the observed variability highlights limitations of approaches that
rely exclusively on mean-based analyses.

6.2 Future Work

The results of this work suggest several directions for future research. First, the limited
explanatory power of individual metrics suggests that future work should consider combi-
nations of structural metrics, possibly complemented by cognitive or behavioral measures,
in order to better capture the multi-dimensionality of code comprehension.

Second, future work should extend the set of considered metrics beyond purely structural
properties. Including measures related to code comments, identifier naming quality and
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formatting or layout may provide a more comprehensive representation of code quality.
Such features are known to influence readability and comprehension [35] and may improve
the predictive performance of statistical models by capturing factors that are not reflected
by structural metrics alone.

Third, integrating additional data sources, such as eye-tracking, could help to better
understand the underlying processes that drive differences in comprehension and provide a
closer link between comprehension performance and structural code properties.

Finally, future work should investigate the role of contextual factors, such as developer
experience, task characteristics and code context. Extending the experimental setup to
more realistic programming scenarios and larger code bases would improve the external
validity of the findings and contribute to a more comprehensive understanding of program
comprehension.



Statement on the Usage of Generative
Digital Assistants

For this thesis, the following generative digital assistant has been used: ChatGPT (GPT-5).
The tool was used in a supportive manner to clarify and identify correct LaleX commands
and syntax, for example for tables, formulas and references, as well as to polish and improve
the linguistic quality of text. This included improving phrasing, sentence flow, the use of
connective words and restructuring or merging sentences to enhance readability.

In practice, I drafted the text independently, then submitted selected passages to the
model for language improvements. The revised outputs were subsequently reviewed and
carefully adapted to ensure accuracy, coherence and consistency with my original intended
meaning and style.
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