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Abstract. Maintaining code quality remains a significant challenge in both
educational and professional software development. This paper presents the
development and evaluation of static code analysis tools aimed at identifying
structural issues, such as complexity, cohesion, and maintainability in C#
projects. The analyzers were applied to student projects from a Software
Technology course. Code metrics were computed across multiple development
milestones to track trends in code quality over time.

In addition to student projects, a diverse set of publicly available open-
source C# projects was analyzed to evaluate the behavior of the implemented
metrics in real-world software systems. These projects vary in size, domain,
architectural style, and development practices, enabling a broader assess-
ment of the robustness and general applicability of the approach. Due to the
wide range of targeted .NET versions and dependency configurations across
projects, the analysis was conducted using a Docker-based environment to
provide controlled and reproducible execution contexts.

The results demonstrate that metric-based static analysis can effectively
support the early detection of problematic code segments and provide ac-
tionable insights to improve software quality. The approach is adaptable
and shows potential for integration into continuous development workflows
in both academic and real-world environments.
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1. Introduction

The increasing size and complexity of modern software systems place growing de-
mands on both developers and educators to ensure long-term code quality. While
conventional static analysis tools have proven effective in identifying syntax errors,
type mismatches, and some well-known anti-patterns [9, 15], they often fall short
in capturing deeper structural issues that affect software quality, such as com-
plexity, maintainability, and readability. By quantifying specific properties such
as cyclomatic complexity [19], cohesion, and parameter count in functions, soft-
ware metrics can reveal patterns that may not be immediately obvious through
traditional analysis methods [24, 28].

In the context of university assignment and submission management systems
– such as TMS (Task Management System)1 and Submitty2 – previous research
has already explored the application of automatic static code analysis to support
the evaluation of student submissions [3, 14, 25]. Building on this foundation,
our research aims to extend these tools to enable complexity and cohesion-based
analysis of student projects written in C#, using various software metrics, and
focusing on the automatic detection of problematic code segments and code smells.
The metrics examined and implemented during the research include Lack of Co-
hesion of Methods (LCOM) [16], Bumpy Road [5], Functional Parameter Count,
Maintainability Index [20], Class coupling [1], and Cyclomatic Complexity [19]. The
implementation is based on the well-known .NET Compiler Platform SDK (Roslyn)
[21]. These metrics can be used to determine the complexity and cohesion of the
code. By continuously monitoring these metrics, it becomes possible to track their
fluctuations throughout the development lifecycle and to evaluate the coherence of
the system at the module and type levels.

The main contributions of this paper are the implementation of code metric
analyzers based on the Roslyn platform and their application to both student and
open-source C# projects. Furthermore, the study provides an empirical evaluation
of these metrics, including threshold calibration using the elbow method and a
comparative analysis across educational and real-world software systems.

2. Related work

Static analysis has been widely used to support the automated evaluation of student
programming submissions. Kaszab, Cserép demonstrated that static analyzers
can effectively identify common programming errors and coding standard violations
in large collections of C++ and C# student solutions [15]. Their work led to the
integration of static analysis into the Task Management System (TMS), showing
that automated feedback can improve submission quality while reducing instructor
workload.

1https://tms-elte.gitlab.io
2https://submitty.org/
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Beyond rule-based analysis, software metrics have long been used to assess
code quality, complexity, and maintainability. A comprehensive review by Nuñez-
Varela et al. summarizes the use of code metrics across multiple programming
paradigms, highlighting the prevalence of object-oriented metrics such as CK met-
rics, Lines of Code, and Cyclomatic Complexity in quality assessment and fault
prediction [24]. Earlier work at NASA’s Software Assurance Technology Center
[28] emphasizes that software defects are often introduced early in development,
motivating the use of metrics to support early detection and prevention.

Software metrics have also been applied to defect prediction using machine
learning techniques. Rebro, Chren, Rossi evaluated multiple object-oriented
metrics on large Java codebases and found that cohesion- and structure-related
metrics outperform simple size-based measures such as Lines of Code [27]. Struc-
tural metrics have been used to study software stability over time, for example,
through coupling-based instability measures [18, 29].

Cohesion metrics, particularly the Lack of Cohesion of Methods (LCOM), have
been extensively studied. Kirğil, Ayyildiz compared several LCOM variants and
showed that LCOM5 provides a more sensitive measure of cohesion changes after
refactoring [16]. However, applying cohesion metrics in practice requires care-
ful threshold selection. Mishra [22] highlights that metric thresholds are highly
context-dependent, while Filó, Bigonha, Ferreira provide empirical evidence
that empirically tuned thresholds can reduce false positives in quality assessment
[7].

Finally, prior work in software engineering education shows that students often
struggle to refactor complex code [26], reinforcing the need for automated tools
that can highlight problematic code segments early and guide targeted instructional
intervention.

3. Methodology
The metrics analyzer must fulfill certain requirements: some of these are basic
concepts for analyzers, others are special requirements for making a possible inte-
gration into assignment grading systems easier.

1. The tool must be able to perform code metrics calculation on a given C#
solution.

2. The threshold values for these metrics should be adjustable from a configu-
ration file.

3. The tool must be capable to produce a machine-interpretable output (e.g. a
XML file), in addition to a summarized console output. This detailed output
shall contain the metric results segmented by methods or classes, showing the
corresponding metric values. The output path should also be configurable.

4. The analyzer should be applicable to arbitrary C# projects targeting the
.NET platform without requiring project-specific modifications. Only a so-
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lution or project file should be needed, while unsupported frameworks or
custom build procedures may require additional configuration.

The analyzer relies on the Roslyn compiler platform to construct semantic mod-
els from C# projects. In most cases, providing a solution or project file is sufficient,
and dependencies are restored automatically through the standard .NET build pro-
cess. The approach has been successfully applied to WPF, Avalonia, Unity, and
ASP.NET-based projects.

3.1. Implemented code metrics
In this section, the implemented code smells are presented.

3.1.1. Bumpy Road

This analyzer evaluates the nesting depth of statements within a method body. If
the method body is empty or contains no statements, it is skipped. Otherwise,
the nesting depth is computed recursively for each relevant statement. Relevant
statements are if, for, while, do, switch, block, local declaration statement and
expression statement. The result of the metrics is the average depth across all
statements. The diagnostic is reported if this value exceeds the threshold defined
in the configuration [5].

3.1.2. Functional Parameter Count

Methods with a high number of parameters are harder to read and understand, and
they often indicate that the method does not have a single responsibility or that the
required data is not properly encapsulated. A long parameter list also increases
coupling to callers, makes call sites noisier, and complicates testing and reuse.
Clean Code explicitly recommends keeping the number of function parameters
low (ideally zero to two, and avoiding three or more when possible), since each
additional parameter raises the cognitive load and the chance of incorrect usage
[17].

This method-level analyzer counts the parameters for a given method and re-
ports the result if it is higher than the configured threshold.

3.1.3. Lack of Cohesion of Methods

The LCOM4 metric [13] measures how well the methods in a class are connected
by calling each other or accessing common fields. A cohesive class will have few
independent method groups.

The LCOM5 is a stricter cohesion metric than LCOM4. It calculates cohesion
based on the fields accessed by all methods of a class. If no fields are shared
across methods, LCOM5 value approaches 1, indicating poor cohesion; if many
fields are shared, the LCOM5 value approaches 0, indicating good cohesion. There
are multiple approaches to compute the LCOM5 metric and studies have shown
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[16] that the variant defined by Henderson and Sellers [11] is superior. If l is the
number of attributes, k is the number of methods, and a is the sum of the number
of distinct attributes, that are accessed by every method in a class, then LCOM5
is calculated as follows:

LCOM5 = a − kl

l − kl

3.1.4. Maintainability index

Calculates an index value between 0 and 100 that represents the relative ease of
maintaining the code. Higher values represent better maintainability. If HV is the
Halstead Volume, CC is Cyclomatic Complexity and LC is the Lines of Code, than
the maintainability index can be calculated as follows [20]:

MI = max
(︄

0,
100
171 ×

(︂
171 − 5.2 × ln(HV) − 0.23 × CC − 16.2 × ln(LC)

)︂)︄

3.1.5. Cyclomatic complexity

Cyclomatic complexity measures the structural complexity of code by counting the
number of linearly independent execution paths within a method. It is primarily
influenced by the presence of control-flow constructs such as conditional branches
and loops. While this metric is conceptually related to the implemented Bumpy
Road code smell, the two can yield different results in practice.

The Bumpy Road metric focuses on sudden changes in complexity across con-
secutive code segments, capturing irregular growth patterns within a method. In
contrast, cyclomatic complexity reflects the overall decision density of a method,
regardless of how that complexity is distributed. As a result, a method with evenly
distributed control flow may exhibit high cyclomatic complexity without triggering
the Bumpy Road smell, whereas a method with localized spikes in complexity may
be flagged by Bumpy Road despite having a moderate overall cyclomatic complex-
ity.

3.1.6. Class coupling

Class Coupling measures the degree of coupling to unique classes through parame-
ters, local variables, return types, method calls, generic or template instantiations,
base classes, interface implementations, fields defined on external types, and at-
tribute decorations. Good software design emphasizes high cohesion and low cou-
pling. High coupling suggests a design that is difficult to reuse and maintain due
to its numerous interdependencies with other types.

3.2. Determining threshold values for implemented analyzers
To minimize false positives and undetected faults, it is crucial to establish appro-
priate threshold values for software metrics, beyond which metric analyzers should
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trigger warnings [7, 22]. Although the literature provides several recommended
threshold values for commonly used software metrics [6, 17, 23], these recommen-
dations are typically derived from observations on large-scale industrial software
systems. As such, they may not be directly applicable to student projects, which
differ significantly in size, development practices, and architectural complexity.
For this reason, a dedicated threshold analysis was conducted on the implemented
metrics based on the collected student project data.

The threshold analysis was performed for each metric by evaluating several
threshold values on the student project dataset. To identify appropriate thresh-
olds, the elbow method was applied to the cumulative number of warnings pro-
duced at each threshold value [2, 31]. The examined ranges were selected around
commonly recommended values from the literature and adjusted according to the
metric domain. For each metric, the total number of reported violations was plotted
against the corresponding threshold values, and the knee point was automatically
determined using the Kneedle algorithm [30], assuming a convex, monotonically
decreasing curve. The threshold corresponding to the detected knee point was
selected as the optimal value.

In contrast to other metrics, no robust threshold could be identified for LCOM5
and the Maintainability Index. For LCOM5, this is mainly due to its limited dis-
criminative power: cohesion metrics in the LCOM family lack consensus, and prior
studies have shown that they may provide inconsistent or misleading represen-
tations of class cohesion [4]. In our experiments, warning counts remained high
across a wide range of thresholds, indicating that LCOM5 is overly sensitive for
threshold-based classification.

For the Maintainability Index, the issue lies in its formulation and interpreta-
tion. The metric was originally derived from a limited set of procedural systems
and does not explicitly capture object-oriented properties, while its threshold val-
ues are inconsistent across literature and tools. Recent work has also shown that
different variants of the Maintainability Index can lead to differing assessments [10,
12].

Therefore, thresholds based on the literature were applied; however, both met-
rics should be interpreted with caution and are more suitable for comparative trend
analysis than for strict threshold-based warning generation.

The resulting threshold values for each implemented metric are summarized in
Table 1.

4. Analyzing student projects
This section presents the results of the code metrics analysis conducted on stu-
dent projects from previous semesters of the Software Technology course at our
university. Students implement a predefined game in groups of 3–4 members under
the supervision of an instructor acting as product owner and, optionally, a senior
student acting as scrum master.

Four milestones are defined, three of which involve implementation. Following
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Table 1. Threshold values.

Metric
General

thresholds
Applied on

student projects
Bumpy Road code smell 4 2
Functional parameters 5 2

Lack of Cohesion (LCOM4) 1 4
Lack of Cohesion (LCOM5) 0.5 0.5

Maintainability index 65 65
Cyclomatic complexity 10 6

Class coupling 9 15

the design and requirements phase, students deliver two prototypes (approximately
30% and 90% of the use cases), followed by a final version conforming to clean-
code principles [17], including testing and continuous integration. The last three
milestones were considered in the analysis.

Although projects may be implemented in arbitrary languages, only C# projects
were included. Common frameworks include WPF, Avalonia, Unity, and Godot.

The student projects are version-controlled and managed using GitLab. For
each project, the last commit before each implementation milestone deadline on
the default branch was retrieved using the GitLab API [8]. A total of 61 student
projects were collected, of which 41 C# projects could be successfully analyzed after
excluding repositories with build failures, missing dependencies, or other technical
issues. Considering the three implementation milestones, up to 123 project versions
were included in the analysis.

4.1. Visualization and discussion of the results
The goal of the analysis is to evaluate the effectiveness of the implemented code
metrics in identifying potential code quality issues, such as high complexity, low
cohesion, or maintainability concerns. Projects were analyzed at multiple mile-
stones during their development, providing insights into how coding standards and
structural requirements were followed throughout the project lifecycle. The re-
ported values represent the number of warnings exceeding predefined thresholds,
normalized by lines of code to ensure comparability across projects of different
sizes.

In the line charts presented in Figure 1, and 2, selected metrics are visualized
for the analyzed student projects. The trends reflect how the corresponding quality
attributes evolve over time, with each line representing a single project.

Overall, the normalized summary warning counts show that most projects re-
main in the lower or middle range of the diagrams, indicating generally accept-
able code quality across the analyzed milestones. At the same time, for most
projects and metrics, an increase can be observed from the first to later milestones.
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Figure 1. LCOM4 metric results on student projects.

Figure 2. Class coupling metric results on student projects.

This suggests that as systems grow, the number of warnings exceeding the applied
thresholds tends to increase, even after normalization by lines of code.

It is also important to note that the development effort between milestones is
not uniform. Between the second and third milestones, students typically imple-
ment a significant portion of the functionality – approximately 60% of the total use
cases – while later stages involve only minor additions. Consequently, a substantial
deterioration in code quality in later phases should not necessarily be expected; in
fact, improvements could be anticipated if teams perform refactoring and cleanup.
The observed results partially align with this expectation: while some projects
stabilize or slightly improve, a consistent overall improvement is not evident, sug-
gesting that refactoring activities were limited in many cases.

The increase in warning counts is not uniform across all metrics. While cohesion-
and coupling-related metrics show relatively consistent trends, the Bumpy Road
metric exhibits more variability, with several projects showing fluctuations or even
decreases between milestones. This indicates that certain structural characteristics
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captured by Bumpy Road are less directly correlated with project growth and may
be more sensitive to local code changes.

Despite these differences, the projects tend to cluster within comparable regions
of the diagrams, suggesting a relatively similar overall quality level across teams.
This consistency may indicate that the course structure, requirements, and super-
vision result in a broadly uniform development standard, even though individual
projects differ in how their warning counts evolve over time.

5. Analyzing open-source projects

In addition to evaluating student projects, open-source projects were analyzed to
further validate the implemented metrics and assess their applicability in a broader
context. Open-source repositories provide diverse real-world codebases and enable
evaluation of the metrics beyond the educational setting. In contrast to the student
project analysis, which employed dataset-specific thresholds, open-source projects
were evaluated using the threshold values recommended in the literature (Table 1).

Metrics were evaluated on selected major releases from five open-source .NET
projects. In total, 22 tagged versions spanning several years were considered. Since
the analyzer targets the .NET platform, only releases that could be successfully
restored and analyzed were included. Versions requiring unsupported frameworks,
failing to build, or containing unresolved dependencies were excluded. The varying
number of analyzed versions across projects reflects differences in release histories
and compatibility with the analysis tool.

5.1. Selected projects

The open-source projects were selected to provide diversity in terms of application
domain, project size, and software architecture, while ensuring compatibility with
the .NET ecosystem and the analysis tool. Preference was given to mature, actively
maintained projects with multiple tagged releases available, enabling the study of
metric evolution over time.

In total, 22 tagged versions spanning several years were considered. Since the
analyzer targets the .NET platform, only releases that could be successfully re-
stored and analyzed were included. Versions requiring unsupported frameworks,
failing to build, or containing unresolved dependencies were excluded. The varying
number of analyzed versions across projects reflects differences in release histories
and compatibility with the analysis tool.

For the evaluation, the following open-source projects were selected: i) OpenRA3,
a real-time strategy game engine inspired by the classic Command & Conquer:
Red Alert; ii) Jellyfin4, a media server for organizing and streaming multimedia

3https://github.com/OpenRA/OpenRA
4https://github.com/jellyfin/jellyfin
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content; iii) nopCommerce5, an open-source e-commerce platform; iv) xUnit6, a
widely used unit testing framework for the .NET ecosystem; and v) IronPython
3 7, an open-source implementation of the Python programming language.

5.2. Visualization and discussion of the results
Figures 3 and 4 visualize the same metrics showcased and discussed for the student
projects in subsection 4.1. The metric values were normalized by code size, specif-
ically expressed as values per 1000 lines of code, to allow fair comparison between
projects of different sizes.

Figure 3. LCOM4 metric results on open-source projects.

Figure 4. Class coupling metric results on open-source projects.

Overall, the results show low to moderate fluctuations in metric values across
releases, with changes generally occurring gradually over time.

5https://github.com/nopSolutions/nopCommerce
6https://github.com/xunit/xunit
7https://github.com/IronLanguages/ironpython3
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The Bumpy Road metric exhibits relatively stable behavior across most projects,
with only minor variations between releases. Jellyfin shows a slight decreasing
trend, while OpenRA and nopCommerce remain largely stable. IronPython main-
tains consistently higher values, whereas xUnit shows some fluctuation in earlier
releases followed by stabilization. Overall, the metric suggests that localized struc-
tural irregularities are either stable or slightly improving over time.

The Functional Parameter Count metric remains relatively stable for most
projects, with only minor variations across releases. An exception is xUnit, which
exhibits a significant spike in intermediate releases, indicating a temporary increase
in methods exceeding the parameter threshold. Apart from this outlier, the metric
suggests consistent method-level design practices.

For cohesion, LCOM4 shows a generally decreasing or stable trend across all
projects, indicating gradual improvements or controlled cohesion as the systems
evolve. In contrast, LCOM5 exhibits higher values and greater variability, partic-
ularly for IronPython and xUnit, and does not provide a clear or consistent trend
across projects. This further supports the observation that LCOM5 is less suitable
for threshold-based evaluation.

Class Coupling shows relatively stable or slightly decreasing trends for most
projects, suggesting that dependencies between classes are either maintained at a
consistent level or gradually improved. xUnit again stands out with significantly
higher values and noticeable fluctuations, reflecting its more complex structure.

For the Maintainability Index, IronPython exhibits consistently high values
with a slight decreasing tendency, while Jellyfin remains relatively stable. In con-
trast, OpenRA and nopCommerce show a steady increase in warning counts across
releases, and xUnit demonstrates a more pronounced upward trend with minor
fluctuations. These results suggest that, for some projects, system growth is ac-
companied by an increasing number of maintainability-related issues.

In summary, the analyzed open-source projects exhibit largely stable or slightly
improving trends for most structural metrics, with some project-specific deviations.
The presence of occasional spikes (notably in xUnit) suggests localized increases
in complexity, but overall the results indicate controlled evolution and generally
consistent code quality across releases.

6. Comparing student and open-source projects

6.1. Descriptive statistics
Table 2 summarizes the distribution of normalized warning counts for student and
open-source projects. It should be noted that the two datasets were evaluated
using different threshold sets: thresholds calibrated on the student dataset were
applied to student projects, whereas literature-recommended thresholds were used
for open-source projects. Consequently, the reported warning counts should be
interpreted primarily as descriptive indicators, and direct comparisons of absolute
values should be made with caution.

https://icai.uni-eszterhazy.hu/2026 91https://icai.uni-eszterhazy.hu/2026 91https://icai.uni-eszterhazy.hu/2026 91

https://icai.uni-eszterhazy.hu/2026
https://icai.uni-eszterhazy.hu/2026
https://icai.uni-eszterhazy.hu/2026


P. J. Császár, M. Cserép ICAI 2026

Table 2. Descriptive statistics of normalized warning counts (per
1000 LOC). Values are reported as Student/Open-source.

Metric Mean Median Std. Dev.
Bumpy Road 1.33 / 0.88 1.25 / 0.38 0.75 / 0.86
Functional Parameter Cont 3.22 / 5.13 2.29 / 1.14 3.04 / 8.51
LCOM5 4.95 / 5.88 4.32 / 5.60 2.15 / 3.89
LCOM4 2.10 / 4.99 1.89 / 4.97 1.10 / 2.84
Cyclomatic Complexity 4.92 / 3.95 4.90 / 2.09 1.95 / 3.06
Class Coupling 2.71 / 11.96 2.14 / 7.75 1.95 / 10.97

The larger standard deviations observed for several metrics indicate greater ar-
chitectural diversity among open-source systems. Moreover, the larger differences
between mean and median values for metrics such as Functional Parameter Count
and Class Coupling suggest skewed distributions and the presence of outliers. In
contrast, student projects exhibit smaller mean–median differences, indicating more
homogeneous quality characteristics. Finally, LCOM5 yields consistently high val-
ues with relatively small mean–median differences in both datasets, supporting
previous observations regarding its limited discriminative power.

6.2. Trend analysis

Despite the differences in absolute warning counts, the evolution of metric values
exhibits clear differences between the two datasets. Open-source projects generally
show moderate variation followed by stabilization or slight improvements, suggest-
ing controlled evolution and ongoing refactoring. In contrast, student projects
exhibit a more pronounced increase in normalized warning counts, indicating that
structural issues tend to accumulate as functionality is added, with limited evidence
of systematic refactoring.

For cohesion- and coupling-related metrics, open-source systems generally ex-
hibit more stable trends, whereas student projects display a clearer increasing ten-
dency. Cyclomatic Complexity and Functional Parameter Count show moderate
fluctuations and occasional spikes in open-source projects, while student projects
tend to increase more consistently. For Maintainability Index warnings, both
datasets exhibit mixed behavior, indicating that maintainability-related issues are
present in both cases.

Overall, the results suggest that mature open-source systems are characterized
by greater architectural diversity and more controlled evolution over time. Al-
though the use of different threshold sets limits the direct comparison of absolute
warning counts, the trend analysis indicates that student projects exhibit a stronger
tendency to accumulate complexity and structural issues during development.
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7. Conclusion

This research aimed to identify code quality issues related to complexity, cohesion,
and maintainability using static code analysis metrics. The developed analyzers
were evaluated on student projects from the Software Technology course and on
selected open-source repositories. Threshold values were determined using the el-
bow method, and the work extends existing Roslyn-based metrics with additional
custom analyses.

The results show that student projects tend to exhibit increasing structural
complexity over time, while open-source systems demonstrate more stable evo-
lution, often supported by refactoring practices. Cohesion- and coupling-related
metrics (e.g., LCOM4 and Class Coupling) highlight this difference most clearly.
In contrast, maintainability-related warnings show mixed trends in both groups
and do not provide a clear distinction.

Several challenges were identified, including inconsistencies in milestone pro-
gression and the context-dependent nature of metric thresholds. Additionally, the
selection of suitable open-source projects was constrained by build and dependency
issues.

Despite these limitations, the proposed approach proved effective in identifying
problematic code segments and tracking quality trends throughout development.
The analyzers can be integrated into continuous integration environments, enabling
early feedback and supporting improved coding practices.

Overall, the results confirm that carefully calibrated code metrics provide a
practical and scalable means for assessing and improving software quality in both
educational and real-world development contexts.

8. Future work

For future work, the following aspects have been identified for further development:

• Implement additional metrics to cover a wider range of code quality at-
tributes, for example cohesion metrics, such as Relational Cohesion.

• Analyze a broader set of student and open-source projects to further evaluate
and validate the implemented metrics.

• Perform manual verification to assess whether the code segments flagged by
the analyzers indeed contain problematic code, thereby validating the diag-
nostic accuracy.

• Provide module and submodule level metrics evaluation inside projects, to
identify potentially problematic segments in a generally acceptable codebase.
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Computer Code Availability
The developed source code metrics and the multitemporal analyzer tool imple-
mented as part of this research is released under the BSD-3 license at: https:
//github.com/petercsaszar/code-metrics/
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