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Abstract

LLM-based automated program repair (APR) tech-
niques have shown promising results in reducing de-
bugging costs. However, prior results can be affected
by data leakage: large language models (LLMs) may
memorize bug fixes when evaluation benchmarks over-
lap with their pretraining data, leading to inflated
performance estimates. In this paper, we investigate
whether we can better reveal data leakage by combining
metamorphic testing (MT) with negative log-likelihood
(NLL), which has been used in prior work as a proxy
for memorization. We construct variant benchmarks
by applying semantics-preserving transformations to
two widely used datasets, Defects4J and GitBug-Java.
Using these benchmarks, we evaluate the repair suc-
cess rates of seven LLMs on both original and trans-
formed versions, and analyze the relationship between
performance degradation and NLL. Our results show
that all evaluated state-of-the-art LLMs exhibit substan-
tial drops in patch generation success rates on trans-
formed benchmarks, ranging from —4.1% for GPT-4o
to —15.98% for Llama-3.1. Furthermore, we find that
this degradation strongly correlates with NLL on the
original benchmarks, suggesting that models perform
better on instances they are more likely to have mem-
orized. These findings show that combining MT with
NLL provides stronger and more reliable evidence of
data leakage, while metamorphic testing alone can help
mitigate its effects in LLM-based APR evaluations.

Keywords—Automated Program Repair, Metamorphic
Testing, Large Language Models, Data Leakage, Al for
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1. Introduction

Debugging is a time-consuming activity in soft-
ware development. Developers report spending 20—
60% of their time on debugging tasks [1], and software
failures were estimated to cost $1.56 trillion in the US
alone in 2020 [2]. Automating even a portion of this ef-
fort could lead to substantial economic and productivity
gains. Thus, a growing body of research has focused
on Automated Program Repair (APR) [3], with recent
advancements using Large Language Models (LLMs)
demonstrating remarkable effectiveness across many
coding tasks, including program repair [4} 5, 16].

Recent progress in LLM-based program repair has
focused on improving patch generation success rates on
established benchmarks [6, |5} 7], such as Defects4]J [8]].
However, emerging evidence suggests that these results
may be inflated due to data leakage[9, |10} [11]], where
evaluation data overlaps with pretraining corpora, al-
lowing LLMs to memorize bug-fix pairs rather than
generalize. For example, Ramos et al.[11] show that
widely used APR benchmarks likely overlap with the
training data of many open-source LLMs.

To mitigate data leakage, several studies propose
benchmarks built from code committed after model pre-
training cutoffs [12} [13| [14]. However, the rapid release
cycle of LLMs and the heterogeneity of their training
data make leakage difficult to eliminate. Even with
time-filtered datasets, overlap may persist, as bug-fixing
commits and test cases are often duplicated across
blogs, academic papers, and public repositories that are
commonly included in pretraining corpora, especially
for general-purpose models such as ChatGPT. Con-
sequently, leakage remains hard to detect and prevent,
even with carefully curated benchmarks. Moreover,
maintaining such datasets requires substantial manual
effort and they may still become outdated as models
evolve.
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In this paper, we present a systematic empirical
study of whether metamorphic testing (MT) can be used
to analyze and potentially address data leakage in LLM-
based APR. In our setting, metamorphic transforma-
tions modify the syntactic form of faulty code while
preserving its semantics and behavior [15]. Examples
include renaming identifiers, reordering statements, or
rewriting loops [15,116]. We then examine whether per-
formance degradation on transformed code is associated
with memorization rather than semantic generalization.

To guide our study, we formulated and investigated
the following research questions:

* RQ1: What is the impact of metamorphic trans-
formations on the performance of LLM-based pro-
gram repair?

* RQ2: How is the observed LLMs’ performance
drop under metamorphic transformations related
to potential data leakage in the benchmark code?

e RQ3: Which types of code patterns and metamor-
phic transformations are most indicative of memo-
rization effects in LLM-based program repair?

Together, these questions position MT not only as a
robustness testing technique but also as a diagnostic tool
for identifying performance inflation due to benchmark
contamination. To answer them, we study two bench-
marks, Defects4J [8] and GitBug-Java [17]. Defects4]
is a widely used benchmark for LLM-based APR, but
its bugs and fixes predate the cutoff dates of the evalu-
ated LLMs and are therefore more likely to be affected
by data leakage. In contrast, GitBug-Java contains more
recent defects that are post cutoff dates, making it less
likely to overlap with training data [17]. We apply
a set of semantics-preserving transformations to both
datasets that reflect natural coding variations [18]], such
as identifier renaming with synonyms [19], as well as
control-flow and formatting modifications [20Q].

We evaluate seven state-of-the-art LLMs on both
original and transformed benchmarks: ChatGPT—4
ChatGPT-40-mini!, Claude-3.7-Sonne Llama 3.1
8B [21], Gemma 2 27B [22], Mistral 7B v0.3 [23], and
StarCoder 2 7B [24]. All models show reduced success
rates on transformed code, with average drops between
4.1% and 15.98% on Defects4]. GitBug-Java exhibits
smaller effects, but still shows substantial drops on in-
dividual bugs. We find that these declines correlate with
models’ negative log-likelihood (NLL) on the original
benchmarks [[11]], supporting its use as a potential in-
dicator of bug/fix memorization. Thus, combining MT
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with NLL-based memorization can provide stronger ev-
idence of data leakage.
Our contributions are as follows:

* We present a large-scale empirical study examin-
ing how metamorphic testing outcomes relate to
potential data leakage in LLM-based program re-
pair.

* We introduce CodeCocoon , a transformation
framework for constructing realistic, semantics-
preserving benchmark variants, which can be ex-
tended to other benchmarks and code-related tasks.

* We evaluate two APR benchmarks and seven state-
of-the-art LLMs, showing consistent performance
degradation under metamorphic transformations
and complementary evidence of data leakage when
considered alongside memorization signals.

* We argue that selectively evaluating metamorphi-
cally transformed variants as part of APR evalua-
tion pipelines can help, together with NLL, diag-
nose performance inflation caused by benchmark
contamination.

2. Background and Related Work

Automated Program Repair. Automated Pro-
gram Repair (APR) aims to automatically generate
patches for software bugs [25] and it is typically struc-
tured in three steps: (1) fault localization, (2) patch gen-
eration, and (3) patch validation.

1) Fault Localization. This step identifies poten-
tially faulty code locations that should be modified.
APR tools often rely on existing fault localization (FL)
techniques [26]]. Although accurate localization is crit-
ical for effective repair, many APR studies assume per-
fect fault localization and focus instead on patch gener-
ation and validation [3]].

2) Patch Generation. Given a localized defect,
APR tools generate candidate patches using a variety
of techniques. These can be broadly categorized as
follows [3]]: search-based approaches use metaheuris-
tics to explore large repair spaces [27, 28[]; constraint-
based techniques encode repair as a satisfiability prob-
lem [29}130]; template-based methods apply predefined
fix patterns [31}132133]]; and learning-based approaches
train neural models to learn repair transformations [34}
35]. Among learning-based methods, those based on
large language models (LLMs) have recently achieved
state-of-the-art results [4, |6l 15]]. LLM-based APR can
be realized through different strategies [4]]: fine-tuning
task-specific models such as CodeT5 [36] and Code-
BERT [37]]; few-shot learning with in-context exam-


https://openai.com
https://www.anthropic.com

ples, typically applied to medium-sized models like
CodeX [38]; and zero-shot prompting, where general-
purpose models such as ChatGPT generate patches
without fine-tuning [4]].

3) Patch Validation. Once candidate patches are
generated, they must be assessed for correctness. State-
of-the-art tools often generate hundreds of candidates
per bug; for instance, SRepair [S] produces up to 500
patches per defect. The most widely adopted valida-
tion approach is test-suite-based repair, where a patch
is considered valid if it compiles and passes all test
cases [25, 15, 16]. However, passing the test suite (or
test-adequate) does not necessarily imply correctness.
Many patches exploit deficiencies in the test suite, such
as by deleting buggy code or hard-coding values, result-
ing in overfitting. These patches may appear correct but
fail to generalize.

To distinguish between different outcomes,
Durieux et al. [25] proposed a taxonomy of patch
validity: uncompilable patches fail to compile; failing
patches compile but do not pass all tests; plausible
patches pass the test suite but may be incorrect; and
correct patches are semantically equivalent to the
developer fix. Correctness, in this context, is typically
verified via manual inspection or oracle comparison, as
test suites alone are not sufficient.

Large Language Models and Data Leakage.
Large Language Models (LLMs) have demonstrated
strong performance across a wide range of coding
tasks, including code generation [39], code summariza-
tion [40], vulnerability detection [41], and automated
program repair (APR) [4]. Many of these models are
fine-tuned to optimize specific objectives [42], enabling
them to generalize across diverse tasks with minimal
task-specific data.

While LLMs often perform well on standard
benchmarks, recent studies show that their robustness to
simple, semantics-preserving code transformations re-
mains limited [[15} 43| 144, 45| 146, 47]]. These findings
raise concerns about whether high benchmark scores
reflect genuine semantic understanding or surface-level
pattern matching.

A related and more insidious issue is data leak-
age, which occurs when evaluation benchmarks over-
lap with an LLM’s pretraining data, leading to inflated
performance metrics and poor generalization [48, [9].
This is particularly concerning in APR, where widely
used benchmarks such as Defects4] [8] are likely to be
present in pretraining corpora. As a result, models may
generate correct patches by recalling memorized bug-
fix patterns rather than reasoning over novel bugs.

Prior work has shown that LLMs can memorize
and reproduce both natural language and source code,

with larger models exhibiting stronger memorization ef-
fects [49]. As a result, several studies in the machine
learning and software engineering communities have
investigated indirect signals for detecting such memo-
rization in evaluation benchmarks. A widely used ap-
proach relies on perplexity and negative log-likelihood
(NLL), which measure how surprising a token sequence
is to a model [50,51]]. NLL is defined as:

NLL(x;) = —log pe (x; | x<i), )

where pg denotes the model’s next-token probability
distribution. Lower NLL (and equivalently lower per-
plexity) indicates that a sequence appears highly famil-
iar to the model, which is consistent with prior exposure
during training. Consequently, NLL has become a stan-
dard proxy for model familiarity and memorization in
large-scale LLM evaluations 50} 51]].

Ramos et al. [11] applied NLL-based analysis
to Java benchmarks such as Defects4] and GitBug-
Java [17]], comparing them against post-cutoff reposi-
tories. They found that several models exhibit substan-
tially lower NLL on Defects4J, suggesting memoriza-
tion of benchmark content and highlighting the risks
associated with older benchmarks. Importantly, while
NLL is a well-established and widely accepted indica-
tor of memorization [50, 51]], it does not, by itself, con-
stitute definitive proof of data leakage. In this work,
we therefore interpret NLL as a supporting signal and
analyze it in conjunction with metamorphic testing out-
comes, using converging evidence rather than relying
on single metrics in isolation.

Data leakage mitigation. Several studies pro-
pose mitigating data leakage by creating new bench-
marks [12, 13} [14], as also recommended by Zhang
et al. [52]. However, benchmarks can quickly be-
come obsolete as LLMs are continually retrained on
newly scraped data. Bradbury and More [53] pro-
posed to dynamically instantiate benchmark variants
from handcrafted templates, showing consistent perfor-
mance drops on HumanEval [38]], albeit at substantial
manual cost.

An alternative strategy is to apply metamorphic
transformations to existing benchmarks in order to re-
duce sensitivity to memorized instances while preserv-
ing their utility. Prior work has primarily applied meta-
morphic testing to study robustness and consistency
of code models, without explicitly examining its rela-
tionship to benchmark contamination and memoriza-
tion [20]. In this study, we explore metamorphic test-
ing from a leakage-aware perspective, looking at how
performance degradation under transformations relates
to signals of model familiarity, such as NLL. By com-
bining these signals with metamorphic transformations,



we offer complementary evidence for identifying data
leakage in LLM-based APR.

Metamorphic testing. Metamorphic testing eval-
uates the robustness of models for code-related tasks by
transforming the syntax or abstract syntax tree (AST) of
input code without altering its semantics [15 43]. By
comparing model outputs on original and transformed
inputs, one can assess robustness. This principle also
applies to APR: if a model can fix a bug in the original
snippet, it should also fix it in a semantically equiva-
lent, transformed version. Prior work shows that many
models are sensitive to irrelevant transformations, such
as identifier renaming or structural changes, leading to
inconsistent outputs [15] 43|, 144] 45| 146l [47]. Natural
transformations are crucial to avoid false alarms, as un-
natural code may confuse models even though it would
not occur in practice [54} 155} 44]. Accordingly, in this
study we apply several natural transformations, includ-
ing identifier renaming with synonyms [[19], as detailed
in Section 3

Several studies have applied metamorphic testing
to deep code models, particularly in the context of
APR [20]. Ge et al. [56] evaluated four neural APR
models (Recoder, CoCoNut, SequenceR, and Tufano)
and showed that even the most robust model failed on
a substantial fraction (20% ) of transformed cases. Le-
Cong et al. [55] studied neural APR models with an em-
phasis on transformation naturalness, finding that a sig-
nificant portion of prediction changes were caused by
unnatural transformations. They argued that such cases
should be excluded and explored automated naturalness
assessment using early LLMs based on cross-entropy.
More recently, Li et al. [S7] evaluated LLM-based re-
pair on transformed Defects4J bugs and attributed ob-
served performance drops to robustness issues, with-
out considering data leakage. Xue et al. [58]] evaluated
open-source LLMs under metamorphic testing and pro-
posed reverting transformations prior to repair, although
the generalizability of this approach remains unclear.

Overall, prior work has established that code mod-
els are fragile under metamorphic transformations, but
has largely focused on robustness analysis of neural
APR systems or open-source LLMs. In contrast, our
work evaluates state-of-the-art proprietary LLMs (e.g.,
ChatGPT-40 and Claude-3.7) and explicitly examines
whether performance degradation under metamorphic
transformations is associated with data leakage. We fur-
ther provide a correlation analysis between metamor-
phic robustness and negative log-likelihood (NLL), of-
fering a complementary, model-agnostic lens into LLM
behavior beyond internal metrics alone [50} 51]].

Results for original
Original dataset
bugs

‘ (1) Transform ‘ Compare

Results for

Transformed dataset
transformed bugs

Figure 1: Experimental pipeline

3. Methodology

This section describes the methodology we applied
to answer our three research questions:

* RQ1: What is the impact of metamorphic trans-
formations on the performance of LLM-based pro-
gram repair?

* RQ2: How is the observed LLMs’ performance
drop under metamorphic transformations related
to potential data leakage in the benchmark code?

* RQ3: Which types of code patterns and metamor-
phic transformations are most indicative of memo-
rization effects in LLM-based program repair?

To address these questions, we designed an experimen-
tal pipeline that is illustrated in Figure |l} The pipeline
consists of three main stages. First, in the Trans-
form stage, we apply a suite of semantics-preserving
code transformations—such as identifier renaming and
control-flow rewriting—to introduce structural diver-
sity while maintaining program behavior. Second, in
the Generate Patch stage, we use large language mod-
els (LLMs) to generate bug-fixing patches for both
the original and transformed buggy code snippets.
Each model is prompted in a Chain-of-Thought set-
ting with the buggy function and its associated test
cases. Finally, in the Evaluate Patch stage, we vali-
date generated patches by executing the project’s test
suite. A patch is considered successful if it compiles
and passes all tests. We compare success rates be-
tween original and transformed benchmarks to quan-
tify robustness effects (RQ1), analyze how perfor-
mance degradation correlates with memorization indi-
cators such as negative log-likelihood (RQ2), and ex-
amine which transformation types most strongly expose
memorization effects (RQ3). All code and experimen-
tal artifacts are available at https://zenodo.org/
records/15837296.

Datasets. We use the Defects4] [8] and GitBug-
Java [[17] datasets. Defects4] contains 854 real-world
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bugs collected from mature Java projects spanning mul-
tiple years, with most bugs written in Java 1.6 to Java
1.8. GitBug-Java, by contrast, is a more recent bench-
mark containing 199 bugs collected between January
2023 and October 2023. It was explicitly designed to
reduce the risk of data leakage by targeting newer de-
fects that are less likely to appear in LLM pretraining
corpora. Note that we excluded 44 bugs from GitBug-
Java, as they do not involve single-function defects. For
consistency across both benchmarks, our study focuses
exclusively on function-level bugs, where the fix is ap-
plied to a single method.

Transformations. We developed CodeCocoon to
support metamorphic transformations of code models.
The framework applies a range of transformations to
Java code snippets, including structural changes and
identifier renaming, while ensuring the transformed
code remains natural and human-readable. Although
several alternative tools exist, CodeCocoon is, to the
best of our knowledge, the only tool that systemati-
cally applies natural transformations and has been ex-
tensively validated to preserve program behavior. While
our study focuses on APR, CodeCocoon is broadly ap-
plicable to other code-related tasks. We implement
a set of structural and renaming transformations, de-
liberately excluding unnatural ones, as they may in-
troduce unrealistic inputs that reduce the validity of
model evaluations [55} 154]. Our transformations are
selected from the set proposed in [55], where natural-
ness was assessed via human evaluation. We chose
only those transformations rated highly for naturalness
and applicable to typical Java code, ensuring realism
without sacrificing diversity. Table |1 lists the selected
transformations. For variable and parameter renaming,
we use ChatGPT-4o-mini! to generate context-aware
synonyms and acronyms, following best practices sug-
gested in prior work [[19].

Models. We evaluate seven state-of-the-art models
for automated code repair. This includes three closed-
source models: ChatGPT-40!, ChatGPT-40-mini', and
Claude-3.7-Sonnet>. In addition, we consider four
open-source models: Llama 3.1 8B [21]], StarCoder2
7B [24], Gemma 2 27B [22]], and Mistral 7B v0.3 [23]].
Because our evaluation relies on instruction-following
capabilities, we use instruction-tuned variants of the
open-source models from Hugging Faceﬂ and run them
locally using vVLLM [359]. We exclude CodeGen 6B [60]
due to the absence of an instruction-tuned version on
Hugging Face and lack of support in vLLM. We also
omit Llama 70B [21]] due to computational resource
constraints.

APR settings. In our experiments, we apply
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APR by prompting the model under test similar to the
SRepair method proposed by Xiang et al. [S]. We
use Chain-of-Thought [61] techniques to prompt our
APR model to analyze the root cause of the bug, sug-
gest solutions, and implement these solutions. In our
prompt, we provide the buggy function, Javadoc, a ran-
dom trigger test case, and the stack trace of this trigger
test. We extract the patches from the response and re-
place the buggy function with the generated patches in
the project before executing the tests. The key differ-
ence from SRepair [3] is that we let the LLM reason
about the root cause and implement the solution simul-
taneously, reducing inference time and cost. This setup
is sufficient to demonstrate robustness and data leak-
age issues in LLMs. Finally, we assume function-level
fault localization, meaning the model is given the entire
buggy function but not the exact faulty line. This con-
trasts with prior studies [56} 155]], which assume perfect
line-level fault localization. Function-level localization
offers a more realistic and practical setting: in practice,
identifying the faulty function requires significantly less
manual effort or tooling precision than pinpointing the
exact faulty line. Despite being coarser, this still pro-
vides enough context for LLMs to reason about and fix
bugs, while better reflecting real-world usage scenarios.

Evaluating Robustness to Code Transforma-
tions. To answer RQ1, we measure how robust LLMs
are to semantics-preserving code transformations by
comparing their success rates on original versus trans-
formed buggy functions. We prompted each model 10
times per original bug and 10 times per transformed
bug, following the recommendations [62], with each
sample run in a separate and independent chat ses-
sion [10]. Closed-source models were asked to generate
5 patches per prompt; open-source models generated 1
patch per prompt due to context and output limitations.
We consider a prompt successful if at least one of the
suggested patches passes all tests. This reflects a realis-
tic scenario where unique solutions are generated, even
if only one solution exists. We define the performance
of the model on a given bug in terms of the Success Rate
(SR):

__ #prompts that produce > 1 correct patch

SR
#prompts

(€5

This is the percentage of prompts that result in at
least one plausible patch. This suggests that a prompt
is considered successful if at least one of the proposed
fixes satisfies all the tests. We can consider this to be a
measure that is meaningful in practical situations. So,
taking a large number of samples and considering the
bug to be solved when at least one patch is correct, like
in 5], may be acceptable to measure research progress,
but it is not feasible in real-world scenarios. We define
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Table 1: The metamorphic transformations we apply in this study.

Transformation

Explanation

Example

Rename Function (RFun)
Rename Parameter (RPar)

Rename Variable (RVar)

Replace the name of a function
with a context synonym.
Replace the name of a parame-
ter with a context synonym.
Replace the name of a local
variable with a context syn-

onym.

For to While (F2W) Replace for loop with while
loop

Reverse If (RevIf) Negate condition and swap if
and else blocks

Nest Else If (NestEI) Replace else-if with nested if

inside else
Swap Equals operands (SEO)
pression

Swap Relational operands (SRO) Swap operands of relational op-

erator
Expand Unary increment (EUI)
ment

Swap operands of equals ex-

Expand unary increment/decre-

int add(int a, int b)
int b)

void remove (int element) —
remove (int value)

int total; — int result;

— int sum(int a,

void

for (int i = 0; 1 < n; i++) —int 1 = 0;
while (i < n) { i++; }

if(a){doa();} else {doB();} —
if(la){doB();} else {doA();}

if(a){} else if(b){doB();}—if(a){} else
{ if(b){doB();}}

a ==b—b ==

a>b—=Db < a

itt =i o+= 1

the success rates on the original and transformed func-
tions as SR,i; and SR;uns. We define the difference in
the success rate as SRy;rr = SRyrans — SRorig.

To assess statistical significance between paired re-
sults, we use the Wilcoxon signed-rank test. Effect
sizes are reported using the Vargha—Delaney A statis-
tic [63], which estimates the probability that a randomly
selected transformed result outperforms an original one.
A value of A, = 0.5 indicates no difference; values
above 0.5 suggest the transformed version tends to per-
form better, while values below 0.5 favor the original
version. Following standard guidelines [63], Alz val-
ues are interpreted as negligible (0.44 < Alz < 0.56),
small (0.36—0.44 or 0.56—0.64), medium (0.29—-0.36
or 0.64—0.71), or large (A;» < 0.29 or A5 > 0.71).
Results are considered statistically significant for p-
values<0.05.

All metrics are based on test-adequate patches, i.e.,
patches that compile and pass all test cases. While test
adequacy is not a guarantee of semantic correctness,
manual validation is infeasible at the scale of our study,
which includes over 1,000 original and 1,000 trans-
formed bugs evaluated across seven models with mul-
tiple repetitions. Test outcomes nevertheless provide a
practical and consistent basis for comparing robustness
under metamorphic transformations.

Correlation analysis. To answer RQ2, we investi-
gate whether the performance drop under metamorphic
transformation is related to model familiarity, as esti-
mated by the negative log-likelihood (NLL) reported by
Ramos et al. [11]]. These NLL values capture the aver-
age uncertainty of each model on the original Java file

containing the bug and serve as a proxy for potential
data leakage. Since Ramos et al. only evaluated a subset
of Defects4J, we extend their analysis to the full bench-
mark using their replication package. It is worth noting
that we focus on NLL in this analysis, as Ramos et al.
found it more sensitive to memorization than 5-gram
accuracy, making it a stronger proxy for data leakage.
Because NLL values differ in scale across mod-
els, we normalize them using percentile ranks within
each model, allowing meaningful comparisons of rel-
ative familiarity. We then assess the relationship be-
tween the normalized NLL values and the observed per-
formance drop (SRy;yr) using the Spearman rank corre-
lation coefficient, a non-parametric measure that is ap-
propriate given that, as previously determined via the
Shapiro—Wilk test, our data do not follow a normal dis-
tribution. All correlations are computed using the stan-
dard Python implementation of the Spearman test.
Analysis of transformation impact. To address
RQ3, we analyze which transformation types and com-
binations most strongly contribute to success rate dif-
ferences (SRy;ry), serving as indicators of code patterns
that are more likely to be memorized by LLMs. To
this aim, we employ a permutation tesﬂ This test de-
termines whether the variance in the dependent vari-
able (SRgy;) can be attributed to the independent vari-
ables, which encode the frequency of each transforma-
tion type (e.g., the number of times variable names were
changed). The permutation test is a non-parametric al-
ternative to two-way Analysis of Variance (ANOVA),

4We use the 1mPerm package from the CRAN repositoryl
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Table 2: Success rate statistics (mean £ ¢) for bug repairs using original versus semantically transformed code snippets
on Defects4] and GitBug-Java. Analysis limited to solvable bugs (original SR > 0%). Statistical significance assessed
via Wilcoxon signed-rank test and Vargha-Delaney (Aj;) statistics.

Dataset Model Solvable Bugs Original SR Transformed SR Difference Statistical Tests
Mean o Mean o Mean Worst Case p-value A 12

Claude-3.7 409 77.31% 31.87% 72.42% 36.06% -4.89% -100.00% <0.001 0.414 (Small)
GPT-40 349 65.93% 34.09% 61.92% 36.74% -4.01% -80.00% <0.001 0.404 (Small)
GPT-40-mini 279 57.17% 35.10% 51.36% 37.77% -5.81% -70.00% <0.001 0.351 (Medium)

Defects4] Gemma-2-27B 201 4438% 31.36% 36.07% 33.87% -8.31% -80.00% <0.001 0.313 (Medium)
Llama-3.1 179 35.08% 26.10% 19.11% 20.12% -15.98% -60.00% <0.001 0.109 (Large)
Ministral-7B 110 25.64% 22.20% 18.73% 23.97% -6.91% -50.00% <0.001 0.282 (Large)
StarCoder2 36 13.89% 6.45% 6.11% 9.03% -7.78% -30.00% <0.001 0.208 (Large)
Claude-3.7 37 68.11% 33.82% 68.38% 39.05% 0.27% -30.00%  0.819 0.473 (Negligible)

GitBug-Java GPT-40 17 50.59% 37.50% 52.35% 41.76% 1.76% -40.00%  0.667 0.471 (Negligible)
GPT-40-mini 15 55.33% 35.23% 46.67% 34.57% -8.67% -70.00%  0.074 0.333 (Medium)

and does not rely on assumptions about data distribu-
tion. To justify its use, we conducted a Shapiro—Wilk
test for normality, which yielded statistically significant
p-values<0.01, indicating that the data deviate from
a normal distribution. This violation of the normal-
ity assumption further supports our choice of a non-
parametric test. We set the number of iterations for
the test to 1,000,000 to ensure both stability and repro-
ducibility.

A statistically significant result (p-value<0.05)
suggests that one or more transformations, or their inter-
actions, have a significant effect on the LLM’s success
rate in generating test-adequate patches. To comple-
ment the significance test, we report effect sizes using
the Vargha—Delaney Alz statistic [[63l], which quantifies
both the magnitude and direction of the observed effect.
We restrict our analysis to interaction terms involving at
most three transformation types at a time. This decision
is driven by practical concerns. First, higher-order inter-
actions reduce interpretability. Second, the number of
transformation combinations grows exponentially, in-
creasing model complexity and the risk of multiple test-
ing errors. Third, estimating higher-order effects re-
quires substantially more data. Combinations involv-
ing more than three transformations frequently lead to
sparse or empty design cells, which compromises sta-
tistical validity and could lead to overfitting.

4. Results

4.1. RQ1:
Changes

LLM-based APR Performance

Results for Defectsd]. Table [2] reports the mean
and standard deviation of success rates for state-of-
the-art APR models on both the original and trans-

formed versions of the bugs in Defects4] and GitBug-
Java datasets, averaged over 10 independent runs or
prompts. For this analysis, we focus exclusively on
bugs that the model was able to solve in the original ver-
sion (i.e., success rate >0%), which we refer to as solv-
able bugs. This filtering allows us to isolate the impact
of semantic transformations on cases where the model
has demonstrated bug-fixing capability, allowing us to
assess whether such transformations impair or improve
performance.

As shown in Table [2| all seven models exhibit a
statistically significant drop in the success rate when
evaluated on the transformed version of Defects4] (all
p-values are smaller than 0.001). The largest average
drop is observed for Llama-3.1 (-15.98%), with a large
effect size based on the Vargha-Delaney A, statistic.
Even the smallest observed drop for GPT-40 (—4.01%)
is statistically significant and accompanied by a small
effect size. A closer examination of individual bug per-
formance reveals notable worst-case scenarios in which
LLMs fail entirely on transformed versions of bugs they
previously solved. For example, Claude-3.7 was able
to generate a correct patch for Jsoup-15 in all 10
runs on the original version, but failed in every run af-
ter transformation. GPT-40 exhibited a similar pattern
on Math-32, with performance dropping from 80%
to 0%, as did Gemma-2-27B on Lang-52. Llama-
3.1 and Ministral-7B also showed complete failure on
Cli-11 and JacksonDatabind-93, respectively,
despite partial success in the original setting. Star-
Coder2, although generally less effective, also failed to
repair Codec—17 after transformation (30% to 0%).
GPT-40-mini showed a less extreme but still substan-
tial drop on Compress-26, decreasing from 100% to
30%. These results confirm a key robustness vulnera-
bility: even semantically preserving (and natural) code
transformations can significantly impair model perfor-
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Figure 2: Distribution of success rate differences
(SRyjrf) for each model after metamorphic transforma-

tions, grouped by bug difficulty levels on the Defects4]J
benchmark.

mance on previously solvable bugs.

To further analyze the results on Defects4J, we ex-
amine how performance differences vary with bug diffi-
culty. We categorize bugs into three levels based on the
model’s original success rate: Hard (0-30%), Medium
(30-70%), and Easy (70-100%), which reflect the em-
pirical difficulty encountered by each model. Hard bugs
are rarely solved even in the original form, indicating
fundamental challenges; medium bugs are solved in-
consistently; and easy bugs are reliably repaired, sug-
gesting they fall well within the model’s capabilities.
Metamorphic transformations thus affect bugs differ-
ently depending on their empirical difficulty.

Figure 2] depicts the change in success rates for
each model across the three difficulty levels. Negative
values (below the zero line) indicate a performance drop
after transformation, while positive values (above the
line) indicate an improvement. Across all models, we
observe a consistent drop in performance for each dif-
ficulty level, with the most pronounced declines occur-
ring on easy bugs.

For hard bugs, where models already struggle to
produce correct patches, the median performance re-
mains close to zero both before and after transforma-
tion. In these cases, metamorphic transformations have
limited additional impact, unsurprisingly, as the model
fails even without transformation. Nonetheless, we ob-
serve a few positive outliers, suggesting that in rare in-
stances, transformations may make certain hard bugs
more tractable, potentially by simplifying the syntax
or nudging the model toward a more effective solution.
This observation opens an interesting avenue for future
work: systematically identifying metamorphic trans-
formations that can assist LLMs in overcoming failure
cases, rather than merely serving as robustness checks.

For medium bugs, all models exhibit a clear me-
dian drop of approximately —10%, indicating that trans-
formations disrupt model behavior in cases where suc-
cess is already inconsistent. For easy bugs, the effect
is most severe: all models show a decline in median,

Model
B GPTdomini  EEN GPTdo BN Claude3.7

40.0%

Success Rate Difference
(Transformed - Original)
: sz &%

-60.0%

Hard Medium
Bug Difficulty (Based on Original Success Rate)

Figure 3: Distribution of success rate differences
(SRyjrr) for each model after metamorphic transforma-
tions, grouped by bug difficulty levels on the GitBug-
Java benchmark.

25th, and 75th percentile performance, with Llama-
3.1 and Mistral-7B showing median drops exceeding
—20%. These results indicate that even for seemingly
trivial repair tasks, metamorphic transformations can
substantially hinder model performance —especially
for weaker models— highlighting the fragility of LLM-
based APR.

Results for GitBug-Java. We focus on Claude-
3.7-Sonnet, GPT-40, and GPT-40-mini. These models
have (pre)training cutoffs in October 2023E| (GPT-40
and GPT-40-mini) and approximately November 2023E|
(Claude-3.7), which closely match the commit win-
dow of GitBug-Java that spans from January to October
2023 [17]. This temporal alignment enables the investi-
gation of potential memorization effects, as any leakage
would likely stem from pretraining exposure.

The results for this benchmark are shown in
Table 2l Unlike Defects4J, we do not observe con-
sistent performance degradation across models. For
Claude-3.7-Sonnet and GPT-40, success rates on trans-
formed bugs are slightly higher than on the original
versions, with negligible effect sizes and no statistical
significance (p = 0.819 and p = 0.667, respectively).
GPT-40-mini shows a small performance drop of
8.67%, which is marginally significant (p = 0.074)
with a medium effect size (A 12 = 0.333). Despite
the absence of broad performance drops, all three
models experience notable worst-case degradations.
For example, GPT-40-mini drops from 100% to 30% on
nikoo28-java-solutions-8d81307eal6b,
GPT-40 drops from 90% to 50% on

traccar—-traccar-6£59f756a7d3, and
Claude-3.7 drops from 100% to 70% on
traccar—traccar—-5c26£25b3b0a. These

cases show that even when average performance
remains stable, certain transformed bugs become

dhttps://learn.microsoft.com/en—us/azure/
ai-foundry/openai/concepts/models

®https://docs.anthropic.com/en/docs/
about-claude/models/overview
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substantially more difficult for models that previously
succeeded.

We note that GitBug-Java is a more challenging
benchmark overall. Most bugs in the dataset cannot
be fixed by any model in our study, and the num-
ber of solvable bugs (i.e., those with a non-zero suc-
cess rate) is substantially smaller than in Defects4]J. As
shown in Figure 3| this limits the statistical power of
per-difficulty analysis and may partially explain the ab-
sence of clear trends. Nonetheless, the observed vari-
ation and worst-case drops suggest that metamorphic
transformations can still affect performance, although
less uniformly than in older benchmarks such as De-
fects4].

Answer to RQ1: State-of-the-art LLMs per-
form significantly worse on the metamorphi-
cally transformed Defects4] benchmark. They
do not suffer as much on the GitBug-Java
Benchmark. Certain bugs reveal model vulnera-
bilities to metamorphic transformations.

4.2. RQ2: Performance drop and data leakage

FigureE]shows the mean success rate drop (SRy;rr)
across NLL-based confidence categories. Bugs are
grouped into five bins according to their NLL per-
centile, where category 0 includes the most familiar
(lowest NLL) and category 4 the least familiar (highest
NLL) instances. Notice that for this analysis, we focus
on the four open-source models: Gemma, Llama, Mis-
tral, and StarCoder. NLL values are not available for
proprietary models because computing NLL requires
access to token-level probabilities from the model’s for-
ward pass, which in turn requires access to the model’s
internal weights and tokenizer. Since this is restricted
for closed-source models like GPT-4 or Claude-3.7, cor-
relation analysis involving NLL is not feasible for these
models.

From Figure [4] we see a clear trend: for all mod-
els, the average performance drop is highest in the low-
est NLL bin. This suggests that metamorphic trans-
formations disproportionately impact bugs the model is
more familiar with, as shown by low NLL values. The
consistent link between performance degradation and
NLL offers further evidence that combining metamor-
phic transformations with model familiarity signals is
effective for revealing data leakage. Interestingly, we
also observe that performance drop increases again in
the highest NLL bins for Gemma-2, Mistral-7B, and
StarCoder2, forming an inverted U-shape. This sug-
gests a second source of vulnerability: for unfamiliar

Mean Success Drop by NLL Category Across Models
" jé:v

Gemma

Llama
—o— Mistral
-0.8 —e— StarCoder

Mean Success Rate Drop (SRgif)

0.0 0.5 1.0 15 2.0 25 3.0 3.5 4.0
NLL Category (0=Highest Confidence, 4=Lowest Confidence)

Figure 4: Mean performance drop (SRy;rf) across NLL
confidence categories. Bugs are grouped into five cate-
gories based on their NLL percentile ranks (from low-
est to highest NLL). Lower categories indicate higher
model confidence (and likely familiarity), while higher
categories indicate lower confidence.

code, the models are highly uncertain and sensitive to
perturbations, leading to prediction instability. Meta-
morphic testing serves two complementary purposes:
(1) diagnose data leakage (together with low NLL) by
disrupting memorized inputs, and (2) reveal brittleness
in model predictions under uncertainty.

To statistically assess the relationship between
model familiarity and robustness, we compute the
Spearman rank correlation between NLL and SR; ¢ for
the lower half of the NLL distribution. For Gemma-2,
we observe a correlation of #=0.303 (p-value=0.0011),
indicating a medium effect size. Llama-3.1 and Mistral-
7B also show positive correlations of r = 0.165 (p-
value=0.0472) and r=0.218 (p-value= 0.0491), respec-
tively, both with small effect sizes. StarCoder2 shows
a stronger correlation of r=0.401 (p-value=0.0798),
which falls just outside the conventional significance
threshold due to limited data, but still indicates a
medium effect size. These findings confirm that perfor-
mance degradation is associated with model familiarity,
reinforcing metamorphic transformations as a diagnos-
tic and decontamination LLM-based APR.

Further inspection of Gemma-2, the model with
the strongest correlation between NLL and performance
drop, reveals that many low-NLL bugs originate from
the Lang and Math projects. As shown in Figure [3]
these projects exhibit both low median NLL and large
success rate drops. Similar patterns are observed for
Codec. These trends suggest that Gemma-2 is famil-
iar with these codebases and that its APR performance
may be inflated by data leakage. Furthermore, Figure [5]
shows that projects from Defects4] version 1.2 tend to
have lower NLL and higher performance drops, rein-
forcing the idea that the benchmark age and prior expo-
sure during pretraining contribute to memorization ef-
fects.
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ses.

Answer to RQ2: We find a significant correla-
tion between model familiarity (low NLL) and
success rate drops under metamorphic transfor-
mations for all models (only marginal for Star-
Coder2 due to limited data). Metamorphic trans-
formations and model familiarity signals offer
complementary evidence of data leakage.

4.3. RQ3: Transformations indicative of mem-
orization

Table 3] summarizes statistically significant associ-
ations between individual or combined transformations
and success rate differences, identified using a two-way
permutation test (p-value<0.05). Effect sizes are re-
ported using the Vargha—Delaney A, statistic, where
A1» < 0.5 indicates that the transformation(s) are asso-
ciated with lower repair success. A negative SRy;yy in-
dicates that models repair fewer bugs with transformed
code than vs. the original version.

Across models, the transformation most consis-
tently associated with performance degradation is Nes-
tElself, which is significant for both Claude-3.7 and
GPT-40, both in isolation and in combination with
other transformations. This transformation replaces an
else—if chain with nested if statements (see Ta-
ble [T), increasing structural complexity while preserv-
ing semantics. Such sensitivity suggests that models
may rely on familiar syntactic patterns.

For Claude-3.7, NestElself exhibits stronger ef-
fects when combined with other transformations, in-
cluding ExpandUnarylncrement, ForToWhile, Rename-
Function, and RenameParameters. This pattern indi-
cates increased difficulty when structural changes are
compounded with lexical variation, consistent with re-

liance on memorized code forms.

GPT-40 and GPT-40-mini show fewer significant
associations overall. For GPT-40, NestElself alone
yields a small but significant effect, while both mod-
els exhibit performance drops when parameter renam-
ing is combined with other transformations such as Ex-
pandUnarylncrement or NestElself. This suggests that
renaming acts as an amplifying factor when paired with
structural perturbations.

Renaming transformations (RenameVariables and
RenameParameters) generally have a significant ad-
verse effect only when combined with structural
changes, indicating that renaming alone rarely im-
pairs performance but can exacerbate degradation when
paired with other transformations. Gemma-2-27B is a
notable exception: it is negatively affected by renam-
ing in isolation and also shows medium-sized effects
for SwapEqualsOperands, with effects becoming large
when equality and relational operand swaps are com-
bined. This behavior indicates a stronger reliance on
surface-level variable names and expression structure,
making the model particularly sensitive to deviations
from familiar code patterns.

Mistral-7B also exhibits a significant drop in per-
formance when the ForToWhile transformation is ap-
plied, indicating that it performs better when loops are
expressed using for rather than while. The model
also shows a performance drop when RenameParame-
ters is combined with SwapRelationOperands.

Finally, no specific transformation is identified
as disproportionately harmful for Llama-3.1 or Star-
Coder2. Llama-3.1 exhibits broadly degraded perfor-
mance across nearly all transformations, limiting the
ability of the permutation test to isolate individual ef-
fects. In contrast, StarCoder2 repairs very few bugs
overall (36 in total). This low number of bug fixes re-
sults in very few data points for each transformation,
limiting the statistical power of the permutation test. In
other words, the sample size was too small to detect sig-
nificant interactions between transformations and per-
formance drops reliably.

Answer to RQ3: Certain metamorphic transfor-
mations are consistently associated with larger
performance drops, indicating models sensitiv-
ity to these code patterns. NestElself is the most
indicative transformation across models, par-
ticularly for Claude-3.7 and GPT-40. Renam-
ing lead to performance degradation when com-
bined with structural changes, while Gemma-2-
27B is uniquely sensitive to renaming in isola-
tion.




Table 3: Statistical interactions between individual or
combined transformations and the drop in success rate
based on the two-way permutation test (p-value<0.05).
The effect size of A, <0.5 indicate a harmful impact on
the APR success rate.

Model Transformations p-value A 12
NestElself <0.01 0.41 (small))
ExpandUnaryIncrement + NestElself <0.01 0.41 (small)

Claude-3.7 ForToWhile + NestElself <0.01 0.41 (small)

aude->. NestElself + RenameFunc. <0.01 0.41 (small)
NestElself + RenameParam. <0.01 0.41 (small)
NestElself + SwapRelationOper. <0.01 0.37 (small)

GPT-40 NestElself <0.01 0.44 (small)
NestElself + RenameParameters <0.01 0.44 (small)

GPT-40-mini ExpandUnaryIncrement+RenameParameters <0.02 0.42 (small)
RenameVariables 0.03 0.31 (medium)
SwapEqualsOperands 0.01 0.32 (medium)

Gemma-2-27B  ExpandUnaryIncrement + Reverself 0.03 0.32 (medium)
SwapEqualsOperands + SwapRelationOperands 0.04 0.23 (large)
RenameParameters + Rename Variables 0.04 0.31 (medium)
Reverself + SwapEqualsOperands 0.04 0.32 (medium)

Mistral-7B ForToWhile 0.04 0.39 (small)
RenameParameters + SwapRelationOperands 0.02 0.41 (small)

5. Discussion and Implication

Scope and Positioning. This work is not a pro-
posal for a new automated program repair technique,
nor a replacement for benchmark curation or post-
cutoff dataset construction. Instead, it addresses a com-
plementary evaluation problem: assessing whether re-
ported APR performance reflects genuine reasoning or
is inflated by memorization. We position metamorphic
testing as a lightweight, model-agnostic diagnostic that
can be applied selectively to stress-test evaluation re-
sults. Our goal is not to eliminate data leakage at train-
ing time, but to reduce the inflation of reported perfor-
mance and improve the interpretability and robustness
of empirical APR evaluations in the LLM era. Through-
out this paper, we use the term mitigation strictly in
this evaluation sense, rather than to denote preventing or
eliminating data leakage during model training. While
prior work has independently studied robustness under
MT and benchmark memorization via model-internal
metrics, our study provides empirical evidence linking
these two perspectives through observable repair behav-
ior in LLM-based program repair.

Understanding the Fragility of LLM-Based
APR. Our results show that even state-of-the-art LLM-
based automated program repair (APR) systems are
sensitive to natural, semantics-preserving code trans-
formations. On Defects4], all evaluated models ex-
hibit statistically significant performance degradation,
including on bugs that were previously easy to fix.
Thus, strong benchmark performance does not neces-
sarily imply robust reasoning, but may partially rely on
familiarity with recurring syntactic patterns. In contrast,
performance on the more recent GitBug-Java bench-
mark remains largely stable on average, though notable
worst-case degradations persist. These findings high-

light that average-case metrics can mask brittleness at
the instance level, and that robustness failures may still
arise even on leakage-aware benchmarks.

Metamorphic Testing as a Diagnostic Tool. Per-
formance drops under MT are especially pronounced
for instances that models seem most familiar with, as
reflected by low NLL values. Although NLL by itself is
not proof of data leakage, the consistent link between
low NLL and greater performance degradation gives
further evidence that memorization may inflate reported
APR performance. Importantly, we position metamor-
phic testing not as a definitive leakage detector, but as
a model-agnostic diagnostic probe. Unlike metrics that
rely on access to model internals, metamorphic testing
exposes code-pattern sensitivity through observable be-
havior. This makes it applicable to both open-source
and proprietary models and suitable for practical evalu-
ation settings.

What Transformations Reveal About Memo-
rization. Our RQ3 analysis shows that certain trans-
formations are more indicative of memorization ef-
fects than others. Structural rewrites such as NestEl-
self consistently expose performance drops across mul-
tiple models, particularly when combined with lexical
variation. Renaming transformations alone rarely im-
pair performance, but amplify degradation when paired
with structural changes. Gemma-2-27B stands out as
uniquely sensitive to renaming in isolation, suggesting
a stronger reliance on surface-level identifiers and ex-
pression structure. These patterns reinforce the view
that LLMs may rely on familiar syntactic forms rather
than abstract program semantics.

Dataset Age and Evaluation Validity. Differ-
ences between Defects4] and GitBug-Java highlight
the importance of dataset design. Older benchmarks,
such as Defects4J, are more likely to overlap with pre-
training data and exhibit stronger memorization signals,
whereas newer benchmarks reduce but do not eliminate
these effects. Our results suggest that even leakage-
aware datasets can benefit from robustness-oriented
evaluation, as memorization traces may still emerge at
the instance level.

Looking Beyond Averages. Although mean suc-
cess rates on GitBug-Java show limited change under
transformation, individual bugs can become substan-
tially harder or unsolvable. This underscores the lim-
itations of relying solely on aggregate metrics and mo-
tivates the use of robustness analyses to complement
standard APR evaluations.

Implications for Future Evaluations. We do not
argue that MT replaces benchmark curation or post-
cutoff dataset construction. Rather, it offers a comple-
mentary, low-overhead mechanism to assess whether



reported performance is robust to natural variation.
Transformations can be applied selectively (for exam-
ple, to likely memorized instances), making the ap-
proach practical without imposing prohibitive evalua-
tion costs. Reporting results on both original and trans-
formed benchmarks can therefore help reduce the risk
of performance inflation and improve the interpretabil-
ity of APR evaluations. Our results further suggest
that metamorphic testing need not be applied exhaus-
tively: focusing on a small subset of instances with
strong memorization signals (e.g., the lowest 20-25%
by NLL) already exposes substantial performance infla-
tion, keeping evaluation overhead modest.
Comparison with Prior Work. Our findings con-
firm prior evidence that code models are fragile un-
der metamorphic transformations [15} 143} |54], and ex-
tend these observations to state-of-the-art LLM-based
APR systems. Unlike earlier studies that focused pri-
marily on robustness, we explicitly link transformation
sensitivity to memorization signals, corroborating and
extending recent leakage analyses [[11l]. In doing so,
we provide large-scale empirical evidence, previously
missing in the literature, that metamorphic transforma-
tions, when considered alongside model familiarity sig-
nal, can serve as a practical, model-agnostic diagnostic
for memorization effects in LLM-based program repair.

6. Threats to Validity

Threats to internal validity. First, the
Codecocoon implementation may generate in-
correct or unnatural variants. We mitigate this risk
through extensive unit testing and manual inspection.
Second, bugs in the experimental pipeline could affect
results; however, such issues would impact original
and transformed variants equally (except in the trans-
formation stage), which we manually validated. Third,
updating function names in tests and stack traces relies
on regular expressions that may miss some references.
We manually verified that unmatched occurrences did
not refer to the target function (e.g., substrings in vari-
able/test names). Metamorphic transformations may
still produce code that appears less natural, potentially
disadvantaging APR models trained on human-written
code and contributing to observed performance drops.
To mitigate this, we restrict our study to natural
transformations [54} [55[] and use an LLM to generate
semantically appropriate identifier synonyms. While
NLL is correlated with code naturalness [11], it is
computed on the original code and is unaffected by
metamorphic transformations, limiting its impact as a
confounding factor.

Threats to external validity. Since the dataset

provided by Ramos et al. [11] covers only a subset
of Defects4] (Closure, Lang, Chart, Math, and
Mockito), their benchmark may not fully represent
all subject in Defects4J. We reproduced their method in
the remaining projects to collect more samples. While
the APR community is increasingly exploring newer
benchmarks, Defects4] remains the most widely used
evaluation dataset in recent APR research [64]]. Under-
standing evaluation bias in such dominant benchmarks
is therefore critical, as conclusions drawn from them
continue to shape research directions. Our results are
limited to APR. While we expect metamorphic trans-
formations to have the same impact on other tasks (e.g.,
code or test generation) this generalization remains to
be confirmed.

Threats to construct validity. We have used the
frequency of patches that pass all tests as the perfor-
mance metric to evaluate APR performance. How-
ever, a patch may pass the suite but fail to fully fix
the bug [52]] (test overfitting). Other studies use exact-
match metrics [3, 165, [35]] or manual correctness check-
ing [5, 6. We chose test-suite pass rate since exact-
match metrics penalize bugs with multiple valid solu-
tions [3]], and manual check is infeasible. Although im-
perfect, this metric is applied equally to original and
transformed groups, making it unlikely that overfitting
biases one group more. We applied each transformation
wherever possible in code. So, a transformation might
have been applied multiple times in a larger code snip-
pet. Hence, we compute not only the correlation be-
tween performance drop and transformations, but also
between performance drop and bug size/complexity.
For example, if a variable name transformation applies
once to bug A but three times to bug B, this reflects that
bug B has more local variables. Thus, our tests may
reflect the impact of "transformable’ features.

7. Conclusion and Future Work

We explored metamorphic transformations as an
evaluation-time diagnostic strategy for understanding
the impact of data leakage. To this end, we applied
semantic-preserving transformations to the Defects4J]
and GitBug-Java benchmarks and demonstrated that
state-of-the-art LLMSs exhibit noticeable performance
degradation (w.r.t. their ability to generate bug fixes)
on transformed bugs, particularly on Defects4].

We found that metamorphic transformations intro-
ducing nested conditionals and those involving identi-
fier renaming were the most harmful overall. Identi-
fier renaming, in particular, significantly degraded the
APR performance for Claude-3.7, likely because identi-
fier names act as cues for memorized solutions. We also



observed statistically significant (small and medium)
correlations between performance drop and negative
log-likelihood for Gemma-2, Llama-3.1, and Mistral-
7B, supporting the link between model familiarity and
degradation in robustness under transformation. To-
gether, metamorphic transformations and model famil-
iarity (low NLL values) provide complementary evi-
dence of data leakage.

In future work, we aim to explore adversarial
MT, where transformation combinations are selected
to maximally reduce model performance on individual
bugs. We also intend to expand our analysis to other
code intelligence tasks, such as test case generation, bug
localization, and code summarization, as well as to ad-
ditional benchmarks and programming languages, in-
cluding Python, C++, Kotlin, and JavaScript.
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