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Abstract

Code complexity has long been considered a key factor influencing
software quality, particularly in relation to fault proneness. How-
ever, existing empirical studies report mixed results and often focus
on large-scale or industrial systems. In this paper, we present an
exploratory empirical study investigating the relationship between
code complexity and bug-fixing activity in small-scale open-source
projects. We analyze six GitHub repositories, where code complex-
ity is measured using cyclomatic complexity and bug-fixing activ-
ity is identified through commit messages containing bug-related
keywords. The results show weak positive bivariate correlations
between complexity and bug-fixing activity, while process-related
metrics present stronger associations. Unexpectedly, the complexity
coeflicients become negative after controlling for size and devel-
opment activity. We interpret this sign reversal not as a protective
effect of complexity, but as evidence that its marginal relationship
with bug-fixing activity is entangled with file size and change expo-
sure. These findings reinforce that complexity should not be used as
a standalone maintenance-prioritization criterion and motivate fur-
ther studies combining structural, evolutionary, and finer-grained
information.

Keywords

Software Complexity, Cyclomatic Complexity, Bug Fixing, Empiri-
cal Study, Mining Software Repositories

1 Introduction

Code complexity is widely recognized as an important factor in
software quality, particularly in relation to fault proneness [4]. One
of the most commonly used measures of complexity is cyclomatic
complexity, originally proposed by McCabe [10], which captures
the number of independent paths through a program. Higher com-
plexity values are often associated with increased cognitive load and
reduced maintainability, which may increase maintenance difficulty
and potentially contribute to fault occurrence.

The relationship between software metrics and fault proneness
has been extensively investigated since early empirical studies in
software engineering. For instance, Basili et al. [1] demonstrated
that certain code metrics, including complexity, can be used as
indicators of fault-prone modules. Since then, numerous studies
have explored whether more complex code tends to exhibit higher
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fault proneness and how such metrics can support quality assurance
activities.

Despite this body of work, empirical evidence on the relation-
ship between code complexity and faults remains inconclusive [2].
While several studies report a positive correlation between com-
plexity and fault proneness [1, 13, 20], others observe weaker or
context-dependent effects [6, 15, 18]. These inconsistencies may
be explained by differences in project characteristics, development
processes, programming languages, and measurement approaches.
Factors such as team size, code ownership, and evolution patterns
can influence both complexity and fault occurrence, making it diffi-
cult to generalize findings across contexts.

Process-related factors, such as code churn, number of commits,
and developer activity, may also play an important role in explain-
ing faults [8, 14, 15]. They capture aspects of code evolution and
instability that are not directly reflected by static complexity mea-
sures. A recent large-scale analysis found process metrics to be
stronger predictors than product metrics and warned that metric
importance can change substantially between small and large sam-
ples [9]. Recent work also reports that no individual source-code
metric performs consistently across projects [16].

Many empirical studies investigating software metrics and faults
focus on large-scale or industrial systems [13, 25], often relying
on proprietary datasets that limit reproducibility. Such findings
may not fully generalize to small-scale open-source projects, where
development dynamics, contribution models, and maintenance prac-
tices can differ. Consequently, investigations using publicly avail-
able repositories remain necessary to understand how structural
and process-related factors interact across contexts.

Revisiting this classic debate remains relevant because cyclo-
matic complexity remains a widely investigated structural metric,
while recent evidence indicates that source-code metrics do not
perform consistently across projects and that process metrics can
outperform product metrics in fault prediction [9, 16]. In our re-
sults, the positive marginal association between complexity and
bug-fixing activity reverses after controlling for file size and devel-
opment activity. Therefore, complexity thresholds alone may direct
attention to the wrong hotspots.

In this paper, we present an exploratory empirical study inves-
tigating the relationship between code complexity and bug-fixing
activity in small-scale open-source projects. Code complexity is
measured using cyclomatic complexity, while bug-fixing activity is
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identified through commit messages containing bug-related key-
words (e.g., “fix” and “bug”). More specifically, we address the fol-
lowing research question:

RQ: Is there a relationship between code complexity
and bug-fixing activity at the file level in small-scale
open-source projects?

To answer this question, we analyze six Python-based open-
source repositories and compute, for each file, structural metrics
related to code complexity. We also collect process-related metrics
from repository history, including bug-fixing activity, code churn,
number of commits, and number of authors, allowing a comparative
analysis between structural and process-related factors.

The contributions of this paper are threefold: (i) an empirical
analysis of the relationship between code complexity and bug-fixing
activity in six small-scale open-source projects; (ii) an explicit anal-
ysis of the contrast between weak positive marginal correlations
and negative conditional complexity coefficients; and (iii) a research
agenda for interpreting complexity together with change exposure,
file age, refactoring activity, architectural role, and function-level
evidence. Rather than proposing a new fault-prediction technique,
the paper offers a thought-provoking reflection on when a familiar
metric may become misleading.

The remainder of this paper is organized as follows. Section 2
reviews related work. Section 3 describes the methodology adopted
in this study. Section 4 presents and discusses the results. Section 5
discusses threats to validity. Finally, Section 6 concludes the paper
and outlines directions for future work.

2 Related Work

The relationship between code complexity and software faults has
been widely investigated in Software Engineering, particularly in
fault prediction and software quality assessment. Early studies
established that software metrics can serve as indicators of fault-
proneness. Basili et al. [1], for instance, demonstrated that structural
code metrics can be used to identify fault-prone modules. Similarly,
McCabe’s cyclomatic complexity [10] has long been adopted as a
proxy for structural complexity by capturing the number of inde-
pendent execution paths in a program.

Subsequent research explored the extent to which complexity
metrics are correlated with faults. Several studies report a positive
relationship, suggesting that more complex modules tend to exhibit
higher fault density. However, this relationship is not always con-
sistent, and its strength may vary depending on the metric and the
characteristics of the analyzed projects [2]. These findings indicate
that complexity alone may not fully explain fault-proneness across
software contexts.

More recent studies reinforce the need for contextual interpre-
tation. Wan et al. [23] emphasize that fault-prediction difficulty
also depends on dataset characteristics, while Esposito et al. [7]
report that cyclomatic complexity captures only part of developers’
perceived code understandability. Majumder et al. [9], analyzing
722,471 commits from 700 GitHub projects, found that process met-
rics generally outperform product metrics and that conclusions
about metric importance may change with sample scale. Rebro et
al. [16] found contrasting predictive contributions among individual
source-code metrics across 275 releases of 39 projects. In a different
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context, Dalla Palma et al. [3] found product metrics more effective
than process metrics for Infrastructure-as-Code faults, showing
that their relative value depends on the software context.

Research on software evolution has also shown that process-
related factors may play a more significant role than structural
complexity alone. Metrics such as code churn, number of commits,
and number of contributors are often strong predictors of faults and
maintenance activity. Nagappan and Ball [14] demonstrated that
relative code churn can predict fault density, while Tornhill [21]
argues that highly evolving and unstable codebases tend to re-
quire more maintenance effort than stable ones. Controlling for
process information is therefore established practice rather than
the methodological novelty of this paper.

Granularity is another important concern. Mo et al. [11] showed
that only a minority of methods within bug-prone files may actually
be involved in fixes and that combining code and history measures
improves method-level analysis. This result directly motivates a
finer-grained extension of our design because the current study
aggregates function-level complexity to files and associates a bug-
fixing change with the entire modified file.

Despite the extensive literature, there is still no consensus on
the strength and generalizability of the relationship between com-
plexity and faults. Observed correlations are context-dependent
and influenced by project size, development practices, and team
structure. Moreover, many studies rely on industrial datasets that
are not publicly available, limiting reproducibility.

Our work complements existing studies through a lightweight
and replicable analysis of six small-scale Python projects. Its con-
tribution is not the introduction of process controls, but the ex-
amination of a counterintuitively result: complexity is positively
associated with bug-fixing activity when considered alone, yet its
coefficient becomes negative once size and process variables are
included. We use this sign reversal to reflect on why complexity
should not be interpreted as a context-free maintenance-risk score.

3 Study Design

We conducted an exploratory empirical study of the relationship
between code complexity and bug-fixing activity at the file level.
The data collection, preprocessing, and analysis were performed
using automated scripts. The dataset and scripts are available in an
online repository!.

3.1 Subject Systems

We purposively selected six widely used Python-based open-source
projects hosted on GitHub: Requests, Flask, Click, Scrapy, Celery,
and Pylint. The selection used four practical criteria: Python as
the primary language, public availability of version-control history,
active development during the analysis period, and variation in
application domain and repository size. Using a single language en-
ables consistent extraction with the same static-analysis tool, while
the domain and size variation supports an initial cross-context com-
parison. This is not a probabilistic sample of the Python ecosystem;
it is a small-scale set of recognizable cases chosen to test whether
the observed pattern recurs across projects.

!https://github.com/samirasilva/SBES_Complexity Bug_Fix
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Only Python source files were considered. Files located in direc-
tories typically associated with tests, documentation, or examples
(e.g., tests/, docs/, and examples/) were excluded to reduce bias from
non-production code. The initial dataset comprises 798 Python files
across the six repositories.

3.2 Data Collection

Data collection combined static code analysis with repository min-
ing. All metrics were extracted at the file level to connect source-
code characteristics, development activity, and bug-fixing behavior.

3.2.1 Complexity Metrics. We used the Radon library [5] to com-
pute static complexity metrics. For each Python file, we extracted
the cyclomatic complexity of every function following McCabe’s
definition [10]. We then derived these file-level metrics:

e Total Complexity: sum of cyclomatic complexity values
across all functions in the file;

o Average Complexity: mean per-function complexity;

e Maximum Complexity: largest per-function complexity;
and

e Lines of Code (LOC): total number of lines in the source
file.

These metrics capture complementary aspects of structural com-
plexity: overall logical complexity, concentration of decision paths,
per-function complexity, and source-code size.

Although complexity is initially measured for functions, the
current analysis aggregates it to files so that it can be matched
with file changes from Git history. This aggregation is scalable, but
it cannot determine which particular function was affected by a
bug-fixing commit.

3.22  Process-Related Metrics. We mined repository histories with
GitPython [22], considering commits from January 1, 2022 onwards.
For each file, we extracted:

e Bug-fixing Activity: number of commits classified as bug
fixes;

e Code Churn: total number of inserted and deleted lines;

e Number of Commits: total number of commits affecting
the file; and

e Number of Authors: number of distinct contributors who
modified the file.

A commit was classified as bug-fixing when its message con-
tained at least one of the following terms: “fix bug”, “bug fix”, “fixes”,
“bug”, “error”, “defect”, or “fault”. Only messages containing between
4 and 49 words were considered. This scalable heuristic may in-
troduce false positives and false negatives, which we discuss in
Section 5.

Code churn was computed as the cumulative number of inserted
and deleted lines associated with each file throughout its commit
history. It captures modification intensity and evolutionary insta-
bility. The number of commits represents modification frequency,
while the number of authors captures the degree of collaborative
development associated with the file. Together, these process met-
rics provide complementary perspectives on software evolution
and maintenance activity.
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3.3 Data Preprocessing

Files containing zero lines of code were removed. Files with no
measurable cyclomatic complexity were also excluded because they
contain no executable function-level logic relevant to the study.
After filtering, structural and process metrics were aggregated into
a unified file-level dataset.

Software-engineering metrics commonly present skewed distri-
butions and extreme values. We therefore applied the log(1 + x)
transformation to bug-fixing activity, code churn, LOC, and number
of commits. This transformation preserves zero-valued observa-
tions while reducing the influence of outliers and stabilizing vari-
ance. No additional normalization or standardization was applied.
Table 1 summarizes the repositories after preprocessing.

Table 1: Summary of the analyzed repositories after prepro-
cessing.

Initial Final Repository URL
Repo.  #Files #Files #Commits #Contr. LOC https://github.com
Click 17 17 1245 43 890 /pallets/click
Requests 19 15 217 30 1046 /psf/requests
Flask 24 20 9120 131 1625 /pallets/flask
Scrapy 181 163 6532 210 8740 /scrapy/scrapy
Pylint 186 170 5876 180 7980 /pylint-dev/pylint
Celery 371 319 8921 315 12300 /celery/celery

Total 798 704 - - - -

We describe these repositories as small-scale because their re-
ported sizes range from 890 to 12,300 LOC. Our conclusions are
restricted to this exploratory context rather than generalized to
medium or large systems.

3.4 Data Analysis

The dependent variable is the log-transformed number of bug-fixing
commits per file. The independent variables comprise structural,
size, and process-related metrics: cyclomatic complexity, LOC, code
churn, number of commits, and number of authors. We used cor-
relation analysis to evaluate bivariate associations and regression
analysis to examine conditional relationships while controlling for
size and development activity.

3.4.1 Correlation Analysis. We used Spearman’s rank correlation
coeflicient [19] because the analyzed variables are skewed, non-
normal, and contain extreme values. Spearman correlation eval-
uates monotonic associations based on rank ordering and is less
sensitive to these characteristics than parametric alternatives.

3.4.2 Regression Analysis. We used two exploratory Ordinary Least
Squares (OLS) regression models [12]. Model 1 uses average cy-
clomatic complexity, whereas Model 2 uses maximum cyclomatic
complexity. Both models control for log-transformed LOC, code
churn, number of commits, and number of authors. The analysis
was performed with Statsmodels [17]. Variance Inflation Factor (VIF)
values were computed to assess multicollinearity.

4 Results and Discussion

This section presents the results of the empirical analysis conducted
to answer RQ: Is there a relationship between code complexity and
bug-fixing activity at the file level in small-scale open-source projects?


/pallets/click
/psf/requests
/pallets/flask
/scrapy/scrapy
/pylint-dev/pylint
/celery/celery
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4.1 Descriptive Results

The initial dataset contained 798 Python files distributed across
six open-source repositories. After preprocessing and filtering files
with zero LOC or zero complexity, the final dataset used in the anal-
ysis contained 704 files. Table 2 presents the descriptive statistics
of the analyzed metrics for the final dataset. The results indicate
that most files present relatively low to moderate cyclomatic com-
plexity. The average file-level complexity is 2.94, while the maxi-
mum observed value reaches 55. The distributions of complexity,
churn, commits, and bug-fixing activity are notably skewed, which
is consistent with observations commonly reported in software
engineering datasets, where a relatively small subset of modules
concentrates higher development and maintenance activity.

Table 2: Descriptive statistics of the analyzed metrics after
preprocessing.

Metric Mean Std Min Median Max
Average Complexity 2.94 1.73  1.00 2.50 17.00
Maximum Complexity 7.92 7.00  1.00 6.00 55.00
Total Complexity 48.27 85.20  1.00 21.00  956.00
Lines of Code (LOC) 287.20 422.58 6.00 139.50 3815.00
Bug-Fixing Activity 1.70 2.86 0.00 1.00 45.00
Code Churn 588.56 1166.31 0.00 141.00  9926.00
Number of Commits 21.57 28.89  0.00 10.00 284.00
Number of Authors 5.17 5.00  0.00 4.00 43.00

4.2 Correlation Analysis

We first investigated the bivariate relationship between code com-
plexity and bug-fixing activity using Spearman correlation. Spear-
man correlation was adopted due to the non-normal and skewed
nature of the analyzed variables.

The analysis revealed a positive but weak correlation between
average cyclomatic complexity and bug-fixing activity (p = 0.1698,
p < 0.001), suggesting that files with higher complexity tend to
exhibit slightly higher bug-fixing activity. Maximum complexity
also presented a positive correlation with bug-fixing activity (p =
0.3567, p < 0.001), slightly stronger than the association observed
for average complexity.

In contrast, process-related metrics presented substantially stronger

associations with bug-fixing activity. In particular, code churn
showed a strong positive correlation (p = 0.6633, p < 0.001), in-
dicating that files undergoing more intense modification activity
are considerably more likely to require bug-fixing changes than
complexity metrics alone.

Figure 1 illustrates the relationship between the complexity met-
rics and bug-fixing activity. Although both metrics exhibit positive
trends, substantial dispersion is observed, suggesting that com-
plexity alone is not a strong indicator of bug-fixing activity. The
relationship appears slightly more pronounced for maximum com-
plexity than for average complexity.

4.3 Regression Analysis

To better understand the relationship between code complexity
and bug-fixing activity while accounting for potential confound-
ing factors, we fitted two OLS regression models. OLS regression
was adopted as an exploratory modeling approach to analyze the
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Figure 1: Relationship between complexity metrics and bug-
fixing activity.

joint effects of structural and process-related metrics. The models
differ only in the complexity metric adopted: Model 1 uses aver-
age complexity, whereas Model 2 uses maximum complexity. Both
models additionally include LOC, code churn, number of commits,
and number of authors as control variables. Log transformations
were applied to selected variables to reduce skewness and stabilize
variance. Table 3 summarizes the regression results.

Table 3: OLS regression results for bug-fixing activity.

Model 1 Model 2
Metric (Avg. Complexity) (Max. Complexity)
Average Complexity -0.0486™* -
Maximum Complexity - -0.0098™*
Lines of Code (LOC) 0.1182*** 0.1398***
Code Churn -0.0568™* -0.0563™*
Number of Commits 0.2996*** 0.2863***
Number of Authors 0.0514*** 0.0543***
R? 0.656 0.648
Adj. R? 0.654 0.645

¥ 5<0.001, ** p<0.01

Since regression coefficients are estimated considering all vari-
ables simultaneously, small variations in the coefficients of the
control variables between the two models are expected. Both mod-
els present similar explanatory power, with R? and adjusted (Adj.)



Code Complexity and Bug-Fixing Activity in Open-Source Projects

R? values above 0.64, indicating that the selected variables explain
a substantial portion of the variance in bug-fixing activity.

Interestingly, although the correlation analysis revealed a posi-
tive association between complexity and bug-fixing activity, both
regression models produced negative coefficients for the complex-
ity metrics. This suggests that, when controlling for process-related
variables, structural complexity alone does not independently ex-
plain increased bug-fixing activity.

In contrast, process-related metrics, particularly number of com-
mits and number of authors, present stronger positive associations
with bug-fixing activity. LOC also presents positive coefficients,
indicating that larger files tend to require more bug-fixing changes.
Conversely, churn presents negative coefficients when the remain-
ing variables are simultaneously considered. The negative churn
coefficients contrast with the positive bivariate correlation results,
suggesting shared variance among correlated process-related vari-
ables when analyzed simultaneously in the regression models.

To further assess multicollinearity among the predictor vari-
ables, we computed Variance Inflation Factor (VIF) values for both
regression models, as shown in Table 4. The complexity metrics pre-
sented low VIF values in both models, indicating limited collinearity
with the remaining predictors. Moderate multicollinearity was ob-
served for code churn and number of commits, although all VIF
values remained below commonly adopted thresholds for severe
multicollinearity. Residual diagnostics indicate mild deviations from
normality, although skewness values remain relatively small.

Table 4: Variance Inflation Factor (VIF) values for the regres-
sion models.

Model 1 Model 2

Metric (Avg. Complexity) (Max. Complexity)
Average Complexity 1.10 -
Maximum Complexity - 1.98

Lines of Code 1.94 2.32

Code Churn 5.45 5.48
Number of Commits 6.50 6.45
Number of Authors 3.12 3.46

4.4 Cross-Project Variability

To better understand whether the relationship between complexity
and bug-fixing activity is consistent across projects, we performed
a repository-level correlation analysis. Table 5 reports Spearman
correlations between bug-fixing activity and three metrics: average
complexity, maximum complexity, and code churn.

Table 5: Spearman correlation by repository.

Average Maximum Code
Repository  #Files Complexity Complexity = Churn
Requests 15 0.172 0.241 0.420
Click 17 0.428 0.639**  0.813"*
Flask 20 0.272 0.238 0.499*
Scrapy 163 0.289** 0.510"*  0.665***
Pylint 170 0.259*** 0.403***  0.647***
Celery 319 0.133* 0.412"*  0.511**

*p<0.05, ** p<0.01, *** p<0.001

The results show that the relationship between complexity and
bug-fixing activity varies across repositories. Average complexity
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presents weak to moderate positive correlations, whereas maximum
complexity generally presents stronger correlations than average
complexity. Across repositories, maximum complexity generally ex-
hibited stronger associations with bug-fixing activity than average
complexity, suggesting that isolated highly complex functions may
provide more informative signals than average file-level complexity.

Nevertheless, code churn consistently exhibits stronger asso-
ciations with bug-fixing activity than complexity metrics across
repositories. These findings reinforce the overall result that develop-
ment activity is more strongly associated with bug-fixing behavior
than structural complexity alone.

Finally, repositories with smaller numbers of files, such as Re-
quests, Flask, and Click, should be interpreted with caution due to
limited sample sizes.

4.5 Discussion

The results partially support the assumption that more complex
files are associated with increased bug-fixing activity. The correla-
tion analysis revealed statistically significant but relatively weak
positive relationships between complexity metrics and bug-fixing
activity. However, when controlling for process-related variables
through regression analysis, the complexity coefficients became
negative.

The positive correlations and negative regression coefficients
answer different questions. The correlations ask whether files with
greater complexity also tend to accumulate more bug-fixing activity.
The regressions ask whether complexity contributes additional
information among files with comparable size and development
activity. Complex files are often also large, frequently changed,
and touched by more developers. Once these dimensions are held
constant, the remaining complexity variation is no longer positively
associated with bug-fixing activity.

This sign reversal should not be interpreted as evidence that
complexity prevents bugs. The coefficients are conditional on corre-
lated process measures, the outcome is based on commit-message
keywords rather than confirmed faults, and repository-level results
show substantial heterogeneity. The safer interpretation is that the
marginal complexity signal is coupled with change exposure and
project context, and that complexity alone has limited independent
explanatory value in this sample.

A targeted inspection of contrasting files illustrates the point.
Pylint’s recommendation_checker.py has maximum complexity 26
and 37 commits, but no keyword-labeled bug-fixing commit in the
analysis window. Its branching encodes specialized static-analysis
rules, so high structural complexity can coexist with relative correc-
tive stability. Conversely, Scrapy’s default_settings.py has maximum
complexity 2, yet it has 81 commits and 12 keyword-labeled bug-
fixing commits. As a central configuration module, it can attract
corrective changes despite little control-flow complexity. These ex-
amples do not establish causality, but they show why architectural
role and modification exposure can dominate a structural metric.

Overall, process-related metrics provide stronger signals of bug-
fixing activity than cyclomatic complexity alone. Prioritizing main-
tenance solely through complexity thresholds may overlook simple
but central files and over-prioritize complex but stable ones. Com-
plexity remains relevant, but maintenance-risk assessment should
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combine it with process history, project-specific baselines, and ar-
chitectural context.

5 Threats to Validity

As with any empirical study, our results are subject to several
threats to validity. Following standard classifications in empirical
software engineering [24], we discuss construct, internal, external,
and conclusion validity.

Construct Validity. Construct validity refers to whether the cho-
sen metrics accurately capture the intended concepts. In this study,
code complexity is measured using cyclomatic complexity. Al-
though commonly adopted, this metric captures only control-flow
complexity and does not account for other relevant aspects such
as data complexity, coupling, or cognitive complexity. As a result,
it may not fully represent the overall difficulty of understanding
or maintaining a file. Bug-fixing activity was identified using a
heuristic keyword-based matching strategy applied to commit mes-
sages (e.g., fix, bug). While this approach is commonly used, it may
introduce noise due to false positives (e.g., commits mentioning “fix”
in a non-bug context) or false negatives (e.g., bug fixes without ex-
plicit keywords). To mitigate this issue, we applied basic filtering on
commit messages, but some inaccuracies may remain. Additionally,
aggregating complexity at the file level may obscure finer-grained
relationships that occur at the function or class level. Because a
bug-fixing commit is attributed to every modified file, this granu-
larity mismatch can hide whether the most complex function was
actually changed.

Internal Validity. Internal validity concerns the extent to which
observed relationships are affected by confounding factors. Al-
though we included control variables such as lines of code, churn,
number of commits, and number of authors, other factors may
still influence bug-fixing activity. For instance, developer expertise,
code ownership, and review practices are not explicitly captured
in our analysis. Furthermore, the use of observational data limits
our ability to establish causal relationships. The identified associ-
ations should therefore be interpreted as correlations rather than
causal effects. We also assessed multicollinearity among the inde-
pendent variables using Variance Inflation Factor (VIF) analysis.
Most variables presented low VIF values, while churn and number
of commits exhibited moderate multicollinearity. However, all VIF
values remained below commonly adopted thresholds for severe
multicollinearity, suggesting limited impact on coefficient stability.
File age is not controlled: older files have had more time to accu-
mulate commits and bug fixes. Refactoring may also inflate churn
and commit counts without representing fault correction, and the
current heuristic does not distinguish refactorings systematically.

External Validity. External validity refers to the generalizability
of the results. Our study focuses on a purposive sample of six small-
scale Python open-source projects, including three repositories
with at most 20 analyzed files. While these projects vary in size and
domain, the results may not generalize to other programming lan-
guages, industrial systems, or domains with different development
practices. Additionally, open-source development environments
differ from industrial settings in terms of team structure, contribu-
tion models, and quality assurance processes. The findings should
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therefore be read as initial evidence, and a broader, systematically
sampled replication is necessary.

Conclusion Validity. Conclusion validity concerns the reliability
of the statistical analysis. We used Spearman correlation and OLS
regression, which are commonly adopted techniques in empirical
software engineering. Log transformations were applied to reduce
skewness and stabilize variance. However, software engineering
data is often highly skewed and noisy, and the small per-project
samples reduce statistical power. Although statistically significant
results were obtained, the effect sizes for complexity are relatively
small. OLS was adopted as an exploratory approach, but bug-fixing
activity represents count-based data that can also be modeled using
Poisson or Negative Binomial regression. Future analyses should
compare file- and function-level results and manually validate refac-
toring and architectural explanations for selected cases.

6 Conclusion

In this paper, we presented an exploratory empirical study inves-
tigating the relationship between code complexity and bug-fixing
activity at the file level in small-scale open-source Python projects.
Cyclomatic complexity exhibits statistically significant but rela-
tively weak bivariate associations with bug-fixing activity. In con-
trast, process-related metrics, particularly code churn, number of
commits, and number of authors, present substantially stronger
associations with maintenance-related changes.

The analysis also revealed that maximum complexity tends to
exhibit stronger relationships with bug-fixing activity than average
complexity. The central result, however, is the contrast between
these positive correlations and the negative complexity coefficients
obtained after controlling for size and development activity. We do
not interpret this result as a protective effect of complexity. Instead,
it suggests that much of the apparent complexity—bug relationship
is interconnected with how large, central, and frequently modi-
fied a file is. Cross-project variation and contrasting file examples
reinforce that complexity is not a context-free maintenance-risk
score.

From a practical perspective, relying solely on cyclomatic com-
plexity to identify problematic files may lead to incomplete or
misleading conclusions. Complexity thresholds should comple-
ment, rather than replace, change history and architectural knowl-
edge when prioritizing inspection. The lightweight and replicable
methodology adopted in this work facilitates further empirical in-
vestigations and replications.

As future work, we plan to incorporate additional complexity
metrics, refine bug identification using issue-tracking linkage or
machine learning, and expand the analysis to other languages and
larger datasets. Larger and systematically sampled studies should
control file age, distinguish refactoring from corrective activity, and
connect bug-fixing commits to the specific functions they modify.
Such function-level analysis can test whether localized complex
code is associated with corrective effort even when the surrounding
file is not.

Artifact Availability

The dataset, scripts, and analysis materials are available at https:
//github.com/samirasilva/SBES_Complexity_Bug_Fix.
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