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Abstract

Context: Code samples are widely used to demonstrate best prac-
tices and facilitate framework adoption, promoting productivity
and innovation. In open-source projects, their evolution often in-
volves diverse contributions, introducing technical complexity and
challenges in community collaboration. This scenario can leads to
the co-occurrence of Code Smells and Community Smells, impacting
software quality, collaboration, and the sustainability of developer
communities. Problem: The simultaneous evolution of Code Smells
and Community Smells degrades code quality, reduces developer co-
hesion, and lowers collaborative efficiency, increasing the likelihood
of project failure and making projects less appealing to new contrib-
utors. Solution: This study investigates how the co-occurrence and
evolution of Code Smells and Community Smells interact over time.
It proposes strategies based on metrics and temporal analysis to mit-
igate these impacts, improve maintainability, and strengthen com-
munity dynamics. Information Systems Theory: Social Network
Theory provides a foundation to analyze the influence of human
interactions on project evolution and team cohesion. Method: We
mined open-source repositories—using techniques such as commit
history mining, bug log analysis, and code metric extraction—and
temporal analysis to quantitatively track and correlate the evolution
of Code Smells and Community Smells across project milestones.
Results Summary: Local commit surges trigger transient com-
plexity spikes; geographic dispersion reduces cohesion; and diverse
teams correlate with controlled code growth. Overall, smells inter-
act to degrade maintainability and collaboration. Contributions:
Addressing the SBSI Grand Challenges (2016—-2026), this study in-
tegrates technical and social perspectives, fostering sustainable
practices in open-source projects and enhancing the resilience and
effectiveness of developer communities.
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« Software and its engineering — Software configuration
management and version control systems; Software mainte-
nance tools; Open source model.
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1 Introduction

Software ecosystems (SECOs) involve diverse communities of de-
velopers, fostering collaboration and innovation in technology de-
velopment. It is worth mentioning that our study builds on recent
evidence highlighting the importance of ecosystem dynamics [11].
Within these ecosystems, code samples play a crucial role as artifacts
designed to demonstrate best practices, facilitate framework adop-
tion, and simplify the use of core technologies [9, 13]. By providing
concrete examples, code samples not only accelerate knowledge
transfer and lower learning curves but also promote adherence
to coding standards [21]. Prominent examples include those in
the Java ecosystem, where code samples support frameworks and
development libraries.

Code samples evolve continuously through contributions from
internal developers—those affiliated with organizations managing
the ecosystem—and external developers, such as independent frame-
work users. These contributions often necessitate interactions be-
tween these actors, fostering a collaborative environment. However,
such interactions may encounter challenges that give rise to com-
munity smells—social or organizational dysfunctions that disrupt
collaboration and cohesion within development communities [32],
as observed by Zhifei Chen et al [8].

This study hypothesizes that community smells impact the tech-
nical quality of code samples by contributing to the accumulation of
code smells—design or structural flaws that undermine code main-
tainability, readability, and evolvability [33]. Specifically, we posit
that these two classes of smells not only coexist but also mutually
amplify each other’s negative impacts, creating a vicious cycle that
accelerates quality deterioration and community fragmentation.
Understanding the interplay between code smells and community
smells is essential for preserving the quality of code samples and
sustaining their role as effective vehicles for knowledge transfer
and collaboration [8]. Without proactive management, these is-
sues risk compounding over time, potentially reducing community
engagement and threatening the long-term sustainability of the
ecosystem [25].

To address this gap, this study analyzes the simultaneous evolu-
tion of community smells and code smells in open-source projects.
Specifically, we aim to (i) identify the practices and decisions
that foster the emergence of these smells and (ii) propose a
systematic way to track their evolution over time. In pursuit
of these goals, we define two research questions focusing on the
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conditions under which these smells arise and how they evolve
longitudinally.
The main contributions of this study are:

e Interconnected Dynamics of Smells: Code Smells and
Community Smells mutually reinforce each other, leading to
software quality degradation over time.

e Empirical Evidence from Open-Source Java Reposito-
ries: Our temporal analysis of 170 open-source Java reposito-
ries reveals that geographically dispersed teams tend to have
lower code cohesion, while clustering analysis shows that
team diversity can mitigate code complexity growth—provided
structured collaboration practices are in place.

1
e Commit Activity and Complexity Fluctuations: Although

increased commit activity does not uniformly raise complex-
ity, local surges coincide with transient increases in code
smells.

o Implications for Proactive Interventions: These findings
suggest that proactive interventions, such as structured code
reviews and adaptive communication protocols, can disrupt
the amplification cycle of technical and social issues.

The remainder of this paper is structured as follows: Section 2
introduces the background on Code Smells and Community Smells.
Section 3 outlines the research methods employed. Section 4 presents
the results and analysis. Section 5 discusses threats to validity, and
Section 6 reviews related work. Finally, Section 7 concludes with the
study’s contributions, limitations, and avenues for future research.

2 Background
2.1 Code Samples

Code samples are indispensable in software ecosystems, stream-
lining the adoption of frameworks, libraries, and best practices
by providing clear, practical examples [9]. They simplify complex
technical documentation—which is often extensive and challeng-
ing to navigate [22]—and serve as tangible benchmarks for both
learning and empirical research in Mining Software Repositories
(MSR). For example, an Android code sample used for detecting and
framing faces with the Cognitive Services Face API', as illustrated
in Figure 1, not only demonstrates technical implementation but
also provides insight into best practices and usage patterns.

The primary advantage of code samples is their practicality, al-
lowing developers to integrate new technologies without extensive
manual reading. They cover use cases ranging from simple RESTful
APIs to complex features such as authentication and database in-
teractions [9]. Furthermore, code samples contribute valuable data
to MSR studies by revealing trends in developer adoption, effective
practices, and usage patterns [21].

2.2 Mining Software Repositories (MSR)

Mining Software Repositories (MSR) involves applying data min-
ing techniques to software repositories to identify patterns and
derive metrics that enhance our understanding of development
processes [14]. Common methods include commit history mining,
bug log analysis, and code metric extraction. In our study, these
techniques—specifically commit history mining, bug log analysis,

Uhttps://github.com/Azure-Samples/cognitive-services-vision-face-finder.git
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private void detectAndFrame(final Bitmap imageBitmap) {
ByteArrayOutputStream outputStream = new
ByteArrayOutputStream();
imageBitmap.compress(Bitmap.CompressFormat.JPEG,
outputStream);
ByteArrayInputStream inputStream =
new ByteArrayInputStream(outputStream.toByteArray
O

100,

AsyncTask<InputStream, String, Face[]> detectTask =
new AsyncTask<InputStream, String, Facel[1>() {

String exceptionMessage = H

@Override
protected Face[] doInBackground(InputStream
params) {
try {
publishProgress("Detecting...");
Face[] result = faceServiceClient.
detect (
params[0Q],
true, // returnFaceld
false, // returnFacelLandmarks
null // returnFaceAttributes

)
return result;
} catch (Exception e) {
exceptionMessage = String.format(
"Detection_failed:_%s", e.
getMessage ()
)

return null;

Figure 1: Example of a Java code sample for the Cognitive
Services Face APL

and code metric extraction—were systematically applied to ana-
lyze the evolution of smells. We employ these three techniques
in our analysis (mentioned above), without incorporating
additional advanced methods, to maintain a focused and re-
producible evaluation of smell evolution. Despite challenges
such as incomplete data and project heterogeneity, recent advances
in artificial intelligence and deep learning have improved the ro-
bustness and scalability of MSR techniques [4, 20].

2.3 Code Smells

Code Smells represent design or implementation issues that, al-
though they may not immediately cause bugs, degrade software
maintainability and increase the effort required for future modifica-
tions [12]. They are particularly prevalent in large-scale or rapidly
evolving projects where structural flaws violate fundamental design
principles. To facilitate objective detection, standardized metrics
such as Lines of Code (LOC), Weighted Method Count (WMC), and
Lack of Cohesion in Methods (LCOM) are used. Table 1 summa-
rizes the key Code Smells analyzed in this study, along with their
definitions and associated metrics.

For instance, the God Class is a classic code smell where a single
class accumulates too many responsibilities, complicating refac-
toring and increasing the risk of errors [12]. Figure 2 illustrates
this smell, showing how high LOC and WMC are indicative of its
presence.
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Table 1: Code Smells Considered in This Study
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Table 2: Community Smells Considered in This Study

Code Smell Definition

Community Smell Definition

God Class A class that centralizes excessive re-
sponsibilities, violating the Single Re-
sponsibility Principle [2]. Typically de-

tected by high LOC and WMC.

Organizational Silo Siloed areas of the development commu-
nity that do not communicate, except
through one or two of their respective

members [3].

Feature Envy A class that depends excessively on data
and methods from other classes, indicat-

ing poor encapsulation and high cou-
pling [36].

Duplicated Code Repeated code fragments across the sys-
tem, leading to maintainability issues.
Measured through redundancy analysis

and high LOC in similar code blocks [5].

GodClass

- responsibility1(): void

- responsibility2(): void

- methodA(): void

- methodB(): void

- handleEverything(): void
- process(): void

‘As heavily [depends (Ne‘s occasionally

OtherClass2 AdditionalClass

OtherClass1

+ method(): void
+ processSmallTask(): void

+ method(): void
+ handleSpecificTask(): void

+ specializedMethod(): void
+ anotherTask(): void

Figure 2: Example of a Code Smell: The God Class.

2.4 Co-occurrence of Code Smells

The co-occurrence of Code Smells refers to the phenomenon where
multiple smells appear together in the same code section, thereby
amplifying their overall negative impact on software quality [20].
For example, a class exhibiting both God Class and Duplicated Code
smells poses significantly higher maintenance challenges. Empiri-
cal studies have demonstrated that such co-occurrences increase
refactoring complexity and contribute to technical debt [18]. This
focus on co-occurrence underpins our hypothesis of a mutual
amplification effect between technical and social issues.

2.5 Community Smells

Community Smells are indicators of social or organizational dys-
functions within software development teams that hinder effec-
tive collaboration [31]. Factors such as poor communication, lack
of coordinated decision-making, and geographic dispersion are
measured using quantitative metrics like AuthorCount and Time-
zoneCount. Table 2 outlines the Community Smells considered in
this study, along with their definitions. By quantifying these social
factors, our approach provides an objective basis for evaluating
community dynamics and their impact on software quality.

For example, the Lone Wolf pattern (see Figure 3) exemplifies
a situation where a developer works in isolation, which can lead
to inconsistencies and hinder knowledge transfer [32]. Addressing
such issues is crucial for maintaining team cohesion and ensuring
sustainable project development [34].

Black Cloud Excessive information overload due to
a lack of structured communication or
governance [26].

Lone Wolf A developer who applies changes in the
source code without considering the
opinions of their peers, working in iso-
lation [6].

£
tsolateg 7 Team Member 1%}
—I— - 7” Minimal interaction_ _ _ I “I’

A S A Communication
Lone Wolf T T T - --___ _Nocollaboration  Team Member 2\ [
T T T e ——m e _____ >

Team Member 3

Figure 3: Example of a Community Smell: The Lone Wolf
[4].

2.6 Evolutionary Analysis

Evolutionary Analysis examines how Code Smells and Commu-
nity Smells develop and interact over time as code samples evolve.
By analyzing successive snapshots of a system’s lifecycle, this ap-
proach reveals recurring trends—such as the persistence, resolution,
or amplification of smells—that are critical for identifying inter-
vention points [19]. Although the interplay between technical and
social issues might seem intuitive, our quantitative analysis pro-
vides empirical evidence that these smells can mutually reinforce
one another, thereby justifying proactive maintenance strategies.
This analysis is essential for developing proactive maintenance
strategies SECOs [16].

3 Research Method

This study (Figure 4) investigates the co-occurrence and temporal
evolution of Code Smells and Community Smells in open-source
Java code samples, focusing on their impact on code quality and
team dynamics. We address two primary research questions:
(RQ1): What development and management practices lead
to the emergence of Code Smells and Community Smells in
code samples?
Motivation: To identify specific development decisions and team
behaviors that foster the emergence of technical and social flaws.
Metrics: For Code Smells, we use LOC, WMC, and LCOM to quantify
structural deficiencies. For Community Smells, we employ Commit-
Count, AuthorCount, and TimezoneCount to capture collaboration
patterns and geographic dispersion.
(RQ2): How can the evolution of these smells be monitored
and measured throughout a project’s lifecycle?
Motivation: To capture longitudinal changes that reveal co-evolution
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patterns, thus enabling early detection of adverse trends and tar-
geted interventions.

Metrics: We track the same Code Smell (LOC, WMC, LCOM) and
Community Smell (CommitCount, AuthorCount, TimezoneCount)
metrics introduced in RQ1 across different snapshots of the project
timeline to observe shifts in both structural and social attributes.

Data Acquisition
and Preparation
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=

|
|
Reposilories |
|
|

Y

|
|
|
Il Data Filtering |
O—b Planning P| Data Extraction T P and
Transformation |
research method Y J I . y, |
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N oo - o - Processing|
—_—_— e e e e - = ! |
Y
I —— - N | - \ |
| | Classification, |
Reporting and | Evolutionary 1 1 Clustering and
Visualizations | Analysis ] Statistical |
1 I Analysis
research method Y J L ) |
completed 1 [ |
| Analysis LY

Figure 4: Research Method for Planning, Data Extraction,
Processing, and Analysis.

3.1 Planning

To ensure consistency, validity, and replicability, our planning phase
includes:

(1) Language and Repository Selection:

Java was chosen for its widespread adoption and robust

ecosystem [17]. Repositories were selected following estab-

lished MSR practices [13, 29] based on the following criteria:

o Evolution Time: A minimum of six years of documented
evolution to capture long-term trends while remaining
practical [30].

o Contributors: At least five contributors, ensuring mean-
ingful community dynamics.

e Codebase Size: Between 500 and 100,000 LOC, to exclude
trivial projects and avoid excessively complex monolithic
systems (in line with constraints from tools such as Sonar-
Qube [7]).

e Update Frequency: Only actively maintained reposito-
ries (updated within the last year) were included.

o Archived Status: Archived projects were excluded.

From an initial pool of 345 repositories, 170 provided usable

data after accounting for tool limitations.

(2) Tool Selection:

We utilized csDetector [4] to detect Community Smells and

Designite [28] to identify Code Smells. These tools were

carefully calibrated and manually validated on a sample to

mitigate inherent biases [27].

(3) Temporal Analysis Approach:
A snapshot-per-release strategy was adopted, as recommended

Bueno et al.

in longitudinal software evolution studies [10, 32]. To stan-
dardize data from repositories with varied release dates, we
normalized the timeline into annual “project years” (starting
from the first commit). This approach ensures consistent
cross-project comparisons and robust tracking of smell evo-
lution [7].

3.2 Metrics Description and Justification

The following metrics were selected to quantitatively assess the
prevalence and evolution of smells:
Code Smells Metrics:

e LOC: High LOC values suggest excessively large classes or
duplicated fragments, common in God Class and Duplicated
Code.

e WMC: A high Weighted Method Count indicates complex
methods, often a hallmark of a God Class.

e LCOM: Low cohesion (high LCOM) signals poor encapsula-
tion, a key aspect of Feature Envy.

Community Smells Metrics:

¢ CommitCount: Elevated commit frequency can lead to a
Black Cloud when unstructured activity overwhelms com-
munication channels.

o AuthorCount: Low contributor diversity is associated with
the formation of Organizational Silo.

¢ TimezoneCount: High geographic dispersion, measured via
TimezoneCount, may foster Lone Wolf behavior; however,
recent studies indicate that asynchronous communication
tools can mitigate these effects [27].

The consistent application of these metrics across all snapshots
ensures that our findings are reproducible and based on objective,
standardized criteria.

3.3 Data Extraction and Processing

3.3.1 Repository and Snapshot Collection. Focusing on open-source
Java code samples allowed us to control for language-specific vari-
ables. Snapshots were captured at each project release using a
custom PowerShell script 2. To harmonize data from repositories
with different release schedules, we normalized the timeline into
annual snapshots (defining a “project year” from the first commit),
enabling consistent longitudinal analysis [30].

3.3.2 Detection and Storage. For each snapshot, we executed csDe-
tector and Designite to detect, respectively, Community and Code
Smells. The identified smells were stored chronologically, forming
a structured dataset that facilitates further statistical and clustering
analyses.

3.3.3 Data Filtering and Normalization. Outliers (values exceeding
+2 standard deviations) were removed to emphasize significant
trends [35]. Code Smell frequencies were normalized by dividing
by the number of classes or LOC [12], and Community Smells
by the number of active contributors [4], ensuring cross-project
comparability.

Zhttps://github.com/arthurramires/replication-package-sbsi/tree/main/Scripts
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3.3.4 Statistical and Clustering Analysis. Pearson correlation anal-
ysis was employed to identify significant relationships between
smells, prioritizing correlations above 0.5 [21, 23]. In addition, k-
means clustering was applied to the normalized data (after Min-Max
scaling and removal of outliers) to discern natural groups within
the dataset. The optimal number of clusters was determined us-
ing the elbow method, which resulted in three distinct clusters
representing different co-occurrence patterns [30].

3.4 Replication Package

All raw and processed data, along with the detection tools and
scripts, are available in a publicly accessible replication package>.
This package includes:

o Detailed repository selection criteria and links.

o Release-based snapshots capturing the evolution of Code
and Community Smells.

e Detection tools and configuration scripts with comprehen-
sive documentation.

e Normalized, filtered datasets and outputs from clustering
and statistical analyses.

e Complete lists of detected smells per snapshot.

This comprehensive replication package guarantees full transparency
and reproducibility of our research methods.

4 Results and Analysis

This section presents a comprehensive quantitative analysis of the
co-occurrence and temporal evolution of Code Smells and Com-
munity Smells across 170 open-source Java repositories. Based on
1,020 snapshots—normalized into annual “project years” (see Sec-
tion 3.3.1, [15])—the analysis examines both individual metric trends
and interrelations through correlation and clustering techniques.

4.1 Temporal Evolution of Smells

Complexity and Commit Activity:

Figure 5 shows the annual average (WMC_mean) Weighted Method
Count versus Commit Count (CommitCount_mean). Although the
overall Pearson correlation is moderately negative (r = —0.22), sug-
gesting that increased commit activity does not uniformly raise
complexity, local spikes in commit activity coincide with transient
surges in WMC_mean. This pattern aligns with prior findings in soft-
ware evolution [15], where rapid development phases can intro-
duce structural inefficiencies—potentially leading to God Class code
smells. The removal of outliers (values beyond +2 standard devia-
tions) was essential to ensure that these trends reflect typical project
dynamics rather than extreme cases.

Such localized increases in complexity underscore the impor-
tance of proactive refactoring strategies, particularly during periods
of intense commit activity, to mitigate the accumulation of technical
debt. Regular code reviews and automated complexity monitoring
can help prevent uncontrolled growth in complex code structures.
Consequently, while higher commit frequency does not inherently
lead to complexity inflation, close attention to local spikes can help
maintain code quality over a project’s lifecycle.

3https://github.com/arthurramires/replication-package- sbsi.git
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Complexity vs. Commit Count Over Time

—e— WMC_mean (mean)
CommitCount_mean (mean)

Metric Values (Log-Scaled where applicable)

Years

Figure 5: Temporal Evolution of Complexity (WMC) vs. Com-
mit Count.

Cohesion and Geographic Dispersion:

Figure 6 examines the relationship between Lack of Cohesion in
Methods (LCOM_mean) and (TimezoneCount_mean) geographic dis-
persion. A moderate positive correlation (r = 0.56) indicates that
as teams become more geographically dispersed, code cohesion
tends to decline—supporting the emergence of Organizational Silo,
possibly due to asynchronous communication and scheduling chal-
lenges. However, we identified subclusters where teams maintain
relatively high cohesion despite significant dispersion, suggesting
that effective communication strategies—such as asynchronous
collaboration tools, structured workflows, and well-defined coor-
dination practices—can help mitigate these risks. This finding un-
derscores the importance of proactive interventions to preserve
software maintainability. Future research could investigate these
high-performing subgroups in more detail to identify best practices
for balancing geographic diversity with sustained code quality. Ad-
ditionally, organizations and open-source communities may benefit
from implementing communication protocols and decision-making
frameworks to reduce the negative impact of distributed develop-
ment on software cohesion.

Cohesion vs. Geographic Dispersion Over Time

5{ —— LCOM _mean (mean)
TimezoneCount_mean (mean)

Metric Values (Log-Scaled where applicable)

Figure 6: Temporal Evolution of Cohesion (LCOM) vs. Geo-
graphic Dispersion (TimezoneCount).
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Team Diversity and Code Size:

Figure 7 presents the log-scaled relationship between Lines of Code
(LOC_mean) and Author Count (AuthorCount_mean). A strong pos-
itive correlation (r = 0.65) indicates that as the number of con-
tributors increases, the overall codebase grows. Although larger
codebases generally imply higher complexity, our analysis suggests
that effective collaborative practices—such as structured reviews
and frequent refactoring—can help control this growth and mitigate
smells like Feature Envy. By removing outliers and focusing on typi-
cal trends, we observe that teams adopting disciplined development
processes tend to keep complexity in check even as the codebase
expands.

Log-Scaled Lines of Code vs. Author Count Over Time

—e— Log-Scaled LOC_mean (mean)
—e— AuthorCount_mean (mean)

14

e ©
® 5 9

Metric Values (Log-Scaled where applicable)

o

Years

Figure 7: Log-Scaled Analysis of Lines of Code (LOC) vs. Au-
thor Count.

4.2 Correlation Analysis

The Pearson correlation matrix shown in Figure 8 reveals important
interdependencies among the metrics. A near-perfect correlation
(r = 0.99) between LOC and WMC_mean confirms that an increase in
code size is strongly associated with higher complexity—a charac-
teristic of the God Class smell. Additionally, the moderate positive
correlation (r = 0.65) between AuthorCount_mean and LOC_mean
indicates that although diverse teams produce larger codebases,
effective collaborative practices are crucial for controlling com-
plexity. The rolling correlation analysis (Figure 9) shows that the
relationship between LOC and AuthorCount_mean fluctuates over
time, highlighting how changes in team composition can signifi-
cantly affect code growth. This variability reinforces the need for
adaptive management—particularly during periods of rapid evolu-
tion—to maintain software quality.

4.3 Clustering Analysis of Smell Co-Occurrence

K-means clustering was applied to the normalized dataset to un-
cover latent patterns in smell co-occurrence. Data were normalized
using Min-Max scaling, and outliers (values beyond +2 standard
deviations) were removed. The elbow method indicated that three
clusters were optimal [31].

Figure 10 shows that higher geographic dispersion generally
correlates with lower cohesion (LCOM_mean), suggesting an ele-
vated risk of Organizational Silo. Notably, subclusters reveal that

Bueno et al.

Correlation Matrix of Code and Community Metrics.
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LOC_mean ) -0.26 0.66 -0.46
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LCOM_mean - 0.42 0.44
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CommitCount_mean - -0.26
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AuthorCount_mean 0.66 -—0.50

—0.75

TimezoneCount_mean - -0.46

-1.00
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CommitCount_mean
AuthorCount_mean
TimezoneCount_mean

Figure 8: Correlation Matrix of Key Metrics for Code and
Community Smells.

Rolling Correlations Between Metrics Over Time

-0.25
-0.50

~_ —e— LOC_mean vs AuthorCount_mean
-0.75 = —e— WMC_mean vs CommitCount_mean

—e— LCOM_mean vs TimezoneCount_mean

20 25 30 35 4.0 45 50 55 60

Figure 9: Rolling Correlations Between Code and Community
Smells Over Time.

some teams, despite high dispersion, achieve relatively high co-
hesion—likely due to effective asynchronous communication pro-
tocols. This finding not only supports the trends observed in the
temporal analysis (Section 4) but also highlights the heterogene-
ity among projects. In particular, while the overall trend indicates
that increased dispersion tends to lower cohesion, a subgroup of
projects manages to maintain high cohesion, suggesting that ro-
bust communication practices can mitigate the negative effects of
geographic dispersion.

Similarly, Figure 11 depicts the clustering of code size (LOC) ver-
sus team diversity (AuthorCount_mean). Although larger teams
typically produce more extensive codebases, the clustering analysis
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Clustering of Code Cohesion vs Geographic Dispersion
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Figure 10: Clustering of Code Cohesion (LCOM) vs. Geographic
Dispersion (TimezoneCount).

reveals that projects with higher contributor diversity often man-
age code growth more effectively. This parallels the findings for
dispersion-cohesion, reinforcing the notion that structured collabo-
ration strategies are critical for balancing technical complexity with
social dynamics. In both cases, the clustering analysis uncovers
subgroups of projects that deviate from the overall trend, indicating
that effective coordination is a key mediator in controlling the neg-
ative impacts of both high geographic dispersion and large team
sizes.

Clustering of Code Size vs Author Diversity
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Figure 11: Clustering of Code Size (LOC) vs. Author Diversity
(AuthorCount).

Our results illustrate that technical and social factors evolve
dynamically and interdependently in open-source code samples. Al-
though overall commit activity does not uniformly lead to increased
complexity, local surges can trigger the emergence of complex code
structures (e.g., God Class). Similarly, while geographic dispersion
tends to reduce code cohesion—supporting the Organizational Silo
phenomenon—some teams overcome these challenges through well-
defined communication protocols. Furthermore, the analysis linking
team diversity and code size indicates that, although larger teams
tend to generate more extensive codebases, disciplined collabora-
tive practices can control this growth and mitigate adverse effects.

SBSI25, May 19 - 23, 2025, Recife, PE

The parallel findings between the impacts of geographic dispersion
and team diversity underscore the interdependence between social
communication structures and code maintenance. This convergence
suggests that interventions aimed at improving asynchronous col-
laboration can simultaneously reduce technical debt and enhance
team cohesion.

The results not only confirm the mutual reinforcement of Code
and Community Smells but also highlight critical intervention
points. The negative impact of geographic dispersion on cohesion,
for instance, suggests that even in highly distributed teams, the
adoption of asynchronous communication tools and structured
collaboration protocols can mitigate the adverse effects. Further-
more, the observed fluctuations in commit activity reinforce the
need for adaptive management strategies that address transient
spikes in complexity. These insights pave the way for developing
predictive models and targeted refactoring strategies in large-scale
open-source projects.

5 Threats to Validity

Internal Validity:
Our study employed Java-specific analysis tools (csDetector and
Designite), which may introduce measurement biases due to tool
limitations and calibration issues. To mitigate these risks, we se-
lected well-established metrics (e.g., LOC, WMC, LCOM) validated
in the literature [2, 12], applied rigorous data normalization proce-
dures, and removed outliers (values beyond *2 standard deviations)
to ensure that our statistical analysis reflected typical trends rather
than extreme cases [35]. Additionally, we conducted manual val-
idation on a representative sample of repositories to confirm the
reliability of the automated smell detection [30]. These measures
help ensure that our results accurately reflect the underlying phe-
nomena despite the inherent subjectivity in interpreting software
quality issues.

External Validity:
Although our findings are derived from open-source Java reposito-
ries—which provide a controlled environment for analysis—they
may not fully generalize to closed-source projects or ecosystems
based on other programming languages. The specific character-
istics of the Java ecosystem—such as prevalent design patterns
and tooling constraints (e.g., SonarQube’s LOC limit*)—may affect
the observed relationships. Future work should apply our research
method to other software environments to assess the broader ap-
plicability of our results.

Construct Validity:
The selected metrics capture key dimensions of both Code Smells
and Community Smells; however, they may not encompass all as-
pects of software quality. While metrics such as LOC, WMC, and
LCOM provide quantitative measures of structural complexity and
cohesion, they may not capture contextual or qualitative nuances.
Integrating our quantitative approach with qualitative assessments
in future studies could yield a more comprehensive understanding.
Moreover, the mapping of specific metrics to the corresponding
smells is based on established literature, although alternative inter-
pretations may exist, warranting further investigation.

4https://docs.sonarsource.com/sonarqube-server/9.9/instance-administration/lines-
of-code
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6 Related Work

Research at the intersection of code smells and community smells
has revealed significant insights into how organizational and social
factors directly influence code quality in open-source projects. In
this section, we organize key contributions in the literature into
distinct themes.

Bedoya et al. [13] investigated the impact of code samples on de-
velopers’ learning processes, emphasizing that simplicity and clarity
are critical for framework adoption, especially in Java ecosystems.
Their findings underscore the importance of maintaining up-to-
date samples, a notion that aligns with our focus on the evolution
of code samples and the associated smells.

Palomba et al. [1] examined the relationship between code
smells and community smells, demonstrating that communication
breakdowns and low team cohesion can drive the emergence of
technical smells. Analyzing 117 versions across nine projects, they
revealed that persistent code issues are often rooted in community
dysfunctions. Our study extends this work by incorporating a tem-
poral perspective over a larger dataset of 170 repositories to capture
dynamic interactions between code and community smells.

Menezes et al. [22] focused on the evolution of code samples
in frameworks such as Android and Spring Boot, highlighting that
the need for compatibility drives ongoing maintenance challenges.
Their work reinforces our investigation into the temporal evolution
of both code and community smells.

Neugebauer et al. [24] concentrated on the impact of com-
munity smells on code refactoring by proposing automated smell
detection methods. Although their approach emphasizes automa-
tion, our research differs by focusing on the temporal co-evolution
of code and community smells, thereby addressing an important
gap in the literature.

Unlike previous studies that primarily examined either code
or community aspects in isolation, our work integrates both per-
spectives through a temporal lens. This comprehensive approach
provides a deeper understanding of the interdependencies between
technical and social factors in the evolution of open-source projects.

7 Conclusion and Future Work

This study provides a comprehensive and reproducible analysis
of the co-occurrence and temporal evolution of Code Smells and
Community Smells across 170 open-source Java repositories. By
quantitatively examining standardized metrics and employing au-
tomated detection methods, rigorous normalization (including the
use of annual “project years” to align varied release dates), and both
correlation and clustering analyses, we have detailed how these
smells emerge, evolve, and mutually reinforce each other, ultimately
affecting software quality and team dynamics.

Our results indicate that, in the absence of continuous mainte-
nance, both Code Smells (e.g., Long Method) and Community Smells
(e.g., Organizational Silo) tend to accumulate over time, leading to
a measurable decline in code quality. In particular, the analysis
shows that localized surges in commit activity are associated with
transient increases in complexity, supporting the hypothesis that
technical deficiencies and social challenges can reinforce one an-
other. Moreover, the statistically significant correlations between
complexity metrics (such as WMC) and the prevalence of smells,

Bueno et al.

combined with the clustering analysis, suggest that projects charac-
terized by a balanced number of contributors and commit patterns
exhibit a lower degree of adverse effects.

The implications of these findings are twofold. First, they un-
derline the necessity of regular maintenance activities—such as
systematic refactoring, structured code reviews, and the implemen-
tation of adaptive communication protocols—in order to prevent
the gradual accumulation of both Code and Community Smells.
Second, the methodological framework developed in this study
serves as a reproducible basis for tracking the evolution of these
phenomena, thereby offering a practical tool for project managers
and practitioners to monitor and intervene in a timely manner.

Future Work. Several avenues for future research are apparent
from the present study:

¢ Refinement of Predictive Models: Future work should
focus on enhancing the predictive capacity of the current
framework. This could involve the integration of additional
quantitative metrics or alternative normalization techniques
to more precisely forecast the emergence and progression of
both Code and Community Smells.

e Extension to Other Smell Types: The current study is
limited to a defined set of smells. Further research could
expand the taxonomy to include other technical and social
smells, thus providing a more granular understanding of the
factors that influence software quality.

o Cross-Ecosystem Validation: Applying the research method
to repositories in different programming languages and across
varied software ecosystems will be crucial for assessing the
generalizability of the findings. Comparative analyses in
different contexts may also reveal environment-specific dy-
namics.

o Integration of Qualitative Evaluations: While the present
study is grounded in quantitative metrics, incorporating qual-
itative methods—such as developer interviews or structured
surveys—could help elucidate the contextual factors behind
smell evolution and offer a more complete picture of the
underlying causes.

e Controlled Experiments on Intervention Strategies: Fu-
ture studies might design controlled experiments or case
studies to evaluate the effectiveness of targeted interven-
tions (e.g., periodic refactoring, enhanced communication
protocols) in reducing the accumulation of smells over time.

In summary, this study not only advances our understanding
of the temporal dynamics between Code Smells and Community
Smells but also establishes a robust framework for ongoing moni-
toring and intervention. The proposed directions for future work
aim to refine this framework and expand its applicability, thereby
contributing to improved software quality and sustained team col-
laboration in open-source projects.
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