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Abstract

Code similarity tools are widely used in programming courses to support academic in-
tegrity, yet fixed percentage cut-offs are often applied without considering how score
distributions vary across assignments, academic years, and detection tools. This study
examines similarity patterns over three academic years (2023/2024–2025/2026) using
two programming assignments and two detection tools. For each assignment-year-tool
combination, we analysed empirical pairwise score distributions using central, dispersion,
threshold-based, and upper-tail indicators. Because submissions occur in multiple pairs,
we also performed a submission-level robustness analysis using per-submission mean,
median, and maximum similarity. Assignment A1 showed descriptively higher central
similarity in later academic years, and this pattern remained visible at the submission level,
whereas Assignment A2 showed smaller year-to-year differences, particularly for JPlagJava.
Maximum scores decreased across years for both tools, but broader upper-tail indicators
decreased for JPlagJava and showed mixed patterns for SIMGruneJava. These differences
are interpreted descriptively rather than as statistically established temporal changes. The
findings support a context-aware, distribution-based interpretation of similarity scores
rather than reliance on a single fixed threshold, accounting for assignment characteristics,
year-to-year patterns, and tool-specific behaviour.

Keywords: source-code similarity; plagiarism detection; programming assignments;
programming education; case study

1. Introduction
Programming assignments are an important part of computing education because

they provide direct evidence of students’ ability to design, implement, test, and reason
about software solutions. At the same time, they create recurring challenges for teachers,
especially in courses with a large number of students or complex assignments. In such
cases, source-code similarity detection tools, often referred to as plagiarism detection tools,
are commonly used to ensure academic integrity. Their role is not to prove plagiarism
automatically, but to identify pairs or groups of submissions that require further inspection
by the teacher.

Previous review papers [1,2] have established source-code similarity detection as a
mature research area and have identified tools such as JPlag [3], MOSS [4], or SIM-Grune [5]
among the commonly discussed systems in the academic environment. These reviews also
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note that these tools report similarity, while the final interpretation of plagiarism remains a
human and contextual decision.

When such tools are used to generate reports, similarity thresholds are commonly
applied as an initial screening mechanism. However, recent work [6] has emphasised that
selecting an appropriate threshold is itself a non-trivial problem and should be informed
by the distribution of similarity scores for a given assignment. This is important because
assignments with constrained structures or expected solution patterns may naturally
produce higher baseline similarity. In addition, different tools may produce different score
distributions because of differences in their underlying detection mechanisms.

The problem of identifying suspicious cases has been approached from different
perspectives. Cheers et al. [7] examine suspicious submissions through consensus across
multiple detection tools, whereas Permatasari et al. [6] propose an assignment-specific
threshold-selection method using Tukey’s IQR fences. Although such studies indicate
that threshold use requires contextual interpretation, their focus remains primarily on
identifying suspicious cases or selecting cut-offs for a given assignment.

In contrast, this study does not seek an optimal plagiarism threshold or evaluate
detection accuracy against a labelled dataset. Instead, it examines how similarity-score
distributions vary across academic years, assignments, and tools. Zuzarte-Reis et al. [8]
recently used a related distribution-oriented approach across three introductory program-
ming assignments. The present study extends this perspective to two advanced program-
ming assignments, three academic years, and two detection tools. Accordingly, the study
is framed as a three-year case study comparing successive student groups within one
educational context. The observed year-to-year differences are therefore interpreted within
this specific educational context rather than as evidence of a general temporal trend across
programming education.

The need to interpret similarity scores in context is further reinforced by student
access to generative AI tools, which represent one possible factor that may contribute to
convergence in code patterns alongside other educational and collaborative influences.
Recent work [8–11] has questioned whether syntactically correct and apparently original
submitted code can always be interpreted as strong evidence of independent learning.

The goal of this study is therefore to compare similarity-score distributions across
academic years and examine descriptive year-to-year differences that may affect how
similarity results are interpreted. The study examines distributional indicators that capture
typical similarity levels, variability, and upper-tail behaviour. This makes it possible
to distinguish broader differences in similarity distributions from patterns concentrated
mainly in a small number of extreme high-similarity cases.

2. Materials and Methods
This study analyses two Java programming assignments, A1 and A2, across three

academic years (2023/2024–2025/2026) in an advanced graduate-level programming course.
Students had completed several prior programming courses. The dataset contained 52, 59,
and 55 A1 submissions and 52, 56, and 54 A2 submissions across the three years, yielding
1326–1711 pairwise comparisons per assignment-year group and tool.

Both assignments were complex Java command-line applications involving structured
input processing, validation, internal object modelling, interactive command execution,
and formatted textual output. They also imposed architectural and implementation con-
straints, including selected GoF design patterns, Maven-based executable packaging, re-
strictions on external libraries, and limits on method and line length. Assignment A2
extended A1 with additional data sources, time-dependent processing, a larger command
set, and further design-pattern requirements, making it broader and more structurally
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constrained. Therefore, A1 and A2 were analysed separately before comparing broader
patterns across assignments and tools.

The analysed data consisted of anonymised pairwise similarity scores exported from
the two similarity detection tools, together with identifiers for the two submissions forming
each unordered pair. These identifiers were used to reconstruct the pairwise structure,
calculate submission-level summaries, match pairs across tools, and identify students
appearing in more than one academic year. Each record contained the detection tool, assign-
ment, academic year, the anonymised identifiers of the two submissions, and the similarity
percentage. For each assignment-year-tool combination, the similarity scores were analysed
as a separate empirical distribution. Pairs with 0% similarity in SIMGruneJava were also
included in all analyses.

2.1. Similarity Detection Tools

The two similarity detection tools were JPlag (v 2.12.1) (URL https://github.com/
jplag/jplag, accessed on 12 May 2026) for Java (referred to as JPlagJava) and SIM-Grune
(v3.0.1) (URL https://dickgrune.com/Programs/similarity_tester/, accessed on 12 May
2026) for Java (referred to as SIMGruneJava). Both tools were applied to the same Java
submissions. Their scores were not treated as directly interchangeable. The purpose of using
two tools was to examine whether similar distributional patterns could be observed from
different measurement perspectives, rather than to determine which tool was more accurate.

2.2. Distribution-Based Analysis

The analysis was descriptive and distribution-based. For each assignment-year-tool
combination, we examined measures of central tendency, dispersion, and upper-tail be-
haviour. The median was used as the main indicator of typical similarity, while the mean
was retained as a complementary measure sensitive to changes in the upper part of the dis-
tribution. The first and third quartiles were used to examine whether differences involved
a broader part of the pairwise score distribution rather than only the highest-scoring pairs.
The standard deviation and interquartile range were used to describe variability. Finally,
the 99th percentile and maximum were used to examine extreme or near-extreme values.

In addition to the standard descriptive indicators, three supplementary distributional
summaries were calculated. First, empirical cumulative distribution function (ECDF)
analysis was used as a supplementary visual check to examine the cumulative structure
of each score distribution and to assess whether year-to-year differences appeared across
broader parts of the distribution or only near the upper tail. The ECDFs were used to
support the interpretation of descriptive indicators and box-plots rather than as a separate
primary result. The corresponding ECDFs are provided in Supplementary Figures S4–S7.

Second, threshold-based indicators were used to calculate the percentage of pairwise
similarity scores at or above selected fixed cut-offs (20%, 30%, 40%, and 50%). These cut-offs
were selected as evenly spaced practical reference points spanning moderate to higher
similarity values and were used to summarise how different parts of the score distribution
changed across assignment-year groups. They were not selected as empirically optimal cut-
offs and should not be interpreted as formal plagiarism thresholds. To assess whether the
interpretation depended on these particular values, a sensitivity analysis was additionally
performed using thresholds from 15% to 50% in five-percentage-point increments; the
results are reported in Supplementary Tables S3 and S4.

Third, the 100 highest similarity scores were extracted for each assignment-year-
tool distribution and summarised using their mean, median, minimum, and maxi-
mum. This upper-tail analysis was used to distinguish isolated maximum values from
broader concentration of high similarity scores. Detailed top-100 results are provided
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in Supplementary Table S5. Because group sizes differed, the top 100 pairs represented
approximately 5.8–7.5% of each distribution; this analysis was therefore treated as a com-
plementary descriptive examination of the upper tail rather than as a comparison of an
identical percentile range across groups, and was interpreted alongside the fixed-percentile
and threshold summaries.

This approach was chosen because maximum values, central indicators, and upper-tail
measures can imply different practical responses. A high maximum may indicate isolated
high-scoring pairs, whereas higher median and first-quartile values indicate that elevated
similarity extends across a broader part of the distribution.

The analysis proceeded in three steps. First, each assignment was analysed across
the three academic years separately for each tool. Second, the results of JPlagJava and
SIMGruneJava were compared to identify whether the two tools supported the same
general interpretation. Third, central indicators were compared with upper-tail indicators
to determine whether year-to-year differences were visible across broader parts of the
distribution or concentrated in isolated extreme cases.

2.3. Submission-Level Robustness Analysis

Because each submission appears in multiple pairs, the pairwise distributions were
interpreted descriptively and supplemented with submission-level summaries. For each
submission, the mean, median, and maximum similarity to the other submissions in the
same assignment-year group were calculated. These summaries describe typical and
strongest similarity involving each submission, but remain dependent because submissions
share pairwise scores. They were therefore not used for conventional independent-sample
inference. Complete statistics are reported in Supplementary Table S1.

A sensitivity analysis identified students appearing in more than one academic year
separately for A1 and A2. For each assignment, these students and all pairs involving
them were excluded before recalculating the submission-level metrics. The retained sample
sizes were 48, 51, and 51 for A1 and 47, 49, and 52 for A2 across the three academic years,
respectively. Results are reported in Supplementary Table S2.

2.4. Cross-Tool Association Analysis

Cross-tool correspondence was assessed separately for each assignment-year group
using Spearman’s rank correlation between scores for matched unordered submission
pairs, with average ranks assigned to ties. Statistical significance was assessed using a
two-sided Quadratic Assignment Procedure (QAP) test with 9999 node-label permuta-
tions [12]. In each permutation, the same permutation was applied jointly to the rows
and columns of one similarity matrix, leaving the other matrix fixed. Self-comparisons
were excluded and each unordered pair was counted once. The permutation p-value
was calculated as (b + 1)/(9999 + 1), where b is the number of permuted correlations at
least as large in absolute value as the observed correlation. This analysis tests cross-tool
rank association, not absolute agreement or differences between academic years. The six
assignment-year-specific QAP tests were treated as exploratory analyses, and no formal
adjustment for multiple testing was applied; the resulting p-values are therefore interpreted
descriptively alongside the corresponding Spearman’s ρ values. Results are reported in
Supplementary Table S6 and Figure S8.

2.5. Limitations

The study should be interpreted within several constraints. Although the submission-
level analysis reduces the dependence inherent in the pairwise score distributions, it does
not eliminate it because submissions still share pairwise scores. It does not classify indi-
vidual code pairs as plagiarism, acceptable similarity, AI-assisted work, or independent
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work, and the instructors’ observations are contextual rather than formal qualitative ev-
idence. Therefore, the causes of the observed patterns cannot be established. The study
covers one educational context, two related Java assignments, and three academic years.
Because A2 extends A1 and includes additional structural constraints, the findings should
be interpreted within this three-year case study rather than generalised to programming
education as a whole. Finally, the two tools were used as complementary measurement
perspectives rather than evaluated for detection accuracy.

3. Results
Tables 1 and 2 summarise the descriptive similarity indicators. For Assignment A1,

the observed central similarity values were higher in the later academic years, with the
largest difference observed in 2025/2026. Assignment A2 showed higher central val-
ues from the first observed year and comparatively smaller year-to-year differences.
In both assignments, lower maximum values were observed in the later academic years.
These patterns are descriptive and are not interpreted as statistically established tem-
poral changes. The corresponding pairwise similarity-score distributions are shown in
Supplementary Figure S1, with ECDFs provided in Supplementary Figures S4–S7.

Table 1. Descriptive similarity indicators for Assignment A1.

Tool Year Mean SD Min Q1 Median Q3 P99 Max IQR

JPlagJava 2023/2024 15.5 7.2 1.4 10.5 13.7 18.8 35.5 51.9 8.3
JPlagJava 2024/2025 15.8 6.6 2.5 10.7 14.8 20.2 32.9 44.5 9.5
JPlagJava 2025/2026 18.7 4.9 4.5 15.3 18.6 22.0 31.7 38.1 6.7

SIMGruneJava 2023/2024 7.0 5.7 0.0 3.0 5.5 10.0 25.9 55.0 7.0
SIMGruneJava 2024/2025 9.6 6.0 0.0 5.0 9.0 13.0 27.0 35.0 8.0
SIMGruneJava 2025/2026 11.0 4.3 1.0 8.0 10.5 14.0 22.0 33.5 6.0

Table 2. Descriptive similarity indicators for Assignment A2.

Tool Year Mean SD Min Q1 Median Q3 P99 Max IQR

JPlagJava 2023/2024 19.5 5.8 5.1 15.3 19.0 23.2 33.4 60.1 7.9
JPlagJava 2024/2025 19.4 4.9 6.5 15.8 19.5 22.9 30.1 38.8 7.1
JPlagJava 2025/2026 19.9 4.1 6.5 17.2 19.9 22.5 29.5 32.6 5.3

SIMGruneJava 2023/2024 10.8 4.7 0.0 7.5 10.5 13.5 22.5 58.5 6.0
SIMGruneJava 2024/2025 13.0 5.5 1.0 9.0 13.0 17.0 25.5 33.0 8.0
SIMGruneJava 2025/2026 13.0 4.1 2.0 10.0 12.5 15.5 24.0 29.5 5.5

Figure 1 shows the distributions of per-submission median similarity across academic
years for both assignments and detection tools. Complete submission-level statistics are
provided in Supplementary Table S1. Supplementary Table S2 reports the sensitivity
analysis excluding students who appeared in more than one academic year within the
same assignment.

For A1, the median of the per-submission median similarities was 14.50%, 15.90%,
and 18.75% for JPlagJava and 5.75%, 9.75%, and 11.00% for SIMGruneJava across the three
academic years. For A2, JPlagJava showed little year-to-year difference (20.10%, 20.00%,
and 20.05%), whereas SIMGruneJava showed higher values in the later years without
a monotonic pattern (10.75%, 14.00%, and 13.00%). Excluding students who appeared
in multiple years within each assignment preserved the descriptive increase for A1 and
the absence of a monotonic increase for A2 (Supplementary Table S2). Per-submission
maximum similarities decreased monotonically in their median for JPlagJava but not for
SIMGruneJava. Distributions of per-submission means and maxima are presented in
Supplementary Figures S2 and S3.
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Table 3 shows the percentage of pairwise similarity scores at or above selected fixed
thresholds. For Assignment A1, JPlagJava shows a higher share of scores at or above 20%
in 2025/2026, while the shares at or above the higher thresholds were lower in the later
academic years.

Across thresholds from 15% to 50%, JPlagJava showed increasing proportions of pairs
at or above the 15% and 20% cut-offs across the three years for both assignments, alongside
lower proportions at higher cut-offs. SIMGruneJava showed more mixed patterns, includ-
ing higher proportions at several cut-offs in 2024/2025 (Supplementary Tables S3 and S4).
The top-100 mean and median decreased across years for JPlagJava in both assignments,
whereas SIMGruneJava showed an increase followed by a decrease. For A2/SIMGruneJava,
both top-100 measures remained higher in 2025/2026 than in 2023/2024 despite the lower
maximum (Supplementary Table S5). Thus, declining maxima did not imply a uniform
reduction throughout the upper tail.

Cross-tool analysis showed positive rank association in all six assignment-year groups,
with Spearman’s ρ ranging from 0.517 to 0.689 and all two-sided QAP permutation tests
yielding p < 0.001. Pairs receiving relatively higher scores from one tool therefore tended
to receive relatively higher scores from the other, although their rankings were not identical.
These associations do not establish absolute score agreement or the interchangeability of
thresholds. Complete results are provided in Supplementary Table S6 and Figure S8.

Figure 1. Distribution of per-submission median similarity by assignment, tool, and academic year.
Boxes show the interquartile range, horizontal lines indicate medians, and diamonds indicate means.
Whiskers extend to the most extreme observations within 1.5 interquartile ranges of the box; circles
indicate observations beyond the whiskers.

Table 3. Percentage of pairwise similarity scores at or above selected fixed thresholds.

Assignment Tool Year ≥20% ≥30% ≥40% ≥50%

A1 JPlagJava 2023/2024 22.10 5.20 0.38 0.08
A1 JPlagJava 2024/2025 25.66 2.40 0.12 0.00
A1 JPlagJava 2025/2026 38.86 1.82 0.00 0.00
A1 SIMGruneJava 2023/2024 3.62 0.30 0.15 0.08
A1 SIMGruneJava 2024/2025 6.20 0.47 0.00 0.00
A1 SIMGruneJava 2025/2026 2.90 0.07 0.00 0.00

A2 JPlagJava 2023/2024 44.04 4.30 0.08 0.08
A2 JPlagJava 2024/2025 46.62 1.17 0.00 0.00
A2 JPlagJava 2025/2026 49.27 0.98 0.00 0.00
A2 SIMGruneJava 2023/2024 2.94 0.23 0.08 0.08
A2 SIMGruneJava 2024/2025 10.71 0.26 0.00 0.00
A2 SIMGruneJava 2025/2026 5.52 0.00 0.00 0.00
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4. Discussion
The results show two related but distinct descriptive patterns. Assignment A1 showed

higher central similarity in the later academic years across both tools, whereas Assignment
A2 started from higher values and showed smaller year-to-year differences, particularly for
JPlagJava. The same broad distinction remained visible in the submission-level analysis,
but these comparisons do not establish a temporal trend in a wider population. Maximum
scores decreased across years for both assignments and tools. However, the upper tail
behaved differently across tools: JPlagJava showed decreasing top-100 means and medians,
whereas SIMGruneJava showed non-monotonic patterns. The results therefore distinguish
changes in typical similarity, broader upper-tail behaviour, and isolated extreme values.

The comparison of JPlagJava and SIMGruneJava shows that similarity scores are tool-
dependent, which is consistent with previous research on source-code similarity detection
tools. JPlagJava generally produced higher central values than SIMGruneJava, so the same
numerical threshold should not be transferred directly between tools. The matched-pair
analysis nevertheless showed positive rank correspondence across all assignment-year
groups, with Spearman’s ρ ranging from 0.517 to 0.689 and all QAP permutation tests
yielding p < 0.001. This indicates that the two tools tended to rank relatively high- and
low-similarity pairs in a broadly consistent manner, despite producing different absolute
score levels. Therefore, tool outputs can support comparative and contextual interpretation,
but should not be treated as interchangeable absolute measures.

From an assessment perspective, the divergence between central similarity and max-
imum scores shows why neither indicator should be interpreted alone. Higher typical
similarity and lower maxima describe different features of the submitted code and do not,
by themselves, establish changes in plagiarism, student understanding, or code owner-
ship. Similarity detection should therefore be integrated with assessment elements that
check understanding and ownership, such as explaining design decisions, tracing program
execution, modifying selected code, justifying libraries or design patterns, or repairing
targeted defects.

The observed pattern is also relevant in the current context of AI-assisted program-
ming. Generative AI represents only one possible contextual hypothesis: the study contains
no direct evidence of AI use and cannot distinguish it from alternative explanations such as
differences between student groups, teaching practices, available examples or repositories,
collaboration, or changes in assignment approach [8,9].

Separate from the quantitative analysis, instructors noted contextual observations
during manual assessment and oral defence, including similarities in programming style,
naming, and code organisation, and cases in which students had difficulty explaining
or modifying submitted code. These observations were not collected using a predefined
qualitative protocol and are not used as confirmatory evidence or to explain the causes of
the quantitative patterns.

5. Conclusions
This study analysed similarity-score distributions across three academic years,

two Java programming assignments, and two detection tools. Assignment A1 showed
descriptively higher typical similarity in the later academic years, a pattern also visible at
the submission level, whereas Assignment A2 showed smaller year-to-year differences, par-
ticularly for JPlagJava. Maximum scores decreased across years for both assignments and
tools, but broader upper-tail patterns differed: JPlagJava showed decreasing top-100 means
and medians, whereas SIMGruneJava showed non-monotonic patterns. The supplemen-
tary analyses therefore support distinguishing typical similarity from isolated maxima and
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broader upper-tail behaviour. Comparisons between academic years remain descriptive
rather than statistically established temporal changes.

The main conclusion is that similarity scores should be interpreted distributionally
and contextually rather than through fixed thresholds alone. Cross-tool analysis showed
positive rank correspondence, but differences in absolute score levels indicate that thresh-
olds should not be transferred directly between tools. Within this three-year case study,
the findings illustrate how similarity patterns differed across successive student groups,
assignments, academic years, and detection tools and should not be generalised to pro-
gramming education as a whole.

Similarity detection should therefore be combined with assessment practices that
examine student understanding and ownership of submitted code. The observed patterns
do not provide evidence that generative AI caused the year-to-year differences. Future
research should examine other assignments, courses, institutions, and detection tools and
combine similarity measures with direct evidence of student workflow and understanding.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/proceedings2026145021/s1, Figure S1: Pairwise similarity score
distributions across academic years, assignments, and tools; Table S1: Complete submission-level
descriptive statistics; Table S2: Complete submission-level descriptive statistics excluding repeated
students (sensitivity analysis); Figure S2: Submission-level mean similarity across academic years,
assignments, and tools; Figure S3: Submission-level maximum similarity across academic years,
assignments, and tools; Figure S4: Empirical cumulative distribution functions for Assignment
A1 using JPlagJava; Figure S5: Empirical cumulative distribution functions for Assignment A1
using SIMGruneJava; Figure S6: Empirical cumulative distribution functions for Assignment A2
using JPlagJava; Figure S7: Empirical cumulative distribution functions for Assignment A2 using
SIMGruneJava; Table S3: Threshold sensitivity analysis of pairwise similarity scores for A1; Table
S4: Threshold sensitivity analysis of pairwise similarity scores for A2; Table S5: Top-100 similarity
score analysis; Table S6: Cross-tool rank association between JPlagJava and SIMGruneJava; Figure S8:
Association between JPlagJava and SIMGruneJava pairwise similarity scores across assignments and
academic years.
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