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Regression testing is an essential part of software development, but it suffers from the presence of flaky
tests — tests that pass and fail non-deterministically when run on the same code. These unpredictable failures
waste developers’ time and often hide real bugs. Prior work showed that fine-tuned large language models
(LLMs) can classify flaky tests into different categories with very high accuracy. However, we find that prior
approaches over-estimated the accuracy of the models due to incorrect experimental design and unrealistic
datasets — making the flaky test classification problem seem simpler than it is.

In this paper, we first show how prior flaky test classifiers over-estimate the prediction accuracy due
to 1) flawed experiment design and 2) mis-representation of the real distribution of flaky (and non-flaky)
tests in their datasets. After we fix the experimental design and construct a more realistic dataset (which we
name FlakeBench), the prior state-of-the-art model shows a steep drop in F1-score, from 81.82% down to
56.62%. Motivated by these observations, we develop a new training strategy to fine-tune a flaky test classifier,
FlakyLens, that improves the classification F1-score to 65.79% (9.17pp higher than the state-of-the-art). We
also compare FlakyLens against recent pre-trained LLMs, such as CodeLlama and DeepSeekCoder, on the
same classification task. Our results show that FlakyLens consistently outperforms these models, highlighting
that general-purpose LLMs still fall short on this specialized task.

Using our improved flaky test classifier, we identify the important tokens in the test code that influence the
models in making correct or incorrect predictions. By leveraging attribution scores computed per code token
in each test, we investigate the tokens that have higher impact on the flaky test classifier’s decision-making per
flaky test category. To assess the influence of these important tokens, we introduce adversarial perturbation
using these important tokens into the tests and observe whether the model’s predictions change. Our findings
show that, when introducing perturbations using the most important tokens, the classification accuracy can
change by as much as -18.37pp. These results highlight that these models still struggle to generalize beyond
their training data and rely on identifying category-specific tokens (instead of understanding their semantic
context), calling for further research into more robust training methodologies.
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1 Introduction

Regression testing is an integral part of the software development process but is plagued by the
presence of flaky tests. A flaky test is a test that can non-deterministically pass or fail when run
on the same version of code [34]. When a flaky test fails after a developer makes changes, the
developer cannot be sure if the failure is due to any fault introduced in the changes, or if it is a
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failure due to flakiness. A test can be flaky for many reasons, such as relying on asynchronous
waits, concurrency, test-order dependencies, and more [19, 34]. Flaky tests are wide-spread, in both
open-source software and in industry code [19, 22, 27, 34-36, 51].

A common approach to detect flaky tests is to simply rerun tests many times until observing both
pass and fail outcomes [1]. Prior research proposed many different ways of proactively detecting
flaky tests by rerunning tests in different ways such as by adding delays during execution [31, 41],
changing test order [29, 47, 49], adding stress to the environment using resource-intensive tasks [45],
and more [16-18, 44]. However, re-running tests remains a cost-intensive strategy, making it hard
to scale to large test suites.

Prior ML-based approaches. To reduce the cost of flaky test detection, prior work proposed
the use of machine learning (ML) to predict which tests are flaky without needing to re-run them.
Alshammari et al. trained traditional machine learning classifiers to predict flakiness using code and
runtime features from a large dataset of flaky tests [14], while Pinto et al. extracted common code
features from test code to use for predicting flaky tests [39]. Recent work investigated the usage of
large language models (LLMs) to similarly predict flaky tests based on just test code. Fatima et al.
proposed Flakify, a classifier for predicting whether a test is flaky by just parsing the test code,
which they created by fine-tuning the pre-trained CodeBERT model [4] using a large dataset of
flaky tests [20]. Akli et al. proposed FlakyCat, a classifier that can determine the flaky test category
for a given flaky test, e.g., that the test is flaky due to reliance on asynchronous waits, by leveraging
an LLM and few-shot learning [13]. Rahman et al. later improved upon both these prior models by
fine-tuning an LLM to predict whether a test is flaky and also predict the category of flakiness, but
with lower cost due to quantization [40]. All these prior approaches reported that LLM-based flaky
test classifiers are highly accurate.

Despite the success of these LLM-based classifiers at their respective tasks, it is unclear as to why
exactly these classifiers can have such high accuracy. These classifiers make their predictions solely
based off of parsing test code, so it is surprising that they can perform so well using such limited
information. Intuitively, after training, the classifiers must be picking up on specific patterns or
tokens within the test code to help them make their decisions as to whether the test is flaky, or to
determine the flaky test category. For example, flaky tests that belong to the asynchronous wait
(Async Wait) category (meaning their execution waits a fixed time for some other service to finish
running but does not synchronize with that other service) likely make calls to methods like wait()
or sleep() to set the waiting time. We hypothesize that such classifiers primarily rely on syntactic
clues (e.g., token frequency linked to specific categories) rather than achieving a deeper, more
robust understanding of flakiness.

1.1 Our Work

Improved flaky test classifier. We first re-evaluate the experiment designs of prior approaches
that perform LLM-based flaky test prediction. We find two key shortcomings. First, prior research
used a smaller dataset of flaky tests containing only flaky tests or a small number of non-flaky
tests [20]. However, such datasets are not representative of the real-world distribution of flaky tests,
where a majority of tests are typically non-flaky. Second, we find an experimental design flaw
in prior work that led to an over-estimation of the classifier’s F1-score. We informed the authors
about the data leakage, and they acknowledged our findings and updated their GitHub repository
accordingly [8].

To mitigate these problems, we propose a new dataset, FlakeBench, that contains 280 flaky and
8294 non-flaky tests from real-world projects for training flaky test classifiers. We also propose
a new flaky test classifier, FlakyLens, using a new training strategy to apply on a pre-trained
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LLM for training a flaky test classifier. This new strategy improves the performance of flaky-test
classification by leveraging our insights into the distribution and characteristics of the domain of
flaky tests, namely that there are very few flaky tests relative to non-flaky tests.

Our results show that FlakyLens outperforms existing flaky test classification approaches, in-

cluding the corrected version of Flakify and FlakyCat, achieving notable improvements in F1-score
(i.e., 9.17pp and 13.79pp, respectively).
Comparing against pre-trained LLMs. We also compare FlakyLens against the latest open-
source pre-trained LLMs by prompting them to classify flaky tests. Our goal is to not just evaluate
how well a pre-trained LLM is at performing zero-shot classification tasks, but also to see whether
pre-trained LLMs rely on similar important tokens as FlakyLens in making their decisions. We
similarly rely on attribution scores computed per token to extract these important tokens per test
from these pre-trained LLMs.

FlakyLens achieves significantly higher accuracy in flaky test prediction, correctly classifying
8468 out of 8574 tests, with the macro-average F1-score of 65.79%, whereas the best-performing
zero-shot LLM reaches only 14.86%. In other words, FlakyLens achieves a 50.93pp improvement
over the strongest pre-trained LLM baseline in terms of F1-score.

Understanding flaky test classifiers. While we find FlakyLens to be an improvement over
existing flaky test classifiers, we would like to better understand how it makes its decisions based
solely off of test code. We propose a means to extract the relevant tokens from test code that a
LLM-based classifier uses for predicting flakiness, as well as to measure the impact of those tokens
on the classifier’s performance. We identify the important tokens that the model uses, namely the
parsed test code tokens, using Integrated Gradients (IG) [43] to compute feature attribution scores.
Tokens with higher attribution scores are likely the ones that the model puts higher emphasis on
for its predictions. To further demonstrate the impact of these tokens with higher attribution scores,
we leverage code perturbations based on prior work [21] that can introduce these tokens into test
code while preserving semantics. If we find that FlakyLens can be “tricked” and mispredict tests
that have been perturbed using relevant tokens, then those tokens have impact on how FlakyLens
makes decisions.

Our results indicate that perturbation using important features can reduce the F1-score by up to
18.37pp. In contrast, altering the least important features results in a maximum impact of only
8.70pp. These results highlight how an LLM-based flaky test classifier like FlakyLens relies heavily
on syntactic features (important tokens) instead of understanding the semantics of code (e.g., the
context around such important tokens).

1.2 Contributions
Our paper makes the following contributions:

e FlakeBench Dataset: We develop FlakeBench, a curated dataset of flaky and non-flaky tests
that reflects real-world distributions, including the natural imbalance with more non-flaky tests,
enabling more realistic classifier evaluation.

o Identifying and Addressing Design Flaws: We uncover critical experimental design flaws in
existing flaky test classifiers, such as Flakify, which has been acknowledged by the authors of
this past work after we reported our findings to them. Building on these insights, we propose
FlakyLens, a strategy for fine-tuning CodeBERT to construct a more robust and accurate flaky
test classifier.

e Benchmarking Latest LLMs: We evaluate state-of-the-art open-source generative LLMs on the
flaky test classification task. We further investigate how these models make predictions using
token-level attribution scores, offering insights into their decision-making behavior.
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1 @Test

2 public void testAutomaticStartStop() throws Exception {
3 final TestRunnable task =new TestRunnable (500);

4 e.execute(task);

5 Thread thread = e. thread ;

6 assertThat ( thread , is(not(nullValue())));
7 assertThat ( thread .isAlive(), is(true));

8 Thread,-(1500);

9 assertThat (thread.isAlive(), is(false));

(a) Original: Async Wait flaky test

1 @Test

2 public void testAutomaticStartStop() throws Exception {
3 final TestRunnable task = new TestRunnable (500);

4 e.execute(task);

5 Thread thread = e. thread ;

6 assertThat ( thread , is(not(nullValue())));

7 assertThat ( thread .isAlive(), is(true));

8 Thread.-(1500);

9 assertThat(thread.isAlive(), is(false));

11 + while(false){
2+ long start [l = 1696118400000L;
5o+ long end|ffllll = 1696127400000L;

14+ - duration = Duration.between(start-, end-);

15 + Datetime date=currentDate;

(b) Predicted: Time flaky test (deadcode perturbation at Lines 11-16)

Fig. 1. Example of deadcode perturbation. Highlighted tokens indicate higher token importance, with deeper
green shades representing greater token importance.

o Interpretability and Robustness: We develop a technique to better understand how FlakyLens
makes its predictions by extracting important tokens from test code using attribution scores.
We demonstrate their significance by applying semantics-preserving code perturbations and
measuring their impact on classification accuracy.

2 Example

Figure 1a illustrates a simplified version of an asynchronous wait (Async Wait) flaky test from
project netty [3], which is known to be flaky from prior work [13]. The testAutomaticStartStop
is a unit test that verifies the automatic start and stop behavior of a task execution system. The test
creates a TestRunnable object with a 500-millisecond duration on Line 3. The test then submits
the object for execution on Line 4. Then, the test retrieves the thread used on Line 5 and asserts
that this thread is not null and is actively running, confirming that a thread is correctly created for
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the task. The test then pauses for 1500 milliseconds on Line 8 to allow the task to complete. Finally,
it verifies that the thread is no longer alive, confirming that the task has finished execution and the
thread has terminated as expected.

This test is inherently flaky due to its dependence on timing and thread scheduling. In one
execution, the task may finish within the expected time, causing the test to pass. In another
execution, the thread may not complete in time, leading to a test failure. This flakiness stems from
the use of threads and sleep-based waits. Intuitively, the presence of tokens such as Thread and
sleep are critical for predicting the flakiness category.

Our goal is to determine which are the important tokens that a flaky test classifier uses when
classifying the test. By analyzing token attribution scores, we find that our proposed flaky test
classifier, FlakyLens, successfully highlights the expected tokens as influential in its predictions.
When we analyze the tokens’ attribution scores [43] for the original code in Figure 1a, we see that
sleep (3.03), and thread (1.70) have the highest scores compared to other tokens.

To assess the impact of these important tokens, we apply semantics-preserving perturbation to
the test code in Figure 1b. For instance, we take important tokens from a different flaky category, e.g.,
flaky tests of the Time category often include important tokens like Time and Duration. We inject
these important tokens of the other category into the original test without changing its behavior
at Lines 11-16. Specifically, we inject deadcode that should never be executed, but this deadcode
contains these other important tokens. Our findings show that after applying this perturbation, we
find Time and Duration to now have the highest attribution scores (5.12 and 3.49, respectively),
followed by sleep, thread, also having mentionworthy scores (2.93, and 1.48, respectively). As a
result, this test is predicted to be of the Time category. This change in prediction demonstrates that
the identified important tokens play a meaningful role in the model’s decision-making process for
flaky test classification.

3 FlakeBench

We construct FlakeBench, a dataset designed to reflect the distribution of flaky and non-flaky tests
observed in real-world projects. We begin by collecting a dataset of previously labeled flaky test
categories, developed by AKli et al. in FlakyCat [13], where the categories are based on root causes
defined by prior studies [19, 34]: Async Wait, Concurrency, Time, Unordered Collections, Test Order
Dependency, Network, Randomness, and Resource Leak. We only consider flaky test categories
that have at least 30 tests, similar to prior work [40], eliminating the Network, Randomness, and
Resource Leak categories. However, this dataset does not contain non-flaky tests. As a result, this
dataset is not representative of the real-world distribution of flaky tests, where a majority of tests
are typically non-flaky.

3.1 Collecting Flaky and Non-Flaky Tests

To construct a more realistic dataset with representative non-flaky tests, we begin by taking all
projects associated with the known Java flaky tests evaluated by FlakyCat [13]. We keep only the
projects with at least 30 labeled flaky tests, resulting in an initial pool of 142 distinct projects. We
eliminate some projects due to issues such as missing owners or invalid commit hashes, and finally
retrieve and clone 97 of these projects. For each project, we check out the exact commit associated
with the flaky test and collect all test files located in standard test directories (e.g., src/test/java/).
Each test file represents a test class, which contains individual tests. We identify and extract the
tests as methods annotated using the standard JUnit or TestNG testing framework test annotations
(e.g., @Test, @ParameterizedTest, @eforeEach), identifying a total of 179,403 candidate tests.
Let 7.1 be the set of all extracted tests. To obtain our set of non-flaky tests, we start by removing
all known flaky tests. Then, for each other test, if they are in the same test class as a known flaky
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Fig. 2. t-SNE visualization of the data, where each point represents a test and colors indicate different
categories. Each test’s code embeddings are projected into a 2D space for visualizing clusters based on
similarities in features.

test, we also remove those tests. This filtering ensures that overlapping or previously identified flaky
contexts are excluded from the non-flaky pool. The remaining tests are considered as potentially
non-flaky, Tronflaky, and we run those tests 100 times for additional confirmation that they are not
flaky. For each selected test t € Tnonflaky S 7all, We extract and store metadata including: project
name, test class and test names, test method body with the method signature, and assigned label
category(t) = non-flaky. This process yields a high-quality pool of realistic non-flaky test cases
for training and evaluation purposes. Ultimately, FlakeBench contains a total of 8574 labeled tests,
of which 280 are flaky (spread across five flaky test categories) and 8294 are non-flaky.

3.2 Distribution of Flaky and Non-Flaky Test Categories

Table 1 (column ‘#Tests’) presents the breakdown of the number of tests per category in the dataset.
In general, we see that each flaky test category contains significantly fewer instances than the
non-flaky category. To further examine this imbalance, we visualize the dataset using a 2D t-SNE
plot in Figure 2. In the plot, we convert each test into a 768-dimensional embedding (as produced
by the CodeBERT architecture), which we project into 2 dimensions by taking the 2 most major
features, for visualization purposes. Each point represents a test, which we color based on the
flaky test category. The plot illustrates that flaky test categories tend to form overlapping clusters,
indicating shared features, which makes the classification task more difficult.

We intentionally include a larger proportion of non-flaky tests to better reflect real-world settings,
where flaky tests are relatively in smaller proportions. In prior work, Google reported that 1.5% of
their tests are flaky [37], and Microsoft reported 4.6% of their tests are flaky [28]. In FlakeBench,
we have 3.4% of tests labeled as flaky, as shown in Table 1, aligning with these previously reported
distributions reported from company codebases. However, prior research, such as Flakify [20], uses
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Table 1. Distribution of test categories across projects and test cases in FlakeBench. The dataset includes six
categories of tests, including five types of flaky tests and one non-flaky category, totaling 8574 test cases
across varying numbers of projects.

ID | Category | #Projects | #Tests

1 | Async. 39 76
2 | Conc. 17 37
3 | Time 24 33
4 | UC 28 41
5 | OD 17 93
6 | Non-flaky 97 | 8294
|- -| 8574

a dataset where flaky tests are six times more frequent than non-flaky tests. Hence, their dataset
is not as representative of real-world distributions and may unintentially bias trained models to
predict most tests as flaky.

4 Improving Flaky Test Classifiers

We propose FlakyLens, a new LLM-based flaky test classifier. We first discuss the design flaws in
previous work on LLM-based flaky test prediction, Flakify [20], which lead to data leakage issues.
We then discuss how we fine-tune a pre-trained LLM to predict flaky test categories, forming
FlakyLens.

4.1 Data Leakage Issue in Prior Work

Flakify is a prior LLM-based technique that predicts whether a test is flaky or not by analyzing just
the test code, i.e., it classifies a test into either flaky or non-flaky categories [20]. Flakify is built by
fine-tuning a pre-trained LLM, CodeBERT, on a dataset of tests labeled as flaky or non-flaky. The
evaluation for Flakify follows a stratified k-fold cross-validation methodology, where they split the
dataset across multiple folds with different training/validation/test sets. Each fold should train a
new model using that fold’s data (where in each fold the model’s weights get updated across several
epochs via back-propagation), and the final evaluation results report the average performance of
the models across all folds.

However, we discovered a data leakage issue due to how the evaluation uses stratified k-fold
cross-validation with shuffling enabled. In this setup, a test that appears in the training set of one
fold may later appear in the test set of another fold. While this setup is common practice in machine
learning evaluation, the critical flaw lies in how the pre-trained CodeBERT model (auto_model) is
loaded across folds. Ideally, for each fold i, a fresh instance of the pre-trained model M° should be
loaded and fine-tuned on D! . (D denotes dataset), producing a new model M. Unfortunately, the

train
previous evaluation initialized the model only once and reused it across all folds without reloading:

Ml fine-tune MZ fine-tune o fine-tune MK

This configuration introduces a significant issue because PyTorch-based models retain learned
knowledge in memory, meaning that gradient updates from previous folds persist in subsequent
iterations [38]. As a result, knowledge from previous folds carries over into subsequent folds,
effectively leaking information into the evaluation process. This unintended leakage leads to
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evaluation results that indicate Flakify achieving higher and higher F1-scores across consecutive
folds, ultimately reaching an extremely high F1-score by the end.

Once we corrected this issue by ensuring the model is reloaded independently for each fold, we
observed that the actual prediction performance was significantly lower than previously reported.
We informed the authors about the data leakage, and they acknowledged our findings and updated
their GitHub repository accordingly [8].

4.2 FlakyLens

We introduce FlakyLens, a new fine-tuned model designed to mitigate data leakage issues while
also addressing the challenges that come with a more realistic dataset.

4.2.1  Project-Wise Disjoint Training/Test Split. To ensure fair evaluation and prevent data leakage,
we partition the dataset into a collection of project-wise disjoint training/test sets, ensuring that
tests from the same project never appear in both training and test sets. This partitioning simulates
a more realistic model usage scenario where a developer applies a flaky test classifier to a new
project, and no tests from that project was ever used when training that flaky test classifier. This
project-based partitioning helps the model learn without relying on prior knowledge from the
same project, thereby enabling better generalization to unseen projects. While partitioning into
the training/test sets, we enforce that each test set contains at least five tests from every flaky test
category.

4.2.2  Fine-Tuning Process. For each fold i, we fine-tune a pre-trained CodeBERT model M° on
Dtiram, producing a fold-specific model M’. We ensure that M° is reloaded afresh before each fold’s
fine-tuning process to eliminate residual learning and prevent data leakage across folds:

train on D} . v

To construct a flaky test classifier that predicts the flaky test category for a test, we introduce a
linear classification head on top of the model’s final encoder output, producing logits for the six
target flaky test categories. Given the heavy class imbalance in Dfr i Particularly the dominance of
non-flaky tests, we compute class-balanced weights using scikit-learn’s class_weight=‘balanced’
heuristic. This approach assigns higher weights to under-represented classes based on the inverse of
their frequency, normalized across all categories. We use these weights during training to mitigate
bias toward majority classes.

To further address the imbalance problem, we replace the standard cross-entropy loss with Focal
Loss [32], which emphasizes harder-to-classify examples. The loss is defined as:

FL(p:) = —a; (1 — pr)¥ log(p:)

where p; is the predicted probability of the true class, y = 2 controls the focus on misclassified
instances, and «; is the class-specific weight derived from the balanced weighting scheme.

To mitigate overfitting and promote generalization during fine-tuning, we incorporate several
regularization techniques. First, we apply L2 weight decay (with weight decay coefficient A = 0.01)
in the Adam optimizer [50]. L2 regularization penalizes large weights, thereby encouraging the
model to learn simpler and more generalizable representations rather than memorizing the training
data. Second, we use a dropout rate of 0.3, which randomly deactivates a fraction of neurons during
training to prevent co-adaptation and improve generalization.

We train for a maximum of 30 epochs, which provides sufficient opportunity for the model to
converge while avoiding unnecessarily long training runs that could lead to overfitting. To further
mitigate this overfitting, we adopt early stopping with a patience of 5 epochs, monitoring the
validation loss to stop training when we no longer observe any improvement. We set the learning
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rate used between epochs to 1x 10~°; we found this rate to have consistently performed well during
tuning compared to other values that we tried.

5 Understanding Flaky-Test Classifiers

We aim to determine the impact of the important features that an LLM-based flaky test classifier
uses to make classification decisions. Since the LLM-based flaky test classifier uses tokens from
test code as input features for their prediction [13, 20, 40], we need to analyze which tokens are
the most important. We analyze which tokens contribute the most towards the final prediction for
each flaky test category (including the “non-flaky” category). Our intuition is that, if the presence
of certain tokens is particularly relevant for the flaky test classifier to decide on a category, then we
can apply some “adversarial perturbation” to existing tests, adding code built around those relevant
tokens that still preserves the same semantics of the test before, as a means to “attack” the flaky
test classifier, forcing it to mispredict towards a specific category. If we can observe substantial
mispredictions based on our “attack”, we can more confidently determine what a flaky test classifier
is actually using as information to make its decisions.

5.1 Token Importance

First, to identify some important tokens, we calculate the token attribution scores using Integrated
Gradients (IG) [43]. IG is one of the interpretability techniques implemented in Captum [26].
Captum is an open-source library for model interpretability focused on PyTorch [24]. We select IG
for its context-sensitive, gradient-based explanations that align closely with the model’s decision.
IG measures token influence by calculating gradients from a baseline to the actual input, providing
a continuous, directional importance measure [43]. Other explainability techniques, such as LIME,
cannot always capture the exact contribution of features, especially in complex or nonlinear models,
because they rely on locally linear approximations around each input data point [42]. Another
popular technique, SHAP, often uses sampling-based estimations or approximations when exact
Shapley values are computationally infeasible, particularly in deep models [33]. This reliance on
approximations can introduce minor inconsistencies and may violate implementation invariance
under certain conditions [33].

5.1.1 Computing Token Attribution Score. We start by extracting tokens from the given test set
data, by using the CodeBERT tokenizer [4], resulting in 512 tokens for each test. If the test code
has fewer than 512 tokens, we pad the remaining with empty tokens at the end. If the test code has
more than 512 tokens, we truncate to keep only the first 512 tokens. We apply this padding and
truncating strategy consistently in both fine-tuning and evaluation, which is the same as done in
prior work [20]. We observe that most tests in our dataset contain at most 512 tokens (86.4% in
training set, 88.4% in validation set, and 74.7% in test set). Then for these tokens, we extract the
embeddings (token vectors) from the fine-tuned model and use these embeddings to calculate IG.
To calculate IG, we consider a zero vector baseline as a neutral reference point. We then create
interpolated states between the baseline and the input, allowing gradients to be computed across
these steps. Finally, we aggregate the gradients for each token to measure each token’s contribution
from baseline to input [46]. These gradients together represent the attribution score per token,
a quantitative measurement that indicate the degree to which this token influences the model’s
prediction. We are most interested in the tokens that have the highest attribution scores, indicating
tokens that are the most important tokens.

5.1.2  Token Post-Processing and Detokenization. While following the previous steps obtain attribu-
tion scores per token, many tokens require de-tokenization and additional post-processing. This
step is essential, because the goal is to identify meaningful keywords within the tests that influence
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the model’s predictions. After tokenization, tokens often lose their original form, e.g., “Equals”
being split into “Equ” and “als”, making it difficult to interpret the intended word. This lack of
meaning complicates any understanding of the influential tokens, and when we later introduce
perturbation using such tokens, the injected tokens may not appear realistic.

We observe that the CodeBERT tokenizer marks new words starting after whitespace with the
symbol G. We look for G and merge tokens that do not start with a special character or capital
letter. For example, we can merge “Equ” and “als” to form “Equals”, because the second token, “als”
starts with a lowercase character.

More precisely, for each consecutive tokens (#;, t;+1), we define the following conditions for
merging the tokens:

e New Word Indicator: If a token t; begins with a special character G (indicating a new word),
we merge t;4 if that ;41 is not a punctuation or a symbol.

e Lowercase Merge Condition: If ¢;;; begins with a lowercase, and ¢; does not contain any
punctuation or special characters, the tokens are merged.

After obtaining the merged tokens, we post-process the tokens to remove stop words and
punctuation. This step is necessary because tokenization often results in extraneous characters like
dots (.), square brackets ([]), semicolons (;), etc. We remove all tokens that consist of just common
stop words [20] and punctuation marks. Then we compute the attribution score for each merged
token by summing the attribution scores of the individual tokens that make up the merged token.

5.1.3 Computing Model Confidence Score. We compute the confidence score of the fine-tuned
model for each test. A confidence score reflects how certain the model is in classifying a test as
belonging to a specific category. To obtain this score, let M be a fine-tuned model trained to classify
test methods into multiple categories, denoted as C; € {Cy, C;,...,.Cn}. The model, M, processes a
token sequence T = (11,13, ...,t,) for each test, with an attention mask A = (ay, ay, ...,a,). We
compute the confidence score using the following two steps:

(1) Logit Calculation and Probability Distribution. We compute logit vector L = (I3, Iz, . . ., I,),
where each [; represents the score for class C;, formally defined as:

L = M(T, A)

We then transform the logits L into a probability distribution p; = (p1, p2, ..., px), where
each p; € [0, 1] represents the probability of class C;, and the sum of all probabilities is 1.
(2) Model Confidence Score and Predicted Class. We define the confidence score Ct € [0, 1]
as the maximum probability among all classes for a test:
Cr= j
T etn P
This value represents the model’s confidence in its most probable classification. Finally, the
classification of the input is given by selecting the class that has the maximum probability
score.

5.1.4  Weighted Attribution Score. Using a merged token’s attribution score and the model’s confi-
dence score, we compute a weighted attribution score. The reason we perform this step is because
attribution scores are aggregated for each token when it appears across multiple tests. If a test’s
prediction is accurate but has a lower confidence score, then the token should receive less priority
than if it came from a test with a higher confidence score in correctly predicting the flaky test
category. Therefore, we multiply the attribution score of a merged token by the model confidence
score to adjust their impact accordingly.
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Finally, we multiply this score for each token by the logarithm of frequency with which that
token appears across multiple correctly classified test cases. This approach ensures that tokens that
are both highly attributed and consistently present are assigned higher importance.

5.2 Data Perturbations

With the most important tokens based on weighted attribution scores, we design five different
perturbation techniques, namely, deadcode, print statement, variable renaming, multi-line com-
ments, and single-line comment, inspired by the prior research [21] and our own code analysis.
The objective is to see whether additional code that utilizes important tokens yet does not affect
test semantics can still affect the model’s prediction. To construct the perturbed code to inject, we
take the important tokens we want to inject and prompt an LLM to generate the desired type of
perturbation using these tokens. Figure 3 shows a template of the base input and Figure 4 shows
the system prompt we use to generate the perturbations. We provide more details concerning our
prompts on our website [12].

Modify the provided Java test code to incorporate Deadcode, Print
Statement, Variable Rename, Single-Line Comment, and Multi-Line
Comment elements, using the specified token list.

Test Code: {test_code}

Token List: {token_list}

Fig. 3. Base prompt for generating perturbation.

As an expert in Java code modification, your task is to inject
adversarial perturbation into the given test code. There are five
types of adversarial perturbation to be added: Deadcode, Print
Statement, Variable Rename, Single-Line Comment, and Multi-Line
comment. Below are instructions for each type, along with an example:

Deadcode: Add a segment using while(false) { ... }. Insert code within the loop using
the provided tokens.

Print Statement: Use System.out.println(...) to add a print statement. Populate the
statement using the given token list.

Variable Rename: Rename the top three most frequently used variables based on the
token list.

Single-Line Comment: Add a single line of Java code using the token list and comment
it out with //.

Multi-Line Comment: Add a multi-line comment that does not necessarily need to follow
Java syntax. Use /* ... %/ to create this comment and

include content from the token list.

Fig. 4. System prompt for generating perturbation.
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1 @Test

2 public void testBackloglLimiter () {

3 long duration = runWithRate(2 * RatelLimiting.DEFAULT_MAX_PARALLELISM,-1.0,
4 new DelayFn<Integer>());

5 Assert.assertThat (duration,greaterThan(2 * DelayFn.DELAY_MS));
6 + System.out.println("checking_the_wait_time_using_Thread.sleep");

Fig. 5. Example of print statement perturbation (Line 6). Original: Time, Predicted: Async Wait

1 @Test

2 public void testSerialize() {

3 request = new GetUserIdSerializableRequest();
4 request.setOperation(GETUSERID);

5 request.setInfoFieldl ("nobody@amazon.com");
6 request.setInfoField2 ("AMZN");

7 String requestString = serializer.encode(request);

8 assertEquals("{\"infoField2\":\"AMZN\"}", requestString);
9 + /*x*x {

10+ * Timer repetition. Date : date.now() Time: 10:01:05.
1+ * dayOfweek=saturday.

12+ * }

13 + * %/

14 }

Fig. 6. Example of multi-line comments perturbation (Lines 9-13. Original: Unordered Collections, Predicted:
Time

1 @Test
2 public synchronized void testLockExpiration() {

4 lock = lockMgr.lock(...);

5 long remaining = lock.getSecondsRemaining();

6 if (remaining <= hint) {

7 try {

8 wait(remaining * 2000);

9 } catch (InterruptedException ignore) {

10 }

11

12 assertFalse(message, lock.islLive());

13 } else {

14 throw new NotExecutableException("timeout_hint.");
15 }

16 + //System.out.println("Date Timestamp" + date.now());
173

Fig. 7. Example of single-line comment perturbation (Line 16). Original: Async Wait, Predicted: Time
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5.2.1 Deadcode. Deadcode perturbation involves injecting “deadcode” that includes the important
tokens related to another flaky test category into the test code, where this deadcode is never actually
executed when the test runs, such as the code being contained within an if statement with a
condition that is never satisfied. The goal is to observe whether the model can effectively identify
the non-executing code segments, where the proper behavior is to ignore the deadcode. We inject
the generated code into the original test code at the end. Figure 1 shows an example of deadcode
perturbation, injected as Lines 11-16.

5.2.2  Print Statement. Print statement perturbation involves injecting a print statement (System-
.out.println method call in Java) that tries to print out the important tokens of other flaky test
categories into the test code. Print statements generally have no impact on the program’s logic.
However, the model that does not properly consider the impact of print statements on semantics
may then be misled by the tokens used within the statement. We inject this print statement at
the end of the test. In Figure 5 on line 6, we illustrate injecting a print statement using important
tokens for the Async Wait flaky test category, even though the test is actually of the Time flaky
test category.

5.2.3 Variable Renaming. Variable renaming perturbation involves refactoring variable names
to new names while keeping the program semantically the same without occuring any syntax
error. We rename the three most frequently occurring variables in the test to instead be one of the
important tokens of another flaky test category. We only rename the most frequently appearing
variable, using only the important token with the highest weighted attribution score of the chosen
other flaky test category. We do not go to the extreme of renaming all variables in the test code.

5.24 Multi-Line Comments. Multi-line comments perturbation involves adding comments that
span multiple lines using important tokens of another flaky test category. Since comments are
meant for human readers and not for execution by machines, adding these comments do not change
test semantics, and the model should ignore any text within the multi-line comments. Figure 6
shows an example of multi-line comments (Lines 9- 13).

5.2.5 Single-Line Comment. Single-line comment perturbation involves adding a single line of
comment. Similar to comments spanning multiple lines, these comments do not change test code
semantics, and the model should ignore them. Figure 7 on Line 16 shows an example of a single-line
comment that contains other important tokens.

Each of these perturbation techniques help in evaluating different semantic aspects of code
analysis tools, from their ability to ignore irrelevant data to their capacity to focus on functionally
critical components of the code.

6 Experimental Setup
6.1 Research Questions
We address the following research questions:

e RQ1: How does FlakyLens perform compared to existing flaky test classifiers?

e RQ2: How do the latest generative LLMs compare to FlakyLens at classifying flaky tests?

e RQ3: What are the important tokens that influence the model’s prediction?

e RQ4: How critical are the identified important tokens to the model’s predictions when they are
injected into test code without changing semantics?

We address RQ1 to evaluate the effectiveness of FlakyLens by comparing with other existing
fine-tuned flaky test classifiers. We address RQ2 to evaluate the zero-shot performance of the
latest generative LLMs at this specific task of predicting flaky test categories. We also analyze the
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agreement and disagreement among different models. Specifically, we want to see whether they
highlight the same tokens as important and how consistently do they agree across different tests
and flaky test categories. To understand the key factors influencing model predictions, we address
RQ3 that investigates the important tokens that have higher weighted attribution scores, indicating
their influence on the model’s decision-making. Finally, RQ4 shows the impact of these tokens on
actual prediction. The intuition behind this analysis is to determine whether models rely on certain
tokens even when they do not alter the test’s semantics, as well as to quantify the extent of this
influence.

6.2 Evaluation Setup

We design our setup so that tests from the same project do not appear in both the training and
test sets of the same fold. For our evaluation, we choose to conduct a four-fold cross-validation
methodology. For each fold, we first take the list of unique projects and randomly select a fixed
number of non-overlapping projects as the test set, and the remaining projects for the training
set. To ensure that each test set is representative enough for evaluation purposes, we repeatedly
resample projects for the test set until we obtain one that includes at least four tests per category
(four is the largest number of tests we can get for the category with the fewest number of tests, such
that we maintain a balanced number of tests of that category across all folds). We also ensure that
the same test does not appear in both a training set and test set per fold, as well as not appearing
in multiple test sets across all folds.

For each fold, we train a classifier using that fold’s training set and evaluate it on the correspond-
ing validation set (the training set of each fold gets further divided into training and validation set
when fine-tuning the model) across a maximum of 30 epochs (Section 4.2.2) to obtain the best model
for that fold. We measure the effectiveness of the model by evaluating on the test set for that fold.
We use the same data split across all subsequent experiments, including experiments with all recent
LLMs, to ensure a fair comparison. For each fold, we maintain the training/validation/test split
ratios as 50%, 20% and 30%, respectively. The distribution of tests across the flaky test categories per
fold is preserved across the sets. For example, the percentage of tests in the Async Wait category
across training, validation, and test sets per fold are 0.67%, 0.65%, and 1.44%, respsectively.

6.3 Open-Source Generative LLMs

We use six other LLMs for comparison purposes: two Meta models, namely CodeLlama-13B and
Llama-3-8B; two Google models, namely Codegemma-7B and Gemma-7B; one Qwen model, namely
Qwen2-7B; and one deepseek-ai model, namely Deepseek-Coder-V2-Lite (16B). We use the instruct
version of these models from Huggingface, because instruct models are fine-tuned to handle user
instructions. We do not fine-tune these models ourselves for the specific flaky test classification
task, as we want to evaluate how well these more general-purpose LLMs perform in a zero-shot
setting. It would be interesting future work to fine-tune these models as well.

For each model, we consider the corresponding model’s tokenizer to generate tokens from the
given data. We generate a template that contains a base prompt with a system prompt (for providing
more context). We provide an example of a base prompt and system prompt for this step on our
website [12]. We then use the Huggingface API [5] to prompt the LLMs for predicting the flaky test
category of a given test.

To compute token-level attribution scores with these pre-trained models, we leverage Integrated
Gradients (IG) to identify which input tokens most influence the predictions of each model. We
begin by tokenizing the input prompt and test code using the appropriate tokenizer for the model
in use, ensuring that all required inputs, such as the attention mask, are included. The model is
then executed to obtain predictions, and we apply LayerIntegratedGradients from the Captum
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library to compute attribution scores relative to the model’s embedding layer [7]. We isolate the
test code segment using a regular expression pattern that spans from the @Test annotation to the
closing brace, and we compute IG scores only for that region. We normalize the resulting attribution
scores and filter out stopwords. Finally, we rank the remaining tokens based on their importance to
highlight which parts of the code most influence the model’s decision.

6.4 Baselines

We compare against two other LLM-based flaky test classifiers, Flakify [20] and FlakyCat [13].
Flakify predicts whether a test is flaky or not through a fine-tuned CodeBERT model, built using
training from an existing dataset of flaky tests [2]. Since we want to classify tests into one of six
different categories as opposed to just doing a binary classification (flaky vs non-flaky), we adapt
the existing Flakify code [8] to perform multi-class classification over our six categories. We mainly
modify the final classification layer of the CodeBERT-based Flakify model to include a linear head
outputting logits for each of our six categories instead of just two. Then we retrain the model using
our labeled dataset.

FlakyCat, on the other hand, was already designed to classify flaky tests into flaky test cate-
gories [13]. In the original work, it classifies flaky tests into one of four flaky test categories based
on an existing dataset, with tests already labeled with the flaky test categories. However, FlakyCat
does not fine-tune the pre-trained CodeBERT model; instead, it extracts frozen embeddings from
CodeBERT and trains a lightweight classification head on top. We directly use the existing FlakyCat
code [9].

For both Flakify and FlakyCat, to ensure proper comparison against FlakyLens, while we reuse
their existing code as much as possible, we retrain new models using the existing code to construct
new models using the same dataset we use for training FlakyLens. We use the same training sets
for all three flaky test classifiers, and we evaluate on the same test sets, to ensure fair comparisons
between the flaky test classifiers.

6.5 Measurement Metrics

A flaky test classifier can predict a test into several different flaky test categories, and we consider
each flaky test category separately when calculating the evaluation metrics. For each flaky test
category, we define true positives (TP) as tests correctly predicted to belong to that category, false
positives (FP) as tests incorrectly predicted to belong to that category, and false negatives (FN) as
tests of the category that were misclassified as another. We then compute precision, recall, and
F1-score for each flaky test category individually. We compute precision as %, recall as %,
and F1-score as 2 x ZrecisionxRecal,

To aggregate these metrics across all flaky test categories, we use the macro-average, which
computes the unweighted mean of the per-category scores, treating all categories equally. Specifi-
cally, the macro F1-score is calculated by averaging the F1-score of each category (C), ensuring
that minority categories are not overshadowed by majority categories, é ¢, Fl-score;. We obtain
these metrics using the classification report from sklearn [6] and report these as the final results in
Section 7.

6.6 Hardware Environment

We perform fine-tuning on a Linux machine equipped with a single NVIDIA RTX A5000 GPU,
125GB of RAM, and 48GB of GPU memory, utilizing CUDA version 12.0. The same setup is used
for running the Huggingface open-source models to perform flaky-test classification and compute
gradient attributions.
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7 Evaluation
7.1 RAQ1: FlakyLens vs Prior Flaky Test Classifiers

Table 2 presents the results of FlakyLens compared to other LLM-based flaky test classifiers such as
Flakify (both the data-leakage and non-data-leakage versions) and FlakyCat. The results show each
classifier’s F1-score for each category: Async Wait (Async.), Concurrency (Conc.), Time (Time),
Unordered Collections (UC), Test Order Dependency (OD), and non-flaky (Non-flaky). We see that
the original Flakify indeed performs abnormally well due to data leakage issue during training (row
“Flakify (Original)”), with a big drop after the issue is addressed (row “Flakify (With Fix)”). When
we compare the results of FlakyLens against the corrected Flakify version, we see that FlakyLens
improves the F1-score by more than 9.17 percentage points (pp), based on the macro-average.
Compared to FlakyCat, FlakyLens achieves an improvement of 13.79pp.

Table 2. F1-score comparison of different techniques across various flaky test categories. The columns
represent the different flaky test categories (Async., Conc., Time, UC, OD) and non-flaky tests. The last
column (Macro Avg.) shows the overall macro-average. First four rows show results for different flaky test
classifiers, including FlakyLens. Last two rows show improvement of FlakyLens over Flakify and FlakyCat.

Category Macro

Technique Async. ‘ Conc. ‘ Time ‘ ucC ‘ OD ‘ Non-flaky | Avg.
Flakify (Original) 73.37 | 64.65 | 82.09 | 83.41 | 88.53 100.00 | 81.82
Flakify (With Fix) 42.80 | 29.62 | 72.55 | 39.15 | 54.70 100.00 | 56.62
FlakyCat 43.75 | 20.00 | 53.75 | 58.75 | 36.25 99.50 | 52.00
FlakyLens (Ours) 58.37 | 35.92 | 72.73 | 73.63 | 64.35 100.00 | 65.79
T over Flakify 15.57 6.30 0.18 | 34.48 9.65 0.00 9.17
T over FlakyCat 14.62 | 1592 | 1898 | 14.88 | 28.10 0.50 13.79

We observe that all techniques correctly predict the non-flaky category very well, achieving an
F1-score close to 100%, likely due to there being so many more non-flaky tests. FlakyLens achieves
the highest improvements in F1-score specifically for the Unordered Collections category over the
other baselines, achieving an improvements of 34.48pp and 14.88pp over Flakify and FlakyCat,
respsectively. Interestingly, while all techniques struggle the most with the Concurrency category,
FlakyLens still outperforms both baselines for this category. Specifically, it achieves the highest
F1-score of 35.92%, exceeding Flakify and FlakyCat by 6.30pp and 15.92pp, respectively. These
results demonstrate that FlakyLens consistently outperforms state-of-the-art approaches across all
flaky test categories.

To better understand the misclassifications, we analyze which categories the incorrectly pre-
dicted tests are classified into. Figure 8 illustrates how tests from each ground truth category are
misclassified into other categories. The horizontal axis represents the predicted category, while the
vertical axis indicates the actual category. Each cell displays the number of tests misclassified into
the corresponding category.

Overall, the model misclassifies a total of 106 tests. The highest number of misclassifications (40
out of 93) occurs in the Test Order Dependency category (Category 4), with most of these tests
incorrectly predicted as Async Wait (Category 0). However, the highest misclassification rate is
observed in the Concurrency category (Category 1), where 25 out of 37 tests, accounting for 67.6%,
are misclassified, predominantly as Async Wait. This result suggests that the distinction between
Concurrency and Async Wait is subtle, likely due to overlapping characteristics in timing and
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Fig. 8. Breakdown of the predictions of the 106 tests by FlakyLens.

thread-related behaviors. Incorporating deeper program analysis or runtime information could
help better differentiate between these categories. In contrast, the non-flaky category (Category 5)
sees the fewest misclassifications, with only one case that was misclassified as Async Wait.

ROQ1: FlakyLens outperforms prior flaky test classifiers Flakify and FlakyCat at predicting different
flaky test categories. It improves the F1-score by over 9.17pp compared to Flakify (after fixing the
data-leaking issue) and by 13.79pp compared to FlakyCat.

7.2 RQ2: FlakyLens vs State-of-the-Art Generative LLMs

We compare the performance of FlakyLens against the latest open-source generative LLMs, including
Qwen2-7B, LLAMA-3-8B, DS-Coder-16B, CodeLlama-13B, Gemma-7b, and CodeGemma-7B for
flaky-test classification task. These models are much larger and pre-trained on Internet-scale data.
Hence, we utilize them in a zero-shot setting.

Table 3 presents the F1-score for each category as predicted by the LLMs. The results show that,
based on macro-average, Qwen2-7B performs the best among these pre-trained LLMs, achieving
an F1-score of 14.86%, followed by LLAMA-3-8B, which achieves 13.57%. Interestingly, these two
models have an F1-score of 0.00% for the Test Order Dependency (OD) category, indicating that none
of the tests in this category were correctly predicted. On the other hand, DS-Coder-16B achieves
the highest F1-score for the Test Order Dependency category. Additionally, Table 3 reveals that
CodeGemma-7B performs the worst, achieving an F1-score of 0.64%, making it the least effective
model among those evaluated. DS-Coder-16B achieves the best performance compared to all other
models across all flaky test categories, only performing poorly for the non-flaky category. While
it outperforms the other models at identifying the correct category for actual flaky tests, it still
performs worse than FlakyLens for all flaky test categories (also shown in the table).

While F1-score provides an overall measure of performance, it does not show the actual number
of correctly predicted tests, which is also crucial for understanding model effectiveness. We further
analyze the absolute number of correctly predicted tests by each model, as shown in Figure 9 and
Figure 10. Figure 9 presents the total number of tests whose categories are correctly predicted by
these models, including FlakyLens. We observe that out of 8574 tests, FlakyLens correctly predicts
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Table 3. Evaluation of open-source LLM models for flaky test category prediction using F1-score. All models
used are the instruct versions of the LLMs. DS-Coder-16B represents DeepSeek-Coder V2 Lite.

LLM Model Categories Macro

Async. ‘ Conc. ‘ Time ‘ ucC ‘ oD ‘ Non-flaky | Avg.
Qwen2-7B 7.41 5.30 9.76 | 4.12 0.00 80.15 | 14.86
LLAMA-3-8B 5.09 8.03 | 1145 | 2.63 0.00 71.84 13.57
DS-Coder-16B 21.23 | 16.59 | 16.55 | 4.86 | 16.86 0.37 9.61
CodeLlama-13B 2.12 1.74 | 10.41 1.26 2.69 0.00 2.18
Gemma-7b 3.33 2.14 0.00 | 0.00 0.92 0.00 0.79
CodeGemma-7B 1.39 5.68 0.24 | 0.27 0.56 0.00 0.64

FlakyLens (Ours) | 5837 | 35.92 | 72.73 | 73.63 | 64.35

100.00 | 65.79

CodeGemma-7B

Gemma-7B

Codellama-13B

Qwen2-7B

Model

Llama-3-8B

DS-Coder-16B

IO

FlakyLen

0 1714 6859 8574

Number o?wCorrectly Preaaiacted Tests

Fig. 9. Number of correctly predicted flaky tests by each model.

the category for 8468 tests, significantly outperforming the second-best model, Qwen2-7B, which
achieves 5703 correct predictions. At the lower end, CodeGemma-7B correctly predicts the category
for only 19 tests. However, due to the presence of a large number of non-flaky tests, the absolute
count of correctly predicted tests does not fully illustrate how well each model classifies flaky tests.
To address this issue, Figure 10 shows only the number of correctly predicted flaky tests. Here, we
again see that FlakyLens outperforms the other models, correctly predicting the catogory of 175
flaky tests.

Beyond simply observing the absolute number of correctly predicted tests, we also want to
know whether different models are making correct predictions for the same tests or different ones.
Figure 11 and Figure 12, are heatmaps illustrating the percentage of tests correctly predicted by
each pair of models. From these figures, we observe that the highest agreement occurs between
FlakyLens and Qwen2-7B, with 66.22% of tests predicted correctly by both models. However, once
again due to the large proportion of non-flaky tests, this visualization does not provide a clear
understanding of how well the models identify flaky test categories. To further refine this analysis,
Figure 12 focuses exclusively on flaky tests, highlighting both the number of correctly predicted
flaky tests and the correlation between different LLMs in identifying them. This figure reveals that
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Fig. 10. Number of correctly predicted flaky tests by each model, excluding the non-flaky category.
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Fig. 11. Pairwise agreement among models, showing the percentage of test cases correctly predicted by
both models. Higher percentages indicate stronger prediction overlap. FlakyLens and Qwen2-7B exhibit the

highest agreement.

the highest overlap in correctly predicted flaky tests occurs between Llama-3-8B and Qwen2-7B,

reaching 28.93%.

RQ2: FlakyLens significantly outperforms open-source LLMs in flaky test classification, achieving
far higher F1-scores and correct predictions, while general-purpose models such as Qwen2-7B,
Llama-3-8B struggle, especially with flaky test categories like Test Order Dependency (OD).
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Fig. 12. Pairwise agreement among models (excluding tests from the non-flaky category), showing the
percentage of test cases correctly predicted by both models. Higher percentages reflect stronger prediction
overlap. The highest agreement is observed between Qwen2-7B and Llama-3-8B, followed by FlakyLens and
Llama-3-8B.

Table 4. Most and least important tokens per category.

ID Top-5 Most Imp. Top-5 Least Imp.
Tokens ‘ Attribution || Tokens ‘ Attribution

1 | sleep;topic;wait;get;Interrupted 1.252-0.853 || crashed;Meta;Asserted;Connected;Upgrade 0.002-0.001
2 | Duration;new;Interrupted;verify;Subscriber | 0.825-0.115 || cluster;Tokens;Mode;Mill;List 0.002-0.002
3 | Time;Network;when;Run;wait 0.735-0.361 || true;maximum;compare;STACKTRACE;left 0.003-0.002
4 List;Equals;Enum;JSON;set 0.563-0.121 || Partition;parse;Fast;Value;ependencies 0.002-0.000
5 | Permission;naming;Action;Name;Composite | 3.743-0.565 || ubbo;Remoting;All;No;null -0.000 - -0.001
6 | Exception;get;That;Equals;expected 41.09-20.34 || Executes;somekey;Violation;Coursesizard | -0.000 - -0.000

7.3 RQ3: Important Tokens

Table 4 presents the Top-5 most and Top-5 least important tokens for each flaky test category,
based on token weighted attribution scores. For example, in the Async Wait category, tokens such
as “sleep”, “topic”, “wait”, “get”, and “Interrupted” consistently appear in correctly classified tests,
namely 17, 4, 5, 10, and 4 times out of 50, respectively. In the Concurrency category, “Duration”
and “new” are the top indicators, occurring in 1 and 4 out of 12 tests, respectively. We also show in
the table the range of weighted attribution scores across the five tokens shown for each category.

Similar patterns are found in other categories: “Time” and “Network” are highly relevant tokens
for the Time category, and data structure terms like “List”, “Equals”, “Enum” and “JSON” are most
important for the Unordered Collections category. For the Test Order Dependency category, tokens
such as “Permission”, “naming”, and “Action” dominate, while for non-flaky tests, “Exception” and
“get” appear most frequently (1375 and 1152 times).

In contrast, the least important tokens, which contribute minimally to the model’s classification
based on weighted attribution score include generic, utility-related, or syntactically common terms

such as “Upgrade”, “Connected”, “cluster”, or “true”. These tokens appear across many tests but
do not meaningfully help distinguish the correct flaky test category. By identifying these tokens
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with low weighted attribution scores, we help highlight which code elements are not useful for
classification in contrast to the most important tokens.

Our findings highlight which code elements signal different types of flaky behavior to the model,
offering transparency into what drives classification decisions. These results can help developers
gain intuition about what characteristics make tests flaky, potentially guiding better test design
and debugging. Additionally, understanding token importance can be useful in interpreting model
decisions and building trust in automated flaky test detection tools.

RQ3: Token attribution highlights key linguistic and structural patterns behind flaky test clas-
sification, such as the significance of “sleep”, “Duration”, and “new” for the Async Wait and
Concurrency categories. These insights not only explain model decisions but also can help develop-

ers reason about why their test is flaky.

7.4 RQ4: Impact of Important Tokens via Adversarial Perturbation

Table 5 shows the impact of important tokens when used as perturbation in test code, without
altering the original test’s semantics. The goal is to determine whether injecting code that contains
these most important tokens, even without changing semantics, can influence the model’s prediction.
We apply our five different perturbation techniques (Section 5.2), each applied individually per test,
across the six test categories.

Each column in the table corresponds to a specific perturbation technique and is split into two
sub-columns: the first shows the resulting F1-score after applying that type of perturbation, and
the second (V) indicates the change in F1-score relative to the original (clean) version, reported
in percentage points (pp). A larger negative value indicates a greater performance drop due to
the applied perturbation. For example, in the Async Wait category, the model originally achieves
an F1-score of 58.37%. However, after applying the deadcode perturbation, the F1-score drops by
-9.64pp, resulting in a new F1-score of 48.72%.

Table 5. Impact on prediction when we considered *Most* important tokens for perturbation.

Original Perturbation

Deadcode Print Variable Multi-Line Single-Line
D F1 F1 v F1 v F1 v F1 v F1 v
1 58.37 48.72 -9.64 50.68 -7.68 | 49.25 -9.12 54.63 -3.74 49.46 -8.91
2 35.92 25.81 -10.11 30.32 -5.59 | 32.84 -3.08 35.65 -0.27 32.97 -2.95
3 72.73 45.45 -27.27 55.79 | -16.94 | 51.61 -21.12 59.58 -13.15 51.85 -20.88
4 73.63 35.15 | -38.49 59.78 | -13.85 | 53.98 | -19.66 49.46 | -24.17 56.10 | -17.54
5 64.35 39.66 -24.70 58.48 -5.87 | 51.99 -12.37 4291 -21.44 41.55 -22.81
6 100.00 | 100.00 0.00 | 100.00 0.00 | 99.48 -0.52 | 100.00 0.00 | 100.00 0.00
Avg. V | - - | -18.37 | -] -832 | - | -10.98 | - | -10.46 | - | -12.18

Overall, we observe that the maximum average F1-score degradation occurs when using the
deadcode perturbation technique, where the average F1-score degradation is -18.37pp. The second
highest average degradation is caused by the single-line comment perturbation (-12.18pp).

Similarly, we also present the impact of the least important tokens based on weighted attribution
scores in Table 6. In the table, we see that the deadcode perturbation technique still results in
the higher loss in F1-score (-7.91pp), though this loss is much smaller than the loss caused with
the deadcode perturbation technique using the most important tokens (which caused the least
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Table 6. Impact on prediction when we use *Least™ important tokens for perturbation.

Original Perturbation
Deadcode Print Variable Multi-Line Single-Line
ID F1 | F1 v F1 v F1 | Vv F1 v F1 | Vv
1 58.37 50.38 -7.99 57.76 | -0.61 | 52.53 | -5.84 50.38 -7.99 55.78 | -2.59
2 35.92 29.05 -6.86 33.84 | -2.08 | 33.08 | -2.84 29.05 -6.86 34.16 | -1.76
3 72.73 69.82 -2.91 71.09 | -1.64 | 65.79 | -6.94 69.82 -2.91 68.39 | -4.33
4 73.63 63.07 | -10.56 69.93 | -3.71 | 64.71 | -8.93 63.07 | -10.56 66.32 | -7.32
5 64.35 40.46 | -23.89 61.85 | -2.51 | 58.00 | -6.35 40.46 | -23.89 58.87 | -5.48
6 100.00 | 100.00 0.00 | 100.00 0.00 | 99.48 | -0.52 | 100.00 0.00 | 100.00 0.00
Avg. V | - -] <791 | - | -1.76 | - | -5.24 | - | -8.70 | - | -3.58
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Fig. 13. Result of different LLMs when apply different perturbations in the data.

change in F1-score among all techniques when using the most important tokens). Similarly, all
other perturbation techniques have a smaller impact on the performance of the models: the F1-score
drops ranging from -8.70pp to -1.76pp, all less than that from perturbation techniques using the
most important tokens.

Figure 13 illustrates how the performance of open-source LLMs degrades when evaluated on tests
with added perturbation. Each bar represents a model’s macro-average F1-score under different
perturbation techniques. In all cases, performance on perturbed tests is consistently lower than
on the original, unmodified tests, highlighting the critical role of the identified important tokens
based on weighted attribution score, even though we are using important tokens obtained when
analyzing a completely different model.

Retraining using Perturbed Test Code. It is interesting to note that FlakyLens could be retrained
using perturbed test code examples, to see whether it can be made more robust to these types of
semantics-preserving perturbations. To evaluate the effects of retraining, we augment each training
set we used in our evaluation with additional tests where we applied our perturbation techniques
on each test. For a training set, we randomly sample 20% of the tests, and for each test, we randomly
choose another category that the test is not and apply each of the five perturbation techniques
using important tokens from that chosen other category. We therefore generate five new perturbed
versions of the test and add them into the training set, effectively doubling the overall size of the
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training set. We retrain the flaky test classifier with the new training set per fold, and then we
re-evaluate the flaky test classifiers of each fold on the same corresponding test set as we did for
RQ4. We find that the newly trained flaky test classifiers have a much smaller loss in F1-score.
However, while these flaky test classifiers perform well now on the perturbed tests, we find that
there is very little change in how well they classify the non-perturbed tests. In the future, we plan
to investigate new perturbation techniques that can be also used in this manner to help train more
robust flaky test classifiers, obtaining better performance on real-world flaky tests.

RQ4: Perturbing tests with important tokens based on weighted attribution score, without
changing semantics, substantially degrades model performance, revealing a strong reliance on
these tokens for accurate classification. In contrast, using the least important tokens has minimal
impact on prediction accuracy, suggesting the impact is not only due to the act of perturbation.

8 Threats to Validity

External Validity. Our study focuses on open-source Java projects, which may limit the generaliz-
ability of the results to other programming languages. While Java is widely used, the effectiveness
of FlakyLens may vary when applied to projects written in other languages with different testing
frameworks, paradigms, or architectures (e.g., Python or C++). However, the core principles and
methodology of FlakyLens are language-agnostic. It would be interesting future work to evaluate
on different languages and see whether the overall findings themselves can be language-agnostic.

We compare FlakyLens against existing open-source LLMs in a zero-shot setting, using just
prompting to predict flaky test categories. We do not use the much larger models such as GPT-4.1
or Claude 3.7 Sonnet due to the large costs associated with using these models when run on a large
number of tests in our dataset. It would be interesting future work to also evaluate against such
models.

Our study focuses on a well-defined flaky test categories, such as Async Wait, Concurrency, Time,
and others, collected from prior work [13] and commonly observed in practice. While real-world
test suites may have many other flakiness causes, for example environment-specific behaviors,
network delays, or GUI-related issues that are not used in this study, the ones we have in our
dataset tend to be the most prevalent categories as found in past work [34].

Internal Validity. Data leakage between the training and evaluation sets is a common threat that
can compromise the validity of results. Tests from the same project may sometimes share structural
or contextual similarities, and including them across both splits could artificially inflate model
performance. To mitigate this problem, we adopt a strict per-project evaluation strategy: if any test
from a project is used during training, we ensure that no other test from that project appears in
the evaluation set. This setup prevents both direct and indirect information leakage and ensures a
more realistic assessment of generalization performance.

We train and evaluate the model using the same dataset, and our flaky test classifier achieves
performance consistent with previously reported results, providing confidence in the correctness
of our implementation. While the model is trained to predict flaky test categories, some degree
of non-determinism may still occur. To address this problem, we set a fixed random seed for all
experiments. Additionally, we run the evaluation script 10 times to ensure the model produces
consistent and deterministic outputs.

FlakyLens only uses test code to predict the flaky test categories. If the source of flakiness comes
from somewhere outside of test code, it is possible that FlakyLens would be unable to reason
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properly about that type of flakiness. In the future, expanding FlakyLens’s scope to handle these
external setups could address such issues.

Construct Validity. In this work, we leverage previously labeled flaky test categories established
through prior research and domain expertise. These labels provide a solid foundation for training
and evaluating our models. While some flaky test categories, such as Async Wait and Concurrency,
may naturally share overlapping behaviors, the use of well-informed annotations allows us to train
models that reflect real-world distinctions. We acknowledge that further enhancement such as
expanding the number of labeled instances per category, could enhance classification accuracy.

9 Related Work
9.1 Studies on Flaky Tests

Luo et al. was the first to perform an empirical study on flaky tests in open-source projects [34]. They
categorized flaky tests by inspecting developer-fixed flaky tests manually. Later researchers would
develop techniques to automatically detect flaky tests, guided by the results from this empirical
study [23, 29, 30, 44, 47]. For example, Lam et al. proposed iDFlakies that reruns tests in different
orders to detect order-dependent flaky tests [29], and Shi et al. developed NonDex to detect tests
that assume deterministic implementations of nondeterministic specifications, such as assuming
deterministic ordering of unordered collections [44]. These two types of tests are represented as
the Test Order Dependency and Unordered Collections flaky test categories in our work.

9.2 Flaky Test Classification

Many flaky-test detection techniques rely on rerunning tests or dynamic analysis, meaning they
can be costly to run. Prior work investigated machine learning (ML) techniques to predict whether
a test could be flaky. Alshammari et al. proposed FlakeFlagger, the first ML-based technique for
detecting flaky tests [14]. They created a large dataset of flaky tests by rerunning tests 10,000 times,
and then they used this dataset to train and evaluate their ML classifier at predicting whether a test
is flaky. They train their classifier to use static features like test smells and lines of code as well as
dynamic features like coverage and test runtime.

Fatima et al. later proposed Flakify, which uses LLMs to similarly predict test flakiness, fine-
tuning the pre-trained CodeBERT model to extract features from just test code. They find improved
performance, with a reported F1-score of 98% on their dataset. In our work, we train FlakyLens
similarly to Flakify, by fine-tuning CodeBERT, but we introduce a classification head that can
predict different flaky test categories, not just a binary classification of flaky vs non-flaky. We also
make additional changes to training parameters to take into consideration the imbalance of flaky
vs non-flaky tests, representative of real-world flaky test distributions.

AKkli et al. proposed FlakyCat for classifying flaky tests into different flaky test categories. They
obtained a dataset of flaky tests labeled by the reason for flakiness [15], based on the definitions
provided by Luo et al. [34]. FlakyCat also leverages CodeBERT to extract features from test code,
and then it later uses few-shot learning to train a classifier to predict the flaky test category. They
similarly evaluate using some traditional ML classifiers that use CodeBERT features for doing
the same prediction, finding that FlakyCat performs better than those traditional ML classifiers.
FlakyLens has the same goal as FlakyCat, so we compare against it as a baseline, though we
fine-tune FlakyLens for the task instead of using few-shot learning.

Later, Rahman et al. proposed Q-Flakify++ to similarly categorize flaky tests but emphasizing
reduced prediction time via quantization [40]. Their quantized model also demonstrates noteworthy
F1-score. Note that Q-Flakify++ is a quantized version of Flakify adjusted to categorize flaky tests,
finding that quantization results in a slight loss in accuracy. As such, we only compare against
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Flakify and not Q-Flakify++. Ultimately, for all these LLM-based flaky test classifiers, it remains
unclear why they have such high F1-scores and why they rely on to make decisions. Therefore, we
focus on extracting the important tokens from tests and evaluating their impact on prediction by
leveraging perturbation techniques that use those important tokens.

9.3 Adversarial Attacks on Code LLMs

Yang et al. [48] proposed ALERT, which generates adversarial attacks for code LLMs by applying
perturbations that appear natural to humans (e.g., variable names that are similar in meaning).
Jha et al.[25] developed CodeAttack, a black-box method for adversarial attacks for code language
models, and show that it leads to drops in performance on many code-code (translation and repair)
and code-NL (summarization) tasks. More recently, Gao et al. [21] proposed a general attack and
defense mechanism for models of code, which significantly improved over the prior techniques.
While our work uses similar perturbations on code LLMs, we leverage domain-specific tokens that
are more suited to attacking flaky test classifiers.

10 Conclusions

In this work, we show LLM-based flaky test classifiers can be lacking in accuracy, in contrast to
prior results, suggesting it to be a challenging task for LLMs. We propose FlakyLens that utilizes
a different strategy for fine-tuning, resulting in an improved flaky test classifier. We also build
FlakeBench, a labeled dataset of flaky tests with a more representative mix of both flaky and
non-flaky tests.

We also identified important tokens based on attribution scores. We confirm that they impact
flaky test classifier performance, with many more mispredictions when run on test code with
perturbations based on these important tokens, demonstrating their impact on the decision-making.
We also compare against large pre-trained models instructed to perform the same task in a zero-shot
setting, but they do not perform as well as FlakyLens. Our work underscores the need for enhanced
training strategies to improve flaky test classifiers.

In the future, we plan to expand FlakeBench by adding more flaky test categories and including
projects in different programming languages. These changes can further enhance the robustness
and generalizability of classifiers across more diverse settings.

Data Availability

Our artifact for reproducing results is publicly available [11]. We present additional results and
experiment information on our website [12]. Our code is open-source and available on GitHub [10].
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