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Abstract
Static analysis can support automated feedback on code quality and software architecture in software engineering
education, but its practical value depends on whether warnings are relevant and actionable and whether metric
thresholds are valid for small, milestone-based student projects. This doctoral research investigates empirically
validated static-analysis methods for this setting. Student projects are the primary empirical context, while mature
open-source systems provide a comparison baseline for context sensitivity and generalization. A Roslyn-based
analyzer has been applied to 41 student projects across 123 milestone versions and to 22 releases of five open-source
.NET systems. Initial results show substantial differences between empirically calibrated and literature-based
thresholds and between warning evolution in the two contexts. Ongoing work validates warnings against
independent human judgment, while instructor feedback separately evaluates their relevance and actionability,
and tests whether contextual calibration improves agreement with human assessment. The same validation
framework is then extended to architectural patterns and violations, followed by machine-learning models for
transferring validated detection knowledge to ecosystems without dedicated analyzers. The expected contribution
is an empirically validated methodology for actionable static-analysis feedback in software engineering education,
together with evidence about the extent to which the underlying techniques generalize beyond this context.
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1. Introduction

Static analysis examines software source code without executing it and is commonly used to detect
coding-rule, security, and maintainability issues or compute structural metrics. In software engineering
education, such analysis can support formative feedback, but only when its findings are understandable,
relevant, and actionable for instructors and students.

Software engineering education is the primary application and validation context of this dissertation.
Student projects are not treated as proxies for professional software development; they form a distinct
context characterized by limited experience, short development cycles, predefined milestones, and direct
opportunities for feedback. Open-source systems play a complementary role as a mature comparison
baseline for examining how metric distributions, warning thresholds, and warning evolution differ and
which findings may generalize beyond the educational setting.

The research follows a staged progression. First, metrics including cyclomatic complexity, Bumpy
Road [1], function parameter count, cohesion, coupling, and the Maintainability Index are evaluated
against independent expert judgment, while instructor feedback separately assesses educational rele-
vance and actionability. Context-specific thresholds are compared with literature-based and benchmark-
derived alternatives. Second, the same validation principle is extended from method- and class-level
findings to architectural pattern conformance and violations. Finally, validated analyzer results and hu-
man labels provide the basis for investigating whether machine-learning models can transfer detection
knowledge to projects and programming languages for which no dedicated analyzer is available.
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2. Research Problem and Questions

Empirical methods for deriving software-metric thresholds from benchmark systems are well established,
but their contextual validity for small, short-lived, milestone-based student projects remains unclear.
Thresholds derived from mature systems may not transfer directly to an educational context with
different developer experience, project duration, and feedback goals. Threshold calibration is therefore
treated as a contextual replication and validation problem rather than only parameter tuning.

A second issue is practical validity. A statistically unusual metric value does not necessarily cor-
respond to a maintainability problem that a reviewer would consider relevant or worth acting upon:
high complexity, low cohesion, or high coupling may sometimes follow from legitimate domain or
framework constraints. This motivates validation against independent human judgment and, separately
in the educational context, instructor assessments of relevance and actionability.

A third issue concerns abstraction level. Many maintainability problems arise in dependencies,
architectural layering, responsibility allocation, or incomplete design-pattern implementations rather
than in individual methods or classes. Existing tools provide parts of this functionality, but their
capabilities are distributed across abstraction levels, thresholding strategies, validation approaches, and
language ecosystems. Across metric- and architecture-level analysis, the research-practice gap therefore
concerns not the lack of static-analysis tooling itself, but the limited integration of context-specific
calibration, human validation, educational actionability, and architecture-level analysis within a unified
empirically evaluated workflow for software engineering education. Machine learning is considered
only as a later mechanism for transferring validated detection knowledge where dedicated language- or
framework-specific analyzers are unavailable.

The overall objective is therefore to investigate how empirically validated static-analysis methods
can support actionable code-quality and architectural assessment in software engineering education.
The research also examines which findings are specific to short-lived student projects and which remain
meaningful in more mature software systems or can be transferred to other programming ecosystems.

The dissertation is organized around the following research questions:
RQ1: To what extent do warnings produced by selected software metrics correspond to code regions

that independent human reviewers consider maintainability problems?
This establishes the technical validity of the metric-based warnings against independently assigned

human labels.
RQ2: Does context-specific threshold calibration improve agreement with human judgment compared

with literature-based or benchmark-derived thresholds?
This tests whether calibration for the educational project context improves agreement with the same

human reference labels rather than merely changing the number of reported warnings.
RQ3: To what extent do static-analysis warnings identify issues that instructors consider relevant

and actionable during student project assessment?
This addresses educational usefulness separately from technical accuracy by examining whether a

warning would justify closer inspection, feedback, or a recommendation for refactoring.
RQ4: Are persistent static-analysis warnings associated with subsequent change, defect-fixing, or

refactoring activity?
This introduces a longitudinal perspective and tests whether warning persistence has observable

consequences in later repository activity.
RQ5: To what extent can architectural pattern conformance and violations be identified through

static analysis, and do the detected violations correspond to problems identified by expert reviewers?
This extends the same validation principle from methods and classes to higher-level structural

conformance and architectural violations.
RQ6: To what extent can machine-learning models trained on validated static-analysis labels transfer

code-quality and architectural problem detection to projects or programming languages for which no
dedicated analyzer is available?

This evaluates whether validated detection knowledge can be transferred beyond the language- and
framework-specific rules on which the earlier phases rely.



3. Background and Related Work

Software metrics quantify properties such as complexity, cohesion, coupling, and dependency structure.
The initial metric set builds on cyclomatic complexity [2], object-oriented metric suites [3], coupling
measures [4], instability, and composite measures such as the Maintainability Index, whose formulations
and interpretation vary across tools [5].

Empirical threshold derivation provides an alternative to fixed metric cutoffs and has been studied on
established software corpora [6, 7, 8, 9]. Its applicability to short-lived educational projects has received
less attention, motivating contextual replication in a C#/.NET setting. Distributional validity alone is
also insufficient: false positives, low-value warnings, and poor prioritization can reduce the usefulness
and adoption of static analysis [10, 11, 12, 13]. Accordingly, this work evaluates thresholds against
human judgment and separately examines whether instructors consider warnings actionable.

Code quality in programming education has been studied from both assessment and automated-
analysis perspectives. Prior work has characterized recurring code-quality issues in student programs
and mapped how code quality is addressed in educational research [14, 15]. Assessment-oriented
research has also proposed empirically validated models for judging code quality in student programs
[16]. Static analysis can complement such assessment by automatically directing attention to suspicious
code fragments [17], although the resulting warnings still need to be relevant and interpretable for
instructors. At a higher abstraction level, architecture-aware static analysis has also been applied to C#
student projects [18]; however, architectural and design patterns may be partial, framework-dependent,
or violated rather than simply present or absent.

Existing tools such as SonarQube, NDepend, Designite, Arcan, Understand, and CodeScene1 cover
different subsets of code metrics, dependency analysis, architectural smells, and conformance checking.
Their capabilities are nevertheless distributed across different abstraction levels, thresholding strate-
gies, validation approaches, and language ecosystems. This motivates a structured comparison that
distinguishes methodological research gaps from tool-specific implementation gaps.

Machine-learning methods for source-code analysis use representations such as tokens, syntax trees,
and graphs [19]. Their usefulness for the present problem depends not only on predictive performance
but also on the quality of the labels on which they are trained and on generalization beyond the projects
from which those labels were obtained. In this dissertation, learning-based methods are therefore treated
not as a replacement for rule-based analysis, but as a later transfer mechanism built on analyzer findings
that have already been validated by human review. Previous work established the initial metric-analysis
baseline on student and open-source projects [20]; the present work strengthens its empirical validation
and extends the same framework toward architecture-level assessment and learning-based transfer.

4. Current Work and Research Methodology

The current Roslyn-based pipeline analyzes C# projects in a reproducible, containerized environment
and produces JSON reports for aggregation and HTML reports for manual inspection. Implemented
metrics include Bumpy Road, function parameter count, LCOM4 and LCOM5, Maintainability Index,
cyclomatic complexity, and class coupling; planned module-level measures include afferent/efferent
coupling and instability. The current set is an initial, non-exhaustive selection. CI integration is intended
to run the analysis at milestones or during development, supporting timely formative feedback rather
than only post-hoc assessment. The metric set deliberately spans several levels of abstraction: method-
level measures capture local complexity and parameterization, class-level measures capture cohesion
and coupling, and planned module-level measures describe dependency structure. This layered selection
is intended to support both localized feedback and later comparison with architecture-level findings
rather than to form an exhaustive catalogue of software metrics.

The primary dataset consists of team projects from a BSc Software Technology course developed

1Official tool websites: https://www.sonarsource.com/products/sonarqube/; https://www.ndepend.com/; https://www.
designite-tools.com/; https://www.arcan.tech/; https://scitools.com/; https://codescene.com/.
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through predefined milestones. These repeated snapshots make it possible to observe how code-quality
problems emerge during development and, at the same time, provide direct opportunities for formative
instructor feedback. The analyzer is intended to direct instructor attention to code that may warrant
inspection or feedback, not to replace instructor judgment.

A second dataset comprises open-source .NET systems with longer development histories. These
systems provide a mature comparison baseline for metric distributions, thresholds, and warning evo-
lution and make longer-term repository analysis possible. Projects are selected to cover different
application domains, architectural styles, and sizes. Projects that cannot be restored, built, or analyzed
are documented, since buildability is itself a practical limitation of static-analysis workflows.

The two datasets therefore serve different evaluation purposes. Student projects support both
independent expert validation and a separate assessment of whether instructors find the resulting
warnings relevant and actionable. Instructor feedback is not treated as the technical ground truth for
metric accuracy and is not applicable to open-source projects; the latter instead rely on independent
expert review and repository-based evidence.

For RQ1 and RQ2, warnings are selected through stratified sampling so that metrics, project types,
and severity ranges are represented. At least two reviewers independently label sampled code using
predefined criteria while blinded to the threshold strategy. The criteria focus on whether the highlighted
code contains a maintainability problem that would reasonably justify modification, rather than on the
metric value alone; borderline cases can therefore be recorded separately before adjudication. Inter-rater
agreement is quantified using Cohen’s kappa and disagreements are resolved before final classification.
Precision is estimated from sampled warnings; recall additionally requires independently sampled code
regions not reported by the analyzer so that false negatives can be identified. This second sample is
necessary because validating only reported warnings can estimate precision but cannot reveal relevant
problems that the analyzer missed. These expert labels form the reference data for RQ1 and RQ2.

Literature-based, benchmark-derived, and context-specific thresholds are evaluated on projects
separated from calibration data, using held-out projects or project-level cross-validation. For RQ2,
classifications from the threshold strategies are compared on the same labeled regions using pairwise
McNemar tests [21]; precision, recall, and F1-score quantify the practical differences. RQ3 is evaluated
separately through a structured questionnaire in which instructors rate warning relevance, actionability,
and whether a finding would justify closer inspection, feedback, or refactoring.

For RQ4, warning instances are tracked across milestones and releases. Persistent warnings are
linked, where repository history permits, to subsequent code changes, defect-fixing, and refactoring
activity. Changes touching the affected method, class, or surrounding code will be traced through
version history; commits will be classified using repository metadata, issue links, commit messages, and
manual inspection where necessary. The analysis will then compare persistent and resolved warnings
with later maintenance activity rather than treating warning-count trends alone as evidence of impact.
Open-source histories provide the primary longitudinal evidence, complemented by the shorter student
repositories.

4.1. Results to Date

The initial analyzer and results are reported in an accepted ICAI 2026 paper [20]. The Roslyn-based
implementation covers Bumpy Road, function parameter count, LCOM4 and LCOM5, the Maintainability
Index, cyclomatic complexity, and class coupling, and is released under the BSD-3 license2. Using the
containerized pipeline, the tool was applied to 41 of 61 collected student projects across three milestones,
yielding up to 123 project versions, and to 22 tagged releases of five open-source .NET systems: OpenRA,
Jellyfin, nopCommerce, xUnit, and IronPython 3. These datasets establish the empirical baseline on
which the ongoing human validation and longitudinal analyses build. The comparison is not intended
to treat open-source projects as a gold standard for student code; instead, it provides a contrasting
development context in which warning distributions and evolution can be observed under longer project

2https://github.com/petercsaszar/code-metrics/
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lifetimes and different maintenance practices.
Thresholds for the student dataset were calibrated from cumulative warning counts using the elbow

method and Kneedle [22]. The resulting cutoffs differ considerably from literature-recommended values,
providing preliminary evidence that thresholds established in other software contexts should not be
assumed to transfer directly to milestone-based student projects. This result motivates, but does not yet
answer, RQ2: the context-specific thresholds still have to be compared with literature- and benchmark-
based alternatives against the same human reference labels. No robust threshold was identified for
LCOM5 or the Maintainability Index. LCOM5 showed limited discriminative power in the analyzed
data, while Maintainability Index values are sensitive to the formulation used; both therefore appear
more suitable for comparative trend analysis than threshold-based warning generation in the current
setting.

The longitudinal comparison also revealed different warning trajectories. Student projects generally
accumulate normalized warning counts across milestones, with limited evidence of systematic reduction
through refactoring, whereas the open-source releases are largely stable or slightly improving. Cohesion-
and coupling-related measures, particularly LCOM4 and class coupling, distinguish the two groups
most clearly. Together with the threshold differences, these results suggest that warning behavior is
strongly context dependent and therefore justify the planned human validation rather than a claim that
one threshold strategy is universally preferable. The findings provide a descriptive baseline for RQ4,
but they do not yet establish that a persistent warning predicts subsequent change, defect-fixing, or
refactoring; that association is evaluated separately from the warning-count trends.

Table 1 summarizes the empirical plan and status.

Table 1
Research questions, empirical methods, datasets, and status.

RQ Empirical method Dataset Status
RQ1 Independent expert validation; Cohen’s

kappa; per-metric precision and recall
Stratified student and open-
source code samples

In progress

RQ2 Comparison of literature-based,
benchmark-derived, and context-
specific thresholds against expert
labels; McNemar’s test

Validated student-project sam-
ples

In progress; calibra-
tion results available
[20]

RQ3 Structured instructor questionnaire on
warning relevance and actionability

Warnings from student projects In progress

RQ4 Longitudinal analysis linking warning
persistence to later change, defect-
fixing, and refactoring activity

Student and open-source repos-
itory histories

In progress

RQ5 Architecture-conformance and viola-
tion detection validated against inde-
pendent expert review

Student and open-source
projects

Planned (2026/27)

RQ6 Cross-project and cross-language trans-
fer of models trained on validated labels

Validated C# projects and un-
seen target ecosystems without
dedicated analyzers

Planned (2027/28)

5. Planned Research

The initial metric set will be refined through a targeted review of empirical software-metrics litera-
ture. Additional method-, class-, and module-level measures will be selected according to evidence
of relevance to maintainability, architectural quality, or actionable feedback and integrated into the
Roslyn framework; selected implementations may be developed with supervised BSc thesis students. A
structured comparison of mainstream analysis tools will also examine language support, metric and
architecture coverage, threshold configuration, validation evidence, CI integration, and educational
applicability. The comparison will be used to separate capabilities that are already available in existing



tools from methodological questions that still require empirical investigation, and to position the
proposed workflow relative to current practice.

The next phase extends the validated workflow to architecture-level structures, including Model–View,
MVC, MVVM, and selected GoF patterns. Static rules will use dependencies, namespace organization,
inheritance, calls, and responsibility boundaries to detect conformance, incomplete implementations,
and violations. For example, in an MVC-like system, dependencies from the view directly to persistence
components may indicate a violation of the intended responsibility structure. Because real implemen-
tations vary across frameworks and projects, the rules must be precise enough to detect meaningful
violations without assuming one canonical implementation. Expert reviewers will assess the expected
pattern roles, dependencies, and responsibility boundaries independently of the analyzer output; the
comparison will distinguish correct conformance findings from partial, ambiguous, or incorrectly
reported violations. Detected findings will therefore be evaluated in both student and open-source
projects using the same principle of independent human validation established for the metric-level
analysis.

The final phase investigates machine learning as a transfer mechanism. The motivation is that
implementing and maintaining language- and framework-specific rules for every target ecosystem is
costly and may not always be practical. This phase therefore depends on the earlier validation work:
transferring noisy analyzer output would merely reproduce the biases of the original rules, whereas
expert-reviewed labels provide a stronger basis for testing whether the learned representation captures
a more general structural problem. Models will therefore be trained on analyzer findings validated
through human review rather than raw warnings. Token sequences, syntax trees, dependency graphs,
and control/data-flow representations will be considered. Evaluation will test generalization across
projects and languages; in target ecosystems without dedicated analyzers, independently reviewed
samples will provide the reference labels.

6. Threats to Validity

Construct validity is limited because software metrics approximate structural properties associated
with maintainability rather than maintainability itself. A high metric value is therefore not treated as
a problem solely because it crosses a threshold. Independent expert labels provide the reference for
RQ1 and RQ2, while instructor ratings are analyzed separately as evidence of educational relevance and
actionability.

Internal validity may be affected by framework conventions, generated code, or project requirements
that influence metric values independently of maintainability. Another risk is optimistic evaluation
if context-specific thresholds are assessed on the same projects from which they were calibrated.
Calibration and validation are therefore separated at project level, and exceptional framework- or
generation-dependent cases are documented rather than silently discarded.

External validity is limited by student projects from one course and by the selected .NET open-source
systems. The two datasets intentionally represent different development contexts, but neither is assumed
to represent all educational or professional software. Later cross-project and cross-language evaluation
is intended to test which findings transfer beyond these settings.

Manual labeling introduces reliability concerns. Reviewers use predefined criteria, label samples
independently, and inter-rater agreement is reported using Cohen’s kappa. Because the author developed
the analyzer and teaches the course, the author will not establish the RQ1/RQ2 reference labels, and
RQ3 questionnaires will be completed by other instructors. Finally, projects that cannot be restored
or built because of missing dependencies or unsupported frameworks are documented as tool-related
limitations rather than omitted without explanation.



7. Conclusion

This dissertation investigates empirically validated static analysis for actionable code-quality and
architecture feedback in software engineering education, using open-source systems as a comparison
baseline. Metric validity, threshold calibration, instructor actionability, and longitudinal evidence
form the foundation for architecture-level analysis and later learning-based transfer. The expected
contribution is an empirically evaluated methodology and evidence about the extent to which its
findings generalize beyond the educational context.
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