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Abstract. Software comprehension is a fundamental activity in software
maintenance, and its complexity grows as systems evolve across releases. Call
graphs (CG) are widely used to support this process because they capture the
calling relationships among functions. However, obtaining meaningful
comparisons between different versions of a CG remains challenging. Network
Portrait Divergence (NPD) provides a graph invariant and computationally
efficient metric for assessing structural differences by analyzing global
distributions of node distances and neighborhood patterns. Although it is effective,
NPD does not include execution semantics, even though execution paths often
convey the behavioral changes that matter to developers. This study introduces a
refinement of NPD that replaces neighborhood-oriented features with features
derived from execution paths, represented through distributions of path lengths.
The modified metric is evaluated in a controlled scenario using synthetic data,
designed to distinguish the effects of structural changes including new call and
changes to control flow. The results show that the proposed NPD is more
responsive to modifications that influence execution behavior. Scenarios that
create new execution paths and restructure control flow result in substantially
higher divergence. These findings suggest that including execution path
information offers a more behavior-oriented view of software evolution and
complements topology-based approaches.

Keywords: call graph analysis; divergence measurement; execution path; network
portrait; software comprehension; software evolution.

1 Introduction

Software comprehension is a critical prerequisite in various software
development activities such as maintenance, testing, and quality management [1,
2]. Without a proper understanding of the software and its interactions, adding or
removing features can introduce risks and unexpected behaviors in the system
[3]. Activities such as maintenance, testing, and quality management are
performed iteratively throughout the software development process, resulting in
continuous growth of the system which is commonly referred to as software
evolution. This evolution causes the size and complexity of software systems to
increase rapidly over time. In each release version of the software, developers
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often need to understand the system at different levels of granularity and the
detail. This problem becomes even more complicated when investigating changes
across multiple software releases. Software comprehension, particularly at the
source code level, represents one of the most time-consuming activities in
software development [4, 5]. An effective representation derived from the source
code is a graph [6]. A graph can capture control flow, data flow, or dependency
relationships within a program. Such a representation provides a clearer view of
the overall structure of the code and the interactions between its components [7].
Using graphs as a tool for program comprehension has been shown to be more
effective than traditional methods that rely solely on reading the code [8]. Among
various types of graphs, a call graph is one of the most useful. A call graph is a
visual representation of a software system in which each node represents a
function, and each directed edge represents a function call [9, 10]. Static call
graphs have proven to be effective in helping developers understand system
interactions and structural relationships. For example, the tool in [11] can detect
and visualize static interactions between classes in Java-based software. Another
tool, Code2Graph [12], can automatically construct and visualize static call
graphs for Python programs. Several studies [13, 14, 15, 7] have focused on
creating visualization tools that enhance the graphical representation of call
graphs to support program comprehension. There are other studies [16, 17, 18,
19] that create various visual representations of call graphs that are primarily used
to generate graphical representations. Similarly, GraphEvo [3] utilizes static call
graphs to visualize software evolution using a monolithic color-coded graph.

Execution paths are sequences of method call that describe how a program flows
during execution [20]. It plays a central role in understanding software behavior
[21]. When software evolves, these paths often change in subtle but meaningful
ways, reflecting how new features, modifications, or refactoring change the
system’s logic. For developers, examining execution paths is therefore one of the
most informative methods for understanding how a system behaves across
different versions, particularly during maintenance and regression analysis where
behavioral differences must be clearly identified.

Furthermore, due to the continuous evolution of software systems discussed
earlier, program comprehension now faces a new challenge. This growth makes
it increasingly difficult for developers to understand the interactions within the
system, especially when examining how these interactions change across versions
[18]. The challenge is intensified by the fact that the graphs produced during
software evolution are not static, each software release represents a distinct
snapshot in which nodes and edges may be added, removed, or modified. A
dynamic graph can thus be viewed as a sequence of static graph snapshots across
different time intervals [22]. To address this, graph summarization techniques are
required. The goal of summarization is to simplify a graph into a higher-level
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view while preserving essential information [23]. One common approach is
clustering, particularly hierarchical clustering [13], which allows the granularity
of the summarized graph to be adjusted according to the developer’s
comprehension needs. For example, HCSumm [24, 25] focuses on minimizing
information loss in the summarization process. Summarizing dynamic graphs
introduces additional complexity. Techniques designed for static graphs cannot
be directly applied because reprocessing the entire graph from scratch at every
change would be inefficient. Instead, summarizing information from previous
versions should be reused [26]. One possible solution is micro clustering, in
which clustering is performed incrementally at each time step, eliminating the
need to recompute the entire graph whenever a node or edge changes.

In modern large-scale software development, collaboration among multiple
developers is inevitable. Consequently, Version Control Systems (VCS) have
become an essential tool that aids software comprehension [27]. The use of VCS
transforms the generated source code graph into a dynamic one, as each commit
represents a snapshot of the source code over time. One such metric is Network
Portrait Divergence (NPD), which measures the divergence between two graphs
by comparing global distributions of node distances and neighborhood patterns
[28]. NPD is attractive and provides valuable structural insight because it is
graph-invariant and does not require node correspondence [29].

However, NPD relies solely on topological features and does not incorporate
execution semantics, even though execution paths are often the most meaningful
indicators of behavioral changes in software [30]. Prior studies have shown that
execution behavior and path level information provide a more faithful basis for
analyzing software evolution [31, 32]. This may create a gap between what the
metric measures and what developers truly need to understand. Motivated by this
gap, this study addresses the following research question: “Does incorporating
execution path information into NPD lead to divergence measurements that have
better represent actual behavior and structural changes?”’

This study hypothesizes that adding execution path will provide better divergence
measurement that represents structural changes. To explore this idea, this study
introduces execution path and path length as new features, replacing the original
neighborhood and hop distance attributes in NPD. These execution path features
aim to make the metric more aligned with the way software changes in software
evolution.

The remains of this paper are organized as follows. Section 2 reviews related
studies on GraphEvo, NPD, and execution path-based software evolution
analysis. Section 3 present the proposed method, including the modified
procedure for computing NPD based on execution path. Section 4 presents and
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discusses the evaluation using several scenario setups and its findings. Finally,
section 5 concludes the paper and proposes future directions to enhance this work.

2 Related Studies

Research on software evolution and software maintenance focuses on
understanding how software changes over time due to maintenance activities,
feature additions, and refactoring. Software repository analysis is a primary
approach to studying this evolution, both in terms of code structure and the
patterns of change that occur within it. Software evolution is reflected not only in
the increase in code size, but also in changes in the relationships between
components and their implications for the overall behavior of the system [33, 34].
This complexity makes understanding software evolution a significant challenge,
especially when changes need to be analyzed across multiple versions.

In order to support program comprehension, various graph visualization and
representation techniques have been developed. A systematic review shows that
graph-based representations are one of the most common and effective
approaches [35, 36, 37]. A call graph is one such graph-based representation that
represents the calling relationships between functions and provides a clear
interaction of software components. Several subsequent studies have highlighted
how call graphs can be used to improve program comprehension, including
through clustering, topological analysis, and network characteristic
measurements [38, 39, 40].

In the context of software evolution analysis based on call graph, GraphEvo
introduced as an approach to characterize and understand software changes
between versions [3]. GraphEvo automatically constructs a static call graph for
each software version and visualizes it to highlight the structural changes that
occur. This approach aims to answer evolutionary questions such as what
functions are added, removed, or modified, and how call relations change from
one version to the next. A similar idea regarding graph divergence-based change
analysis is also discussed in another paper [41], which shows that differences in
the structure of the call graph can indicate significant changes in the system.

GraphEvo’s workflow consists of two primary stages. The first stage builds call
graphs for each software release. These graphs provide insights into how
functions interact within the software. The second stage calculates various graph
metrics across different software versions to measure how the structure evolves
over time. Moreover, the tool provides comparison and feature analysis
capabilities that help developers better understand code changes and execution
differences across releases.
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To measure structural differences between graphs, GraphEvo utilizes Network
Portrait Divergence (NPD). NPD is a topology-based metric that compares two
graphs through the global distribution of distances between nodes [29, 28]. This
approach is graph invariant, independent of node order or graph size, thus
allowing structural comparisons without explicit node mapping [42, 28]. The
network portrait concept is also used in other domains, such as in the film domain
and other networks that are not always based on a call graph [43, 44], showing
that the distribution of distances and global connectivity patterns can effectively
represent the structural characteristics of a network. NPD represents the statistical
distribution of distance patterns in a network. A network portrait describes how
many nodes have k& neighbors at a distance /. Each row / corresponds to a specific
hop distance from a node, while each column £ indicates the number of nodes
with k neighbors at that distance.

To compute divergence between software releases, GraphEvo first generates
Network Portrait (NP) to determine how many other nodes can be reached from
each node within n hops. The next step is to calculate the distances for 1-hop and
2-hop connections. Here, a hop refers to the distance between the source node
and the next node connected by an edge. For each node, the number of neighbors
reachable at each hop distance is identified. The hop distance is denoted by /, and
k represents the number of neighbors within that distance. After the values of &
and / are identified, a distribution is constructed to represent the number of nodes
that fall under each hop. Once the probability distribution for each hop distance
has been generated, the next step would be to merge the probability distributions
from multiple software versions to calculate the Jensen—Shannon Divergence
(JSD).

JSD is a measure of the difference between two probability distributions that are
symmetric and bounded, making it easy to interpret [45]. The use of JSD as a
measure of distribution difference is also often discussed in studies that utilize
entropy and information-based approaches to compare network structures [43,
42, 46]. It reflects how many nodes in each graph have k neighbors at a distance
[. In other words, JSD quantifies the difference between the (/, k) distributions of
version 1 and version 2. This divergence represents the distance between two
probability distributions, P and Q, derived from the graphs. It is based on the
Kullback—Leibler (KL) divergence and is calculated using the following Eq. (1):

Dis(P || Q) =% Dxr (P || M) + % Dxw (Q || M) (1)

where P is the probability distribution of the first graph, Q is that of the second
graph, and M is the mixed distribution of P and Q, computed using the coefficient
% for each. The advantage of JSD is that it is always bounded between 0 and 1,
and the result is symmetric, meaning that Dys(P | |Q) = Dys(Q || P). This makes it
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particularly useful for measuring structural divergence between different
software versions in a consistent way. The higher the JSD value, the greater the
structural difference between the two versions of the software.

3 Proposed Method

Although GraphEvo is effective in capturing global structural changes in call
graphs, several studies have shown their limitations in representing program
execution semantics. Several studies emphasize that program understanding is
highly dependent on how functions are executed and how execution paths are
formed, rather than only on static connectivity structures [47, 48]. Similarly, other
research suggests that graph simplifications and structural metrics need to align
with how humans understand program behavior [49].

Based on these findings, a gap between topology-based software evolution
analysis and the need to more explicitly represent execution behavior, this work
begins with a direct assumption that changes in a software system are often easier
to observe through the execution paths that the program can follow, rather than
through general topological information in its call graph. A small adjustment in
the code, sometimes as minor as inserting a new function can shift how the
program flows, even when the graph topology around the affected nodes remains
almost unchanged. From this observation, we hypothesize that proposing
execution path information into the Network Portrait Divergence (NPD)
framework will produce divergence values that more accurately reflect the
structural and behavioral differences between software versions.

3.1 Execution Path as a Feature

In this study, an execution path refers to the ordered sequence of function calls
that starts from an initial point and terminates when no further call is reachable.
Developers often rely on such paths to track feature behavior or follow a chain of
calls during debugging, but the original NPD formulation does not explicitly use
this information. In the original NPD, the network portrait is defined using two
dimensions: / represents the hop distance from a node, and k represents the
number of nodes reachable at that distance. This formulation is suitable for
generic network comparison because it captures global neighborhood and
distance patterns. However, it does not preserve the ordering of function calls,
which is important in software execution.

To integrate execution path semantics, this study preserves the portrait structure
but changes the meaning of its two dimensions. In the proposed formulation, /
represents the length of an execution path, measured by the number of function
calls in the sequence, while k represents the number of execution paths with
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length /. Thus, each (/, k) pair no longer describes how many neighbors are
reachable at a given hop distance, but how many execution paths share a given
path length. The probability distribution and JSD calculation remain consistent
with the original NPD, but the information encoded in the portrait is shifted from
topological neighborhood structure to execution path behavior.

3.2 Modified Steps

The proposed divergence computation follows the general workflow of the
original NPD, but replaces the neighborhood based portrait with an execution
path based portrait. Instead of counting how many nodes are reachable at a
particular hop distance, the proposed method counts how many execution paths
have a particular path length. To make the procedure clearer and more
reproducible, the complete computation is summarized in Algorithm 1.

Algorithm 1. Execution path-based NPD computation

Input: Two directed call graphs G1 = V1, El and G2=V2, E2
QOutput: Execution path-based divergence DJS(P || Q)

Identify entry nodes in each graph according to the selected entry point policy.
Enumerate simple execution paths from the entry nodes in G1 and G2.
Stop a path when no unvisited successor is reachable.

For each graph, compute the length 1 of each execution path.

Count the number of execution paths k for each path length I.

Construct execution path portraits P and Q using the resulting (1, k) entries.
Normalize P and Q into probability distributions.

Align the portrait keys of P and Q.

. Compute the mixed distribution M = 5 (P + Q).

10.Compute DIS(P || Q) = 2 DKL (P || M) + ¥4 DKL (Q || M).

11.Return DJS(P || Q).

e A o

In this study, entry nodes are defined as nodes with zero in-degree in the extracted
call graph. These nodes represent functions that are not called by other functions
within the same graph and therefore serve as starting points for path enumeration.
The same entry point policy is applied consistently to all compared versions to
ensure comparability between portraits. If a software version introduces or
removes entry nodes, the resulting divergence may reflect both structural changes
and changes in the possible starting points of execution. This behavior is
intentional in the current formulation because entry point changes also indicate
changes in how execution paths may be formed.
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The current implementation enumerates simple paths only. A simple path does
not contain repeated nodes, which prevents infinite traversal in the presence of
cycles or recursive calls. As a result, recursion and mutually recursive
components are not unrolled indefinitely in this study. While this choice keeps
path enumeration finite and reproducible, it may underrepresent recursive
behavior.

From a computational perspective, the most expensive part of the proposed
method is execution path enumeration. Since the method enumerates simple
paths, the number of possible paths can grow rapidly in graphs with high
branching factors. In the worst case, simple path enumeration may grow
exponentially with the number of nodes. After the paths have been enumerated,
constructing the execution path portrait is linear in the number of enumerated
paths, because each path is assigned to its corresponding path length group. The
alignment of portrait keys and the JSD computation are linear in the number of
distinct (/, k) entries. Therefore, the scalability of the proposed method is mainly
determined by the number of execution paths produced from the call graph.

3.3 Evaluation Plan

The approach will be evaluated through three scenarios:

1. A small illustrative example, used to show how the modified NPD behaves
under controlled structural changes and then comparing the execution path-
based NPD with the original GraphEvo

2. Synthetic graph datasets of various sizes and densities, allowing systematic
comparison with the original formulation.

3. Real world case study, used to ensure that proposed NPD works as desired in
real case.

These three evaluation settings are intended to provide a balanced view of how

the proposed modification behaves in different conditions, ranging from simple,

controlled structures to more realistic and irregular cases, and complemented by

a real world case using a real project from open source repository. Through this

combination, we expect to see whether the execution path-based portrait

consistently produces divergence values that make sense relative to the actual
changes in the code, and whether it offers a clearer picture of software evolution
compared to the original NPD formulation.

4 Evaluation and Discussion

Based on the proposed method section, this study evaluates the proposed solution
through three different settings. The first setting uses a small controlled example
to make the calculation steps transparent and easier to follow. The second setting
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relies on synthetic graphs of varying sizes and controlled modification scenarios
to observe how the method responds when the graph structure becomes more
complex. The third setting uses a real world case study based on selected modules
from the Flask open source project to examine whether the proposed method can
also capture changes in naturally evolving software. These three settings are
discussed separately because they highlight different aspects of how the modified
NPD behaves.

Since the proposed method directly modifies the portrait definition used in NPD,
the original NPD is used as the primary baseline throughout the evaluation. This
allows the experiment to isolate the effect of replacing neighbourhood based
features with execution path based features while keeping the divergence
computation consistent. Broader comparisons with other graph distance
measures, such as graph edit distance, spectral distance, or degree distribution
divergence, are outside the scope of the current study and are considered as future
work.

Through these evaluation settings, our aim is to examine whether the execution
path based portrait provides a more meaningful reflection of software evolution
than the original formulation, particularly when changes affect execution paths,
call ordering, and control flow structure.

4.1 Small Illustrative Example

To further test the proposed feature, this experiment was conducted using a
simple example that includes execution paths that have more than two hops and
introduces both new nodes and cyclic edges between connected nodes. We try to
compare between the original NPD and the proposed execution path-based using
the example. This case, illustrated in Figure 1, serves as the first test scenario.

Figure 1 Call graph example: version 1 (vi) and version 2 (v2).

Following the original steps, distances were calculated for 1-hop through 4-hop
connections in both v; and v». The next step is to construct the distribution based
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on the identifications summarized in Table 1 for each hop and version, both v,
and va.

Table1 Calculation of k£ for each / in v; and v».

Vi V2

Node NextNode k& Node NextNode £k

1-hop (I=1)
A B,C,D 3 A B,C,D 3
B D 1 B D 1
C A, B 2 C A,B 2
D - 0 D E 1
E - 0

2-hop (I=2)
A B,D 2 A B,D,E 3
B - 0 B E 1
C B,D 2 C B,D 2
D - 0 D - 0
E - 0

3-hop (/=3)
A D 1 A B,E 2
B - 0 B - 0
C D 1 C D.E 2
D - 0 D - 0
E - 0

4-hop (I=4)
A E 1
B - 0
C E 1
D - 0
E 0

The resulting distributions are then presented in Table 2. After obtaining the
distribution for each hop (/) as shown in Table 2, the next step is to construct the
network portrait, which represents the set of (/, k) pairs.

Table 2 Distribution of & for each / in v; and v,

41 V2
k  Count of node k  Count of node
1-hop (/=1)
0 1 (D) 0 1 (E)
1 1 (B) 1 2 (B, D)
2 1(C) 2 1(C)
3 1(A) 3 1(A)
2-hop (I=2)
0 2(B,D) 0 2(D,E)
2 2(A,0 1 1 (B)
2 1O
3 1 (A)
3-hop (I=3)
0 2(B,D) 0 3(B,D,E)

1 2(A0 2 2(A0
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Vi V2
k  Count of node k  Count of node
4-hop (I=4)
0 3(B,D,E)
1 2(A0

The same procedure is applied as described earlier in Section 3. Table 3 presents
the probability values for each (/, k) pair generated in both versions, v; and va.

Table 3 Probability for each /, k in vi and v».

M V2
(L k) Countofnode Probability (, k) Countofnode Probability
(1,0) 1 0.083 (1,0) 1 0.050
1,1) 1 0.083 (1,1) 2 0.100
(1,2) 1 0.083 (1,2) 1 0.050
(1,3) 1 0.083 (1,3) 1 0.050
(2,0) 2 0.167 (2,0) 2 0.100
2,2) 2 0.167 2,1 1 0.050
(3,0) 2 0.167 2,2) 1 0.050
3,1) 2 0.167 2,3) 1 0.050
(3,0) 3 0.150
(3,2) 2 0.100
(4,0) 3 0.150
4,1) 2 0.100

The next step follows the same procedure as in the previous section, which
involves combining the distributions of P (vi) and Q (v2), as shown in Table 4.

Table 4 Merge distribution between v; and v;.

(l,k) Probability v; Probability v,

(1,0) 0.083 0.050
(L1 0.083 0.100
(12) 0.083 0.050
(1,3) 0.083 0.050
2,0) 0.167 0.100
@) 0 0.050
2.2) 0.167 0.050
2.3) 0 0.050
(3.,0) 0.167 0.150
3.1 0.167 0

(3.2) 0 0.100
(4,0) 0 0.150
@, 0 0.100

After that, we computed the JSD using equation (1), which resulted in a value of
Dss(P || Q) is 0.348. This NPD value indicates that structural changes occurred,
but not in an extreme way, since it remains above the threshold of 0.3. In the
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context of GraphEvo, this suggests a form of functional evolution, such as the
addition of new functions or execution paths.

Once the analysis of Figure 1 using the original features of GraphEvo was
completed, the next step was to perform the same analysis using the proposed
features, namely execution path and path length. The overall procedure remains
identical, except that the definitions of / and £ differ under the proposed approach.
The first step is identifying the execution paths for both v, and v,. Based on Figure
1, the v; contains seven execution paths as follows:

A—-B—-D

A—-C—-B—D

A—D

B—D

C—-A—->B—-D

C—o>A—>D

C—->B—D

Meanwhile, the v, contains eight execution paths:

A—-B—-D—E

A—-C—-B—->D—E

A—-D—E

B—-D—E

C—-A—-B—>D-—>E

C—-A—-D—>E

C—-B—-D—E

D—E
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After identifying all execution paths, the lengths of the paths between v and v
were then calculated, as shown in Table 5.

Table 5 Length of the path v; and v».

=1 1=2 I1=3 =4
Node v v, vi v vi v v W

A 1 - 1 1 1 1 - 1
B 1
C - -2 - 1 2 -
D S L
E - - - - - - - -

The next step is to construct the distributions based on Table 5 to generate the
Network Portraits (NP) for both v; and v,. The results are presented in Table 6.

Table 6 The distribution of each / in v; and v,

A4 V2
k  Countofnode % Countof node
0 2(C,D) 0 4(A,B,C,E)
1 2(A,B) 1 1 (D)
0 2(B,D) 0 3(C,D,E)
1 1(A) 1 2 (A, B)
2 1(O) - -
0 2(B,D) 0 3(B,D,E)
1 2(A,0) 1 1(A)
- - 2 1(O)

- - 0  3(B,D,E)

- - 1 2(A, Q)
As in the previous example, the next step is to calculate the distribution of
occurrences for each specific (/, k) pair in both v, and v,. The results of this
calculation are shown in Table 7.

Table 7 Probability for each /, k in vi and v».

Vi v
“0 Count of node  Probability Countofnode  Probability
(1,0) 2 0.167 4 0.200
1,1 2 0.167 1 0.050
2,0 2 0.167 3 0.150
2,1 1 0.083 2 0.100
2,2) 1 0.083 - -
(3.,0) 2 0.167 3 0.150
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v v
“0 Count of node  Probability Countofnode  Probability
@3.1) 2 0.167 1 0.050
G2 - - 1 0.050
(4,0) - - 3 0.150
@, - - 2 0.100

Finally, the distributions of v and v, are combined, and the result is presented
in Table 8. After constructing the merged distribution of P (vi) and Q (v2), the
next step is to calculate the divergence between them using equation (1). The
resulting value of Dys(P | Q) is 0.242. This indicates a measurable divergence,
but it does not exceed the 0.3 threshold used in GraphEvo to indicate a major
structural difference. When compared with the NPD value obtained from the
original GraphEvo features (0.348), the proposed feature set produces a
noticeably different outcome. Using the original features leads to the detection
of a major structural change, while the proposed features produce a lower
divergence value, implying that the change is less extensive. As illustrated in
Figure 1, only one node and one edge were added. Therefore, the modification is
relatively minor. However, because the proposed approach incorporates
execution paths, the number of identified paths increases significantly, which in
turn affects the divergence value. This observation explains the substantial
difference between the NPD computed using the original GraphEvo features and
that obtained with the proposed method.

Table 8 Merge distribution between v, and v,

Vi %)

“5 Count of nodes Probability Count of nodes Probability
(1,0) 2 0.167 4 0.200
(1,1) 2 0.167 1 0.050
2,0) 2 0.167 3 0.150
2,1) 1 0.083 2 0.100
2,2) 1 0.083 0 0
(3,0) 2 0.167 3 0.150
@3.,1) 2 0.167 1 0.050
3,2) 0 0 1 0.050
(4,0) 0 0 3 0.150
4.1) 0 0 2 0.100
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4.2 Synthetic Graph Dataset

To better understand how the proposed execution path feature behaves under
different types of structural changes, we evaluate it using three synthetic graph
pairs representing small, medium, and large evolution scenarios. These cases are
designed to simulate realistic patterns of software evolution there are minor
corrections, incremental feature additions, and more substantial architectural
extensions. By varying the number of nodes, edges, and call-graph relationships,
we could observe how both divergence metrics there are the original NPD and
the execution path-based variant, respond to differences in size and structure.
This setup also allows us to examine whether the proposed method is consistent
across graph scales and whether it captures behavioral changes that the
neighborhood-based portrait may overlook. The characteristics of each graph pair
and the result of divergence values are summarized in Table 9.

Across these three synthetic cases, the divergence values reveal clear differences
in how the original NPD and the pro-posed execution path feature respond to
structural changes. In the Small case, only a minor modification was introduced
by replacing a recursive implementation of modulus with a direct computation.
Although this change removes one call and eliminates an execution path, the
overall structure of the program remains almost the same. As a result, the original
NPD produces a small divergence (0.113), whereas the execution path features
have a higher value (0.667), indicating that it is more sensitive to change that
affects the flow of control.

Table 9 Divergence comparison in synthetic graph.

Number of Nodes Number of Edges NPD
Graph Scale v v, v V) Original Proposed
Small 6 6 5 3 0.113 0.667
Medium 9 8 9 9 0.006 0.473
Large 15 15 18 23 0.648 1.000

The Medium case highlights how a minor structural change can still influence
execution behavior. The only difference between two versions is the addition of
a call from compute stats to normalize, which introduces a new branch in the
execution flow. While the original NPD captures this as a very small structural
adjustment (0.006), suggesting little change at the graph topology level. However,
the execution path features produce a noticeably higher divergence (0.473). This
suggests that even a modest change in the ordering of function calls can alter how
the program flows at runtime. In this case, the proposed method highlights
behavioral differences that are not easily seen through the neighborhood-based
portrait. Finally, the Large case shows the behavior of both metrics under more
substantial evolution. The second version includes several new helper functions
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and additional analysis and logging steps, expanding both the size and depth of
the call graph. The original NPD reports a noticeable divergence (0.648),
indicating significant structural growth. The execution path divergence again
reaches 1.00, reflecting the introduction of multiple new execution chains and
deeper call sequences. In this scenario, both metrics indicate meaningful change,
but the execution path version more clearly captures the scale of behavioral
expansion. In addition to these three cases, we created a set of controlled based
on the small example to observe how each NPD (the original vs the proposed)
responds to isolated structural modification. This additional evaluation is
intended to provide insight into the sensitivity of both versions of NPD when the
call graph changes in specific and well-defined ways. Two types of modifications
were introduced: the first one is adding a new function which increases the
number of nodes and the second one is adding new call function which increases
the number of edges.

To support this additional evaluation, we defined several test scenarios that
describe incremental modifications made to the base graph. The purpose of these
scenarios is not to evaluate the correctness, but to examine how each NPD
formulation responds when the graph is modified in a controlled manner. Table
10 shows the scenarios used in this sensitivity analysis, describing the type of
modification applied.

The results of the controlled scenarios in Table 10 provide a clear view of how
the two divergence metrics respond to isolated structural modifications in the call
graph. Across all variations, the original NPD shows a steady and relatively
conservative pattern: divergence increases when nodes or edges are added, but
the magnitude generally reflects structural expansion rather than shifts in
execution behavior. This outcome is consistent with its formulation as a topology-
oriented metric that captures changes in neighborhood distributions and the
overall graph structure.

In contrast, the proposed execution path-based NPD produces a wider and more
expressive range of values. Scenarios that introduce new callable functions such
as G2, G3, G6, and G8 lead to noticeably larger divergences because they create
additional execution chains. Modifications that alter the internal flow of existing
functions, including wrapping or branching (G4, G9, G10, G11), produce even
sharper increases, indicating a higher sensitivity to changes in control-flow
structure. These findings suggest that the proposed metric is more sensitive to
changes that affect control flow organization.
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Table 10 Sensitivity evaluation scenarios based on incremental structural and
behavioral modifications.

sGraph Diff Diff Modification Flow NPD NPD
ID Nodes Edge Impact Original Proposed
vs GO vs GO Categories
GO - - baseline baseline - -
Gl 1 0 add unused none 0.333 0.331
function
G2 1 1 new function new path 0.333 0.797
called
G3 1 2 add function new path 0.308 0.797
calls
G4 1 1 wrapper restructured 0.413 0.595
changes main path
flow
G5 2 0 add two none 0.333 0.393
unused
functions
G6 2 2 add two new path 0.667 0.827
function calls
G7 3 0 add three none 0.333 0.442
unused
functions
G8 3 3 add three new path 0.667 0.848
function calls
G9 1 2 call preprocess  restructured 0.308 0.797
before path
multiply
G10 1 1 branching in restructured 0.595 1
multiply path
Gl1 2 2 wrapper and restructured 0.437 1
branching path

These scenarios represent changes in which the graph increases in size while the
program’s execution behavior remains unchanged. As shown in Figure 2, the
original NPD produces small and relatively stable divergence values, indicating
only minor structural adjustments. The proposed NPD, however, shows a
proportional increase that follows the number of additional nodes. This occurs
because the path-length distribution is normalized across all observed paths.
Adding functions that are not reachable from the main entry point still affects this
distribution by altering the relative weights of existing groups. The resulting
divergence therefore reflects structural growth rather than behavioral change.
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Figure 2 Divergence values for node only modifications.

When the scenarios are grouped according to their behavioral impact, as shown
in Figure 3, a clear pattern emerges. Divergence values are smallest in cases where
no new execution paths are created, increase when new paths are introduced, and
reach their highest levels when internal branching or restructuring modifies the
flow within existing functions. This progression aligns well with the intuitive
severity of each type of modification. Scenarios such as G9 belong to this
restructuring group, because the addition of a preprocessing step changes the
ordering of the original flow rather than simply adding a new branch.
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Figure 3 Divergence patterns across behavioral change categories.

Although one might initially expect unused function scenarios (G1, G5, G7) to
yield zero divergence since they do not alter execution behavior, the results reveal
a different pattern. The proposed metric constructs a distribution of path lengths
and normalizes it across all observations. Adding unreachable functions
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indirectly modifies this distribution by adjusting the total denominator, which in
turn shifts the portrait even though the set of execution paths remains unchanged.
Rather than representing a false signal, this behavior reflects structural evolution
within the software. In practice, the addition of unused functions often
corresponds to architectural preparation, refactoring activity, or scaffolding for
future features. The steady increase in divergence across these cases indicates that
the proposed metric reacts predictably to such changes.

Scenarios that combine new nodes with new edges (G2, G3, G6, G8) behave
differently, producing substantially larger divergences. These cases affect both
the size of the graph and its execution behavior, leading to a dual impact on the
path-length distribution. Modifications to internal control flow (G4, G9, G10,
G11) produce the largest divergences, highlighting the ability of the proposed
method to capture execution-level structural changes rather than only static

topology.

Taken as a whole, these patterns show that the two metrics emphasize different
aspects of software evolution. The original NPD primarily reflects structural
growth, responding mostly to increases in nodes and edges. The proposed
execution path formulation gives stronger responses to modifications that affect
how the program actually executes. As the scenarios become more complex, the
proposed NPD consistently produces higher divergence values, which suggests
that it offers enhanced sensitivity to execution-oriented change. This behavior is
valuable when developers are concerned with how program logic evolves across
versions rather than with structural properties alone.

The controlled scenarios demonstrate that the two versions of divergence metrics
respond differently depending on the type of modification introduced into the call
graph. The original NPD increases primarily in cases where the graph expands
structurally, reflecting changes in node and edge counts. The proposed execution
path-based NPD, however, shows a more graded response: small increases for
node only modifications, moderate increases when new execution chains are
introduced, and strong divergence when internal control-flow structures are
altered. These observations confirm that the proposed formulation is more
sensitive to behavioral changes, whereas the original emphasizes structural
growth. This distinction sets the stage for interpreting the results of the small-
example study and motivates the need for both metrics when analyzing software
evolution. While these synthetic scenarios provide controlled evidence of the
proposed NPD’s sensitivity, they do not fully represent changes that occur in real
software project. Therefore, an additional real world case study is conducted in
the next section.
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4.3 Real World Case Study

To address the limitation of relying only on illustrative and synthetic datasets,
this study adds a real world case study using Flask
(https://github.com/pallets/flask), an open source python web framework from
the pallets project. Flask is a lightweight web server gateway interface (WSGI)
designed to support both simple and complex web applications. This project was
selected because it is a mature and widely used python project with clear release
snapshot and naturally evolving program structure. These characteristics make
Flask suitable for examining whether the proposed execution path-based NPD
can capture changes that occur in real software evolution, rather than only in
controlled synthetic settings.

The case study focuses on two core modules of this project, namely app.py and
ctx.py. The app.py module was selected because it contains the main Flask
application class and includes mechanisms related to request dispatching,
response handling, error handling, URL routing, and application lifecycle
management. These responsibilities make it a suitable target for analyzing
execution path changes because modifications in this module may affect both
function interactions and control flow. The ctx.py module was also selected
because it manages application and request contexts, which are central to how
Flask handles runtime state during request processing. Together, these two
modules provide a file level view of both application flow and context
management in Flask. The same extraction and divergence calculation program
used in the synthetic evaluation in Section 4.2 was also used in this real world
case study to ensure consistency across experimental settings.

Three release snapshots were selected: v2.0.0, v2.1.0, and v2.2.0. These versions
allow two consecutive comparisons and one cumulative comparison, there are
v2.0.0 to v2.1.0, v2.1.0 to v2.2.0, and v2.0.0 to v2.2.0. This setup is sufficient to
observe both short-term changes between releases and accumulated changes
across a longer interval. For each selected module and version, a static call graph
was extracted and converted into the graph representation used by both
divergence metrics. The structural profile of the extracted graphs is summarized
in Table 11.

Table 11 Call graph profile of selected Flask modules across release version.

Module Version Nodes Edges

2.0.0 68 79
app.py 2.1.0 67 74
2.2.0 72 80
2.0.0 30 39
ctx.py 2.1.0 33 42

2.2.0 31 41
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The node and edge counts show that both selected modules show only moderate
changes in graph size across the selected releases, making them suitable for
examining whether execution path-based divergence can reveal changes beyond
simple node and edge growth.

After profiling the extracted call graphs, divergence was computed for both
consecutive and cumulative version pairs using the original NPD and the
proposed execution path-based NPD. The results are presented in Table 12. The
difference between the original and proposed NPD can be explained by the type
of information encoded in each portrait.

Table 12 Divergence comparison for selected Flask module version pairs.

Module Version Pair Original Proposed
NPD NPD
2.0.0t0 2.1.0 0.062 0.841
app.py 2.0.0t02.2.0 0.136 0.870
2.1.0t02.2.0 0.166 0.950
2.0.0t0 2.1.0 0.111 0.543
cix.py 2.0.0t02.2.0 0.193 0.163
2.1.0t02.2.0 0.139 0.689

The original NPD summarizes graph structure through neighborhood and hop
distance distributions. This representation is effective for capturing global
topological differences, but it does not preserve the ordering of function calls.
Therefore, changes that modify execution sequences may remain weakly
reflected when the overall graph topology remains similar. In contrast, the
proposed formulation represents software behavior through execution path length
distributions. Since each execution path corresponds to an ordered sequence of
function calls, changes in call ordering, branching, or restructuring can directly
alter the resulting probability distribution. Consequently, the proposed method
becomes more responsive to behavior related changes, even when the number of
nodes and edges changes only a few.

The real world results shown in Table 12 show that the original NPD and the
proposed execution path-based NPD respond differently to naturally occurring
changes in Flask. In app.py, the original NPD remains low across all version
pairs, ranging from 0.062 to 0.166, which is consistent with the relatively small
changes in node and edge counts. However, the proposed NPD metric produces
much higher divergence values, ranging from 0.841 to 0.950. This indicates that
although the overall topology of the module changes only moderately, the
distribution of execution paths changes substantially. The result supports the
claim that execution path information can reveal behavioral changes that are not
strongly reflected by topology based comparison used by original version of
NPD.



108 Fitra Arifiansyah, et al.

The ctx.py results provide a more nuanced interpretation. In two version pairs,
v2.0.0 to v2.1.0 and v2.1.0 to v2.2.0, the proposed metric produces higher
divergence than the original NPD, suggesting that the changes affect execution
path structure stronger than global topology. However, in the cumulative
comparison between v2.0.0 and v2.2.0, the proposed divergence is lower than the
original NPD. This suggests that some structural changes observed in the call
graph do not necessarily lead to large changes in execution path distribution.
Therefore, the proposed method should not be interpreted as simply producing
larger values, but rather as emphasizing changes that alter execution flow.

These findings strengthen the analysis by showing that the proposed method is
sensitive to execution related changes while still producing lower values when
structural modification does not substantially affect path distribution. The high
values observed in app.py also explain the sensitivity of the method: execution
paths encode ordered call sequences, so changes in call ordering, branching, or
central function interactions can shift the normalized path length distribution and
produce large JSD values. At the same time, the lower value in one ctx.py pair
illustrates that the metric does not automatically amplify every structural change.
This provides stronger empirical support for the claim that execution path-based
NPD offers a behavior oriented complement to the original topology based NPD.

5 Conclusion

This study examined the use of execution path information as an enhancement to
the Network Portrait Divergence (NPD) metric for analyzing structural and
behavioral changes in evolving software systems. The motivation for this work
comes from the observation that the original, neighborhood-based NPD treats call
graphs primarily as structural artefacts, while software evolution often involves
modifications that alter not only the shape of the graph but also the semantics of
program execution. To address this gap, we introduced an alternative formulation
of NPD that replaces neighborhood distributions with execution path and path
length distributions, allowing divergence to be measured in a way that reflects
changes in how the program behaves across versions.

The evaluation was conducted through three settings: a small illustrative
example, controlled synthetic scenarios, and a real world case study using
selected modules from the Flask project. Across the illustrative and synthetic
settings, the proposed metric consistently showed stronger sensitivity to changes
that introduce new execution chains or restructure internal control flow. The real
world case study further strengthened this observation. In the Flask app.py
module, the original NPD remained low despite changes across releases, while
the proposed metric produced substantially higher divergence values, indicating
changes in execution path distribution that were not strongly captured by
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topology alone. The ctx.py module provided a clearer result, showing that the
proposed metric does not simply produce larger values in all cases, but responds
more strongly when changes affect execution path structure. These results
indicate that the proposed formulation provides a behavior-oriented complement
to the original NPD by capturing aspects of software evolution that are less visible
through structural topology alone.

Although the proposed enhancement offers clearer behavioral sensitivity, several
limitations must be acknowledged. In some restructuring scenarios, the
divergence values produced by the execution path formulation tend to reach the
upper limit of the scale, which reduces the granularity of the metric and makes it
difficult to distinguish between different degrees of behavioral change. This
suggests that additional weighting schemes or alternative normalization strategies
may be required to maintain discriminative power across a wider variety of
modifications. In addition, the current implementation enumerates simple paths
without applying large scale pruning strategies. This may limit scalability when
the call graph contains many branching structures or when the graph size becomes
very large. Future refinement may therefore consider maximum path length
constraints, fan out pruning, bounded depth traversal, cycle summarization, k-
shortest path approximation, or sampling-based path enumeration to improve
scalability and better handle recursive or cyclic call structures. Furthermore,
interpretation of divergence values, whether produced by the original or the
proposed metric, still relies on expert judgement. Divergence should be
understood as an indicator of difference rather than an assessment of code quality,
and the significance of any value may vary depending on the expectations of
developers and the context of the project. These considerations point to several
opportunities for future refinement, including adaptive thresholds, improved
modelling of execution paths, broader validation across larger software systems,
and expert supported interpretation.

Another limitation concerns the use of static call graphs. Static call graph
extraction may introduce over approximated or infeasible edges, which can affect
the resulting execution path portraits. In this study, the same extraction pipeline
is applied consistently across versions to preserve comparability, but robustness
across different call graph builders or extraction configurations has not yet been
evaluated. Future work should therefore include sensitivity analysis using
multiple call graph construction tools, alternative extraction settings, and
dynamic traces to assess the influence of static call graph imprecision.

Overall, the findings demonstrate that incorporating execution path information
into divergence analysis provides a meaningful extension to existing structural
metrics. While the original NPD remains effective for capturing structural
growth, the proposed formulation offers a complementary behavioral perspective
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that can help developers better understand how program logic evolves across
versions. Future research will aim to refine the model to improve its granularity,
evaluate its scalability on larger software systems, and integrate qualitative
insights through expert evaluation to strengthen its interpretability in practical
software evolution studies.
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