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Abstract— Fault localization (FL) can identify the fault’s
location by analyzing the execution information from test cases in
the program. This execution information serves as the foundation
for FL to infer latent causal relationships between fault entities
and failed results. However, this execution information contains
coincidental correctness (CC), which reduces the accuracy of
FL. CC arises when a test case executes faulty program entities
but still produces the correct output, leading to misleading FL
inferences. In widely used datasets, the presence of CC compro-
mises the reliability of passed test cases (i.e., negative labels). In
contrast, failed test cases (i.e., positive labels) remain definitive.
In FL scenarios, unlabeled data is typically abundant and
primarily consists of passed test cases. Therefore, systematically
leveraging positive and unlabeled data for accurate CC detection
is essential, which is beneficial to FL. To tackle the problem, we
propose a two-stagE positiVe and unlAbeled learning model for
coiNcidental correctneSs detection, EVANS. EVANS defines failed
test cases as positive samples and treats the remaining ones as
unlabeled data. It comprises two core modules: (1) A module
for selecting high-quality pseudo-negative samples. This module
leverages vector distance metrics to identify high-quality pseudo-
negative test cases, using inter-class distances computed via a
pre-trained model. (2) A weakly supervised contrastive learning
module. This module utilizes the labeled samples from Stage (1)
to train a contrastive learning model, which then detects CC
in unlabeled test cases. Experimental results demonstrate that
EVANS significantly outperforms current CC detection methods.

Index Terms—Coincidental correctness detection, positive and
unlabeled learning, contrastive learning

I. INTRODUCTION

Fault localization (FL) is an essential debugging technique
in the software development process. By prioritizing program
entities (e.g., statement, function, or class) with higher fault
probabilities, FL reduces developers’ debugging effort. A sur-
vey by Kochhar et al. [1] found that developers find FL. most
useful when it ranks faults among the top 5. This reliance on
FL’s ranking places higher demands on its precision. However,
FL’s precision depends on the accuracy of its suspiciousness
scores, which are computed using execution information of
test cases. In real world, these executions information can be
noisy, weakening FL’s reliability.

A major source of noise is coincidental correctness (CC) [2],
a widely observed phenomenon in software testing datasets.
CC occurs when a test case executes faulty entities but
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still produces an expected outcome. Since FL relies on test
execution data to infer suspiciousness scores, CC introduces
misleading patterns that distort fault ranking. Specifically, CC
test cases create an illusion of correctness, causing FL to rank
faulty entities lower than they should be. It’s similar to a
malfunctioning traffic signal that directs developers down the
wrong path. To systematically analyze the impact of CC, we
categorize test cases into three groups based on their execution
traces and outcomes (as illustrated in Fig. 1): (1) Failed Test
Cases: Execute faulty code entities and result in failures; (2)
CC Test Cases: Execute faulty code entities but produce
expected outcomes; (3) Reliable Passed Test Cases: Passed
test cases excluding CC (i.e., the actual passed ones). Our
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Fig. 1: The classification of test cases.

statistical analysis on the Defects4] dataset [3] confirms CC’s
prevalence. As shown in Table I, reliable passed (RP) tests
significantly outnumber CC test cases, accounting for 68% to
96% of all passed test cases [4]. This distribution reveals a key
challenge: FL assumes most passed test cases are reliable, but
CC introduces deceptive signals that disrupt fault ranking.

TABLE I: The distribution of failed test cases, CC, and reliable
passed test cases in Defects4]

Program  Tests Failed Reliable Passed [RP]
Test Cases Test Cases |CC + RP|

Chart 3,565 92 484 2,989 86.06%
Closure 241,642 4,457 47,441 189,744 80.00%
Lang 4,589 124 737 3,728 83.45%
Math 12,089 176 1,830 10,083 84.63%
Mockito 20,200 120 6,371 13,709 68.26%
Time 50,933 76 1,661 49,196 96.73%
Total 333,018 5,045 58,524 269,449 82.16%

Most existing FL methods [5]-[12], whether traditional or
deep learning-based, rely on correlations between execution
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information (e.g., coverage data) and test case outcomes. CC
distorts this fundamental relationship, reducing FL'’s ability
to correctly rank faulty entities. Thus, detecting and filtering
CC is essential for improving FL’s accuracy. In the work of
Xie et al. [13], CC detection methods are categorized into
two major groups: heuristic algorithms [14], [15] and ma-
chine learning (ML) algorithms [4], [16]-[19]. The ML-based
methods are further divided into supervised and unsupervised
approaches. However, our analysis reveals key limitations in
both categories. Heuristic algorithms [14] and unsupervised
ML methods [17] suffer from a local coverage limitation:
they rely on test case coverage patterns but fail to capture
global semantic contexts. Supervised ML algorithms [16], [19]
face the label noise issue: since ’passed test cases” inherently
contain CC cases, models trained on these labels become
unreliable. Given this, a more robust approach is needed.

To address these limitations, we adopt Positive and Unla-
beled (PU) learning, which avoids explicit reliance on poten-
tially incorrect negative labels [20], [21]. PU learning treats
all passed test cases as unlabeled data and failed test cases
as positive samples. This setting aligns well with the CC
detection task, where CC cases are hidden within passed tests.
It avoids the interference of label noise on CC detection.
Moreover, PU learning leverages global semantic structure
across all test cases. It contrasts failed and passed behaviors,
enabling more reliable CC identification without handcrafted
rules or noisy supervision.

Building on this, we propose EVANS, a two-stage PU
learning framework for CC detection. EVANS operates in two
stages: (1) High-Confidence Pseudo-Negative Sample Selec-
tion: It leverages pre-trained embeddings to measure distances
between failed test cases and passed test cases, selecting the
most reliable passed test cases as high-confidence pseudo-
negative (HN) samples. (2) Weakly-Supervised Contrastive
Learning: It refines CC detection by using contrastive learning
to distinguish CC from reliable passed test cases in unlabeled
data.

Experimental results on Defects4] show that EVANS outper-
forms eight state-of-the-art CC detection methods in F1-score.
When integrated into FL, EVANS significantly improves fault
ranking metrics, including MAR, MFR, and Top-K accuracy.

In summary, the primary contributions of this paper are as
follows:

« We propose EVANS, a two-stage CC detection model
based on PU learning. It selects HN samples using inter-
class distance and then distinguishes CC cases through
weakly-supervised contrastive learning.

This is the first work to integrate pseudo-negative selec-
tion and contrastive learning into a unified PU learning
framework. The design enables effective semantic sepa-
ration between CC and reliably passed test cases without
relying on explicit negative labels.

We comprehensively evaluate EVANS on the Defects4]
benchmark and demonstrate its superior performance in
both CC detection and FL tasks, outperforming eight
state-of-the-art baselines across multiple datasets.
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o We release our implementation [22] to support further
research in CC detection and FL.

The remainder of this paper is organized as follows. Section
IT introduces related work. Section III presents the method-
ology framework. Section IV and Section V describe the
experimental setup, including datasets, baselines, and results.
Section VI discusses the rationale behind the effectiveness of
EVANS. Section VII concludes the paper.

II. RELATED WORK
A. Positive and Unlabeled learning

As surveyed by Bekker and Davis [20], PU learning is
a weakly supervised classification approach that trains a
classifier to distinguish positive and negative samples using
only labeled positive and unlabeled samples [21], [23], [24].
Any labeled sample is considered positive, while unlabeled
samples have unknown labels. To ensure reliability, only
highly confident positive samples are labeled.

1) PU Learning Paradigms: PU learning can be catego-
rized based on the data sources of the positive set (P) and the
unlabeled set (U) [20]:

« Single Training Set: Both P and U originate from the

same dataset.

o Case-Control: P and U come from different datasets.

This study focuses on the single training set scenario, where
all samples follow a shared distribution: x ~ f(z),x ~
afi(z) + (1 —a)f-(z),z ~ acfi(x) + (1 — ac)fu(z), a
denotes the proportion of positive samples, and ¢ represents
the fraction of positive samples selected for labeling. Thus, the
dataset contains acc labeled samples. Since positive samples are
sparse in the FL dataset, we set ¢ = 1 to maximize their uti-
lization. The terms fy(x), f—(x), fi(x), and f,(x) represent
the probability density functions of positive, negative, labeled,
and unlabeled samples, respectively.

2) PU Learning Assumptions: PU learning relies on two
key assumptions: label assumptions and data assumptions. For
labeling assumption, EVANS modifies the standard PU setting
for CC detection. It labels all failed test cases as positives since
they are rare in the FL dataset. For data assumptions, EVANS
follows two fundamental assumptions: separability [20], [25],
[26] and smoothness [24], [26]-[28].

Separability Assumption. A classifier exists that can dis-
tinguish positive and negative samples. A decision threshold
0 is used for classification. Samples with scores above 6 are
classified as positive, while those below 6 are classified as
negative.

Smoothness Assumption. Samples with similar representa-
tions should have similar predicted probabilities. Formally, if
two instances z; and x, have similar feature representations,
their probability of being positive should also be similar:

Pr(y = 1|x1) =~ Pr(y = 1|x2). (1)
This assumption allows negative samples to be identified
by measuring their distance from positive samples. It also
provides the foundation for contrastive learning in EVANS,
which enhances sample differentiation.



3) Two-Stage PU Learning Framework: PU learning is
typically performed in two stages:

1) Identify high-confidence pseudo-negative (H N) samples
from the positive set (P) and the unlabeled set (U).
2) Train a binary classifier using P and HN samples.

EVANS follows this framework. It leverages inter-class
distance calculation and contrastive learning to improve HN
sample selection and classification.

B. Fault Localization

Faults are the root cause of program errors, often man-
ifesting as incorrect steps or processes [29]. FL identifies
faults by analyzing execution information. It has evolved from
spectrum-based FL (SFL) to deep learning-based FL. (DLFL),
with Large Language Models (LLMs) emerging as a powerful
alternative.

SFL remains popular due to its efficiency and lightweight.
Methods like Dstar [7], Ochiai [5], and Tarantula [30] assign
suspiciousness scores based on test coverage, analyzing how
program entities appear in passed and failed test cases [6],
[7]. However, they struggle with complex fault patterns that
require deeper semantic understanding.

DLFL enhances FL accuracy by leveraging neural networks.
Early work [31] applied Multi-Layer Perceptron (MLP) to
model execution data and test results. Later methods intro-
duced convolutional [8], [32], graph-based [9], [33]-[35], and
recurrent [36]-[40] neural networks. Many approaches further
integrate auxiliary information, such as program changes [41],
control flow [9], and fault context modeling [42], among
others [34], [35], [43].

LLMs improve FL by incorporating extensive knowledge
and reasoning. AGENTFL [44] mimics developer behav-
ior through a three-stage debugging process, integrating be-
havioral tracking and document-guided search to overcome
LLMs’ context length limitations. AutoFL [45] enhances fault
repair and interpretability using function call-based naviga-
tion. FuseFL [46] combines statistical FL, label vectors, and
code descriptions, leveraging stepwise reasoning and diverse
evaluation metrics to improve interpretability.

C. Coincidental Correctness

Budd et al. [47] first introduced CC to describe test cases
that execute faulty entities but still produce expected outputs.
Masri et al. [2] later demonstrated that CC test cases can de-
grade the accuracy and effectiveness of FL. The key challenge
in CC detection is distinguishing CC test cases from reliable
passed test cases. To address this, researchers have proposed
various techniques.

Heuristic-based approaches assume that test cases covering
statements executed only in failed test cases are more likely
to be CC test cases. However, these methods may introduce
false positives due to their reliance on execution similarity
heuristics [14]. Masri et al. [14] proposed cleansing techniques
that systematically identify and remove CC tests from passing
suites to enhance the safety and precision of FL.
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Clustering methods detect CC test cases by measuring
test case similarity. Beyond basic clustering techniques, re-
searchers have incorporated execution information such as
basic blocks and control flow edges [4], reconstructed coverage
matrices [48], and weighted clustering techniques [49] to
improve detection accuracy. More recently, Yu et al. [17] pro-
posed a context-based clustering approach that utilizes failure-
inducing contexts to enhance CC identification. Bandyopad-
hyay et al. [15] introduced weighting and iterative prediction
strategies that mitigate the negative impact of CC on FL
by assigning lower weights to likely CC tests or iteratively
removing them.

Classifier-based approaches have also proven effective for
CC detection. Dass et al. [19] proposed a Random Forest
classifier, which constructs multiple decision trees and applies
majority voting for CC identification. Their method leverages
execution paths and coverage matrices as features. Later, Dass
refined this approach by optimizing feature extraction and data
preprocessing, further improving classification accuracy [16].
Beyond traditional Random Forest methods, neural networks
have demonstrated strong performance in CC detection, with
studies utilizing MLP [50], triplet neural networks [13], and
other deep learning models [18].

Moreover, Fuzzy theory has also gained attention in CC
detection [51], [52]. These approaches address the uncertainty
in test case execution data, refining CC identification precision
by incorporating probabilistic functions and fuzzy similarity
measures. Building upon this, Liu et al. [53] proposed a
weighted fuzzy classification framework using fuzzy weighted
K-Nearest Neighbor algorithm and fuzzy manipulation strate-
gies, which significantly improves both the accuracy and
efficiency of CC test case identification.

III. METHODOLOGY

A. Overview

The architecture of EVANS is illustrated in Fig. 2. EVANS
first leverages a MLP to pre-train by self-supervision, allowing
it to capture significant features from coverage information.
Once pre-training is completed, the hidden and output layers
are fine-tuned to adapt the model specifically for CC detec-
tion. Based on the refined representations, EVANS detects
CC through two core modules: (1) High-Confidence Pseudo-
Negative Sample Selection Module. (2) Weakly-Supervised
Contrastive Learning Module. In the following sections, we
will provide details on each component of EVANS.

B. Problem Formulation

In CC detection, our goal is to distinguish CC tests (false
negative samples) from reliable passed tests (true negative
samples) within the set of unlabeled passed tests (unlabeled
samples). This is achieved through PU learning, where only
failed tests (positive samples) are labeled, while the label
of passed tests remains unknown. The objective is to learn
representations that enable reliable separation of CC from RP.
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Fig. 2: The architecture of EVANS

Dataset. Let D denote the dataset, containing both labeled
and unlabeled samples:

D= {(zs,yi,li) |zs € X,y €Y, l; € Cri € {1,2,...,n}}
2
Each z; is the coverage vector of a test case that corresponds to
one sample. The label set Y = {0, 1} indicates failed (y; = 1)
or passed (y; = 0), C = {0, 1} indicates whether a sample is

labeled:

Li=1=y=1 §L=0=y €{0,1}. €))

Labeled samples (I; = 1) correspond to failed tests and are
treated as positive (X,), while unlabeled samples (I; = 0)
correspond to passed tests, which could be CC (y; = 1) or RP
(y; = 0) and form the set X,,. For clarity, we use samples and
coverage vectors interchangeably. Since the true labels of X,
are unknown, direct supervised classification is infeasible.
Pre-training. To enable EVANS to effectively represent
coverage data of tests, we first pre-train it via self-supervised
learning. Specifically, given the original coverage data X, we
generate a masked version X’ by applying a masking function
M:
X' = M(X) (€))]

EVANS is then trained to restore the original data X from X':
G:X'—»X o
The MLP encoder G(X) is trained with a reconstruction loss
Lrecon- Lrecon 18 a standard Mean Squared Error (MSE), which
encourages learning meaningful features by minimizing the
difference between the original input and its reconstruction.

ZHG

- Xi|? (©)

rccon =
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This stage encourages EVANS to capture structural patterns
of coverage data.

HN Selection. Within the hidden layers, EVANS calculates
the cosine similarity between positive and unlabeled samples
and then selects HN samples based on this similarity. Cosine
similarity captures directional closeness in high-dimensional
semantic space more robustly than raw coverage distances,
ensuring more accurate HN selection. For each unlabeled
sample z; € X, we compute the cosine similarity s(z;,z;)
between x; and all positive samples x; € X, as follows:

f@i) - f(xy)
1S @a)llllf ()l

where f(z;) and f(x;) represent the feature embeddings of
the x; and the x;, respectively, and || f(z;)|| and || f(z;)|| are
the Euclidean norms of these feature vectors. Next, we select
HN samples by identifying the unlabeled samples that are
most distant from all positive samples. The HN sample =~
is selected as follows:

)

s(xg, ;) =

®

xT = argzrlneaj? z?g? s(f(@i), f(z5))

These samples serve as reliable negative samples in subse-
quent contrastive learning. To train EVANS for effective HN
selection, we minimize the similarity between unlabeled and
positive samples:

Epseudo neg — |X | Z

This self-supervised contrastive loss encourages HN samples
to be selected from the most dissimilar unlabeled samples,
ensuring that EVANS can reliably separate CC from RP in
subsequent stages.

min s(f(z:), f(x;))

x]E I3

(€))



Contrastive learning. With positive and HN samples,
EVANS learns to separate CC from RP tests by maximizing
intra-class similarity and minimizing inter-class similarity.
Specifically, for an unlabeled sample representation f(z), the
goal is to ensure that its similarity to a positive sample is
greater than its similarity to a HN sample:

s(f(x), f(@™)) > s(f(2), f(z7)) (10)
where z7 is a positive sample (failed test case). 2~ is a HN
sample. s(f(z), f(z 1)) measures similarity between represen-
tations. The model minimizes the following contrastive loss:

S log exp(s(f(z), f(x;)))
e E S emen (s (@0). F @)
an
where P and N denote sets of similar and dissimilar pairs,
respectively. This loss is a commonly used pairwise contrastive
loss that allows EVANS to learn class-aware representations
and reliably identify unlabeled tests likely to be CC.

['con—loss = -

C. Pre-Training Module

The pre-training of EVANS initializes the MLP model to
effectively represent test coverage data. Following the “Single
Training Set” assumption [26], it relies on the same coverage
data as the subsequent PU learning phase. In this section, we
provide a step-by-step analysis of the pre-training process.

(1) Masked Coverage Data Generation. This process aims
to construct self-supervised training samples by selectively
masking parts of the original coverage data in a controlled
manner. Let the coverage data be denoted as X & Rnxd,
where n represents the number of test cases and d is the
coverage dimension, such as the number of program entities.
The objective is to generate a masked version X' from X by
applying a masking function M, as formulated in Eq. (4).

To achieve this, We set o = 0.05, as lower ratios are better
suited for capturing simple coverage patterns and ensuring
stable reconstruction performance. For each sample X; € X,
o x d] dimensions are randomly selected to be masked,
resulting in the masked data X|. The masking function is
formally defined in Eq. (12), where masked dimensions are
replaced with a fixed value of -1:

nmr{ym

Afterward, input-output pairs (X/, X;) are generated, where
the masked data X/ serves as the model input, and the original
data X is the restore target. This design ensures that the model
effectively learns the key features of the coverage data while
maintaining adaptability to various scenarios.

(2) Restore From Masked Coverage Data. The goal of this
process is to enable the model to learn feature representations
of the coverage data by restoring original inputs.

As shown in Fig. 3, the MLP adopts an encoder-decoder
structure, consisting of an input layer, seven hidden layers,
and an output layer. It is designed to learn nonlinear mappings
and extract high-level representations from corrupted inputs,
effectively capturing meaningful data distributions. To enhance

if the dimension m is masked (12)
otherwise
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Fig. 3: The structure of trained model

feature extraction and restoration, the first and second hidden
layers contain the same number of neurons, which is % times
the number in the input layer. Afterward, the number of
neurons gradually decreases until reaching a minimum in
the fourth hidden layer. By progressively reducing and then
increasing the neuron count, this symmetric structure enforces
a low-dimensional feature representation. This allows the
model to extract essential coverage patterns while discarding
redundant information.

Specifically, the input layer takes the masked coverage data
X’ and maps it to a high-dimensional feature space. The
subsequent hidden layers extract hierarchical features using
the ReLU activation function.

Finally, the output layer restores the original coverage
data as in Eq. (5). The model is trained with the MSE loss
in Eq. (6), which directly minimizes the reconstruction loss
between original and restored coverage data. This objective
guides the encoder to learn meaningful representations from
masked inputs through backpropagation.

To enable the effective selection of HN samples and CC
detection, we fine-tune the pre-trained MLP, and the refined
structure is shown in Fig. 4. First, one hidden layer is chosen as
the distance calculation layer. The identification of this layer is
determined through ablation studies (in section V-A), ensuring
that it provides optimal feature representation for distinguish-
ing positive and unlabeled samples. Second, we refine the
output layer. The original MLP was designed for restoration
tasks, taking masked and restored coverage data as input and
output. We fine-tuned it to adapt to the downstream contrastive
learning task to produce a probability score in the range [0,1],
representing the probability that a test case belongs to CC.
These lightweight adjustments adapt the model to downstream
tasks without affecting the semantic representations learned
during pre-training.

D. High-Confidence Pseudo-Negative Sample Selection Mod-

ule
In this section, we introduce the High-Confidence Pseudo-

Negative Sample Selection Module, which aims to select HN
from unlabeled samples. Given the challenge of distinguishing
CC from RP, this module leverages distance calculations to
select unlabeled samples that are most dissimilar to positive
samples. In the following, we will elaborate on the details of
this module.

(1) Inter-class Distance Calculation.

In the distance calculation layer, we calculate the cosine
similarity Sim(x;,x;) between each unlabeled sample z;
and all positive samples x;, using the feature representations
extracted from this layer, as defined in Eq. (7).
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Sim(x;, x;) ranges from [-1,1]. A value close to 1 indicates
high similarity, while a value close to -1 suggests greater
dissimilarity. In this context, lower similarity implies greater
inter-class distance, increasing the possibility that x; is an HN
sample. To quantify this dissimilarity, we define MaxSim,
which represents the maximum distance between an unlabeled
sample and any positive sample:

MaxSim(z;) = max (1 — Sim(z;, x;))

T;ET

A higher MaxSim value indicates that x; is more distinct
from the all positive samples. Next, we rank all unlabeled
samples based on their MaxSim scores and select the Top-
K samples with the highest MaxSim values as HN samples.
This strategy is effective because CC tests often exhibit similar
execution behaviors to failing tests, rather than RP test cases.
Consequently, unlabeled samples with higher MaxSim values
are more likely to be RP tests rather than CC tests.

(2) Progressive Fine-tuning. To enhance the model’s ability
to distinguish CC from RP tests, we propose a progressive fine-
tuning strategy. This strategy enables the model to iteratively
select reliable HN samples from the unlabeled set X,,, grad-
ually expanding the training set for the contrastive learning
module while maintaining high sample quality. The overall
process consists of four key steps.

a) Step 1: Initial Fine-tuning: The pre-trained model is
first fine-tuned using the available labeled samples. Specifi-
cally, we use the labeled failed test cases as positive samples
(X;) and the initially selected HN samples as negative sam-
ples. The model weights are updated and stored as €2y. No
additional pseudo-labels are introduced in this step.

b) Step 2: Pseudo-Negative Selection: After the initial
fine-tuning, we leverage the trained model to predict the
similarity scores between unlabeled and positive samples. The
selection of new HN samples follows these steps:

13)

« For each unlabeled sample z; € X, calculate its cosine
similarity with all labeled positive samples z; € X,.
o Identify the minimum cosine similarity score for each
unlabeled sample.
« Rank all unlabeled samples based on their MaxSim scores
and select the Top-K samples as HN samples.
c) Step 3: Incremental Training: After selecting new HN
samples, we expand the training set by incorporating them
alongside the original labeled samples. This iterative process
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ensures that the model learns progressively from more reliable
negative samples, improving its ability to differentiate between
CC and RP test cases.

d) Step 4: Adaptive Weight Adjustment: Since newly
added HN samples may contain noise, we employ a dynamic
weight decay strategy to reduce their influence during fine-
tuning. Specifically, the weight of each training sample at
iteration e is defined as: .

Wi=1 o1 e={1,2,...,E,} (14)

where e represents the current fine-tuning iteration, and F,,
is the maximum number of iterations. This approach ensures
that earlier HN samples have a stronger influence on the
training process, while later ones contribute less to prevent
noise accumulation.

The progressive fine-tuning process terminates when the
model performance on the validation set ceases to improve.

E. Weakly-Supervised Contrastive Learning Module

This module is an essential component of EVANS. In this
module, EVANS constructs contrastive learning pairs using
HN and positive samples X, selected in Section III-D. The
goal is to bring similar samples closer together while ensuring
that different samples remain distinct. To achieve this, EVANS
employs a contrastive loss function based on InfoNCE [54]:

e 3 log SRV ). /(2)
(xi,2,)€P Z(zk,zm)EN exp(s(f(xk), f(-rm)))
(15)
where: (x;,x;) € P are positive sample pairs, meaning both
samples belong to the same category, such as {HN, HN}
and {X,, X,}. (x,2,) € N are negative sample pairs,
meaning the two samples belong to different categories, such
as {HN,X,}. f(x) represents the feature embedding of
sample x. s(f(z;), f(z;)) measures the similarity between
two sample embeddings. By minimizing Ly, the model learns
to increase the similarity of samples in the same category.
At the same time, it reduces the similarity of samples from
different categories. This improves feature discrimination.

After training, the model uses the learned feature repre-
sentations to estimate whether an unlabeled sample z; € X,,
belongs to the CC. The inference process consists of the
following steps:

1) Pair each unlabeled sample X, with a positive sample

X, and input them into the trained model.




2) Calculate the probability p(X,), which represents the
probability that X, is a CC.
o If p(X,) is close to 1, the sample is likely a CC.
o If p(X,) is close to 0, the sample is likely an RP.
This contrastive learning module helps EVANS refine its
classification of CC and RP. By using HN samples and
contrastive loss, the model improves its ability to separate dif-
ferent test case categories. This enhances overall classification
accuracy in PU learning.

F. Overall Training Workflow

For each program, all samples are used without splitting
into training, validation, or test sets. The model is first pre-
trained to learn semantic representations of coverage data,
then utilizes all samples in the HN Selection stage to identify
HN samples. Finally, contrastive learning is performed using
positive and HN samples, enabling the model to predict CC
probabilities for the remaining unlabeled samples.

IV. EXPERIMENTS SETTING

In this section, we evaluate EVANS for CC detection,
investigate the effect of key parameters, and examine its impact
on FL. To achieve this, we address the following research
questions (RQs):

RQ1: How effectively does EVANS identify CC test cases?

RQ2: How do distance calculation layers, progressive tun-
ing and pre-training impact EVANS’s performance?

RQ3: How does EVANS improve FL effectiveness?

A. Dataset

To evaluate EVANS and answer these research questions,
we use Defects4], a widely adopted benchmark dataset. Intro-
duced by Just et al. [3] in 2014, it provides a comprehensive
collection of real-world Java programs with known faults.
Table II presents details of six representative programs in
Defects4]. Versions denote the number of faulty program
versions. LoC (k) indicates program size (in thousands of lines
of code). Tests indicate the total test cases per program. The
description summarizes each program’s functionality. These
metrics illustrate the dataset’s diversity and complexity, sup-
porting a comprehensive evaluation of EVANS.

TABLE II: The details of Defects4]

Program Versions LoC(k) Tests

Description

Chart 26 96 3565 Java chart library
Closure 133 90 4,457 Closure compiler

Lang 65 22 4,589 Apache commons-lang
Math 106 85 12,089 Apache commons-math
Mockito 38 23 20,200 Mocking framework for Java
Time 27 28 50,933 Standard date and time library
Total 395 388 333,018 -

B. Baselines

To answer RQ1, we evaluate EVANS against several CC
detection methods, including:
(1) RF [16]: Combines ensemble random forests with cov-
erage data and majority voting for CC detection.
(2) CBCFL [17]: Integrates failure context (impactful state-
ments) via cluster analysis to identify CC test cases.

(3) ContraCC [50]: Uses contrastive learning to maximize
intra-class similarity and minimize inter-class similarity.

(4) FCCI [55]: Fuzzy expert system with suspiciousness,
fault-proneness, and fault-masking features.

(5) NeuralCCD [18]: Learns expert features via MLP for CC
detection.

(6) MLCCI [56]: Trains random forest on 60 expert features
derived from 20 spectrum-based formulas.

(7) TriCoCo [57]: Uses triplet network to detect CC with
high precision.

(8) CORE [13]: Integrates multi-features via ensemble learn-
ing for CC detection.

To answer RQ3, we follow Xie et al. [57], integrate
EVANS into the FL methods Dstar [7] and MUSE [58], and
additionally include the machine learning based FL method
CNN-FL [32]. We evaluate its impact through two strategies.

(1) Removes identified CC test cases.
(2) Relabels CC test cases from 0 to 1.
C. Evaluation Metrics

In this section, we present the evaluation metrics used to
evaluate the effectiveness of EVANS [12], [14], [17], [53],
[59]-[61].

For RQ2, we use three widely adopted metrics to evaluate
EVANS’s performance:

(1) Recall: Measures the proportion of correctly identified
CC test cases among all actual CC test cases:

T..NT'
Recall = [Tee 0 Teel o |CC' (16)

where T.. is the set of actual CC test cases, and 77, is
the set predicted as CC.
(2) Precision: Evaluates how many predicted CC test cases
are actually correct: | /|
T..NT],
7. (4
(3) Fl-score: The harmonic mean of recall and precision,

balancing both metrics:
2 x Recall x Precision

Fl= — (13)
) Recall + Precision =
For RQ3, four widely used evaluation metrics in FL are

used to evaluate the effectiveness of FL [8]-[10], [13], [17],

[33], [57], [62]-[65].

(1) Top-K: Checks if at least one faulty statement ranks
within the top K positions. We follow prior studies by
setting K € {1,3,5}.

(2) Mean Average Rank (MAR): Computes the average
rank of all faulty statements.

(3) Mean First Rank (MFR): Records the rank of the first
correctly identified faulty statement.

(4) Wilcoxon Signed-Rank tests (WSR): Determines
whether the differences between two experimental con-
ditions are statistically significant, following prior stud-
ies [13] with a significance threshold of p = 0.05.

(5) Cohen’s d: Quantifies the standardized mean difference
between two methods. Following common practice, d =
0.2, d = 0.5, and d = 0.8 indicate small, medium, and
large effects, respectively.

Precision =
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TABLE III: The effectiveness of EVANS in detecting CC test cases compared to the state-of-the-art baselines. The best results

are highlighted in bold and

background. The suboptimal results are highlighted in

background.

Program | Method | Recall Precision F1 || Program | Method Recall  Precision ~ F1 || Program | Method | Recall Precision  F1
RF 96% 13%  24% RF 95% 15%  26% RF 89% 15%  26%

CBCFL | 58% 18%  28% CBCFL  56% 2% 33% CBCFL | 61% 29%  40%

ContraCC | 81% 4% 48% ContraCC ~ 51% 35% 4% ContraCC | 69% 4% 46%

Chart FCCI 60% % 65% Math FCCI 48% 69%  57% Lang FCCI 33% 50%  40%
NeuralCCD | 32% 67%  43% NeuralCCD  16% 60%  25% NeuralCCD |  19% 9%3%  32%

MLCCI | 59% 0%  64% MLCCI  50% 52%  51% MLCCI | 73% 50%  59%

TriCoCo | 59% 0% 1% TriCoCo  30% 93% 1 46% TriCoCo | 48% 96% 1 64%

CORE 38% 4% 4% CORE 32% 48%  38% CORE 29% 0% 34%

EVANS | 70% 3% 7% EVANS  73% 7%  [115% EVANS | 68% 66%  [167%

RF 100% 1 20%  33% RF 99% 2% 48% RF 9% 3% 6%

CBCFL | 75% 20%  31% CBCFL  86% 0% 5% CBCFL | 84% 5% 10%

ContraCC 59% 49% 54% ContraCC 47% 57% 52% ContraCC 50% 45% 47%

Closure FCCI 23% 60%  33% || Mockito FCCI 30% 6%  41% Time FCCI 19% 67%  30%
NeuralCCD |  28% 66%  39% NeuralCCD  13% 7% 20% NeuralCCD | 30% 35%  32%

MLCCI 36% 67%  47% MLCCI  55% 56% 5% MLCCI | 47% 50%  48%

TriCoCo | 35% 76%  48% TriCoCo  32% 2% 4% TriCoCo | 63% 55%  58%

CORE 36% 39%  37% CORE 35% 41%  38% CORE 33% $3%  37%

EVANS | 70% 67% 68% EVANS — 75% 7% 6% EVANS | 41% 0% 5%

D. Implementation Details (52% Time vs. 76% Mockito) can be explained by dataset-
For the pretraining stage, we adopt a masked specific characteristics. Time has fewer fault-revealing tests

autoencoder architecture with hidden layer dimensions
[1024,512,256,128,16], ReLU activation, and dropout ratios
ranging from 0.2 to 0.35. The input features are randomly
masked with a ratio of 5%. The model is optimized using
Adam with a learning rate of 0.001, batch size 64, mean
square error loss, and trained for 30 epochs. For the weakly-
supervised stage, we use the pretrained encoder followed
by a two-layer classifier [32,2] with ReLU and dropout
(0.3). The model is optimized with Adam (Ir = 0.001), batch
size 32, cross-entropy loss, and trained for 100 epochs.
Training/validation splits are 80/20 unless otherwise stated.

V. EXPERIMENTAL RESULTS
A. RQI: How effectively does EVANS identify CC test cases?

To evaluate the effectiveness of EVANS in CC detection, we
compare it against eight widely used baseline methods on the
Defects4]J dataset. These baselines include supervised methods
(RF [16], NeuralCCD [18], MLCCI [56], TriCoCo [13], CORE
[57]), unsupervised methods (CBCFL [17], FCCI [55]), and
self-supervised methods (ContraCC [50]). It is worth noting
that CORE relies on a large set of additional features and
operates under a fully supervised setting, whereas EVANS is a
weakly supervised method that only leverages coverage data.
For a fair evaluation, we re-implemented CORE under the
same experimental conditions as EVANS, that is, excluding
its extensive additional features except for coverage data. For
evaluation, we employ widely used metrics: Recall, Precision,
and F1 score.

Table III presents the detection results of EVANS and the
baselines. The best results are highlighted in bold with a dark
gray background, while the second-best results are shown with
a light gray background. The experimental results demonstrate
that EVANS consistently achieves the highest F1 score across
all datasets. In particular, in the Mockito program, EVANS
attains an F1 score of 76%, surpassing the second-best method,
CBCFL, by 19%, indicating its superior ability to correctly
classify CC test cases. Similarly, in Math and Closure, EVANS
achieves F1 scores of 75% and 68%, respectively, outperform-
ing all baselines. The variation in F1-scores across programs

and highly imbalanced coverage, making HN selection more
difficult. These challenges affect all methods, most of which
fall below 50%. Even so, EVANS achieves the best result
(52%) on Time, showing robustness. Beyond overall perfor-
mance, we observe notable trends across different baselines.
Although TriCoCo achieves high precision (up to 90%—-96%),
this is accomplished by explicitly sacrificing recall to reduce
false positives, as acknowledged in [13]. This trade-off results
in limited CC coverage and lower F1 performance, whereas
EVANS achieves a better balance between precision and recall,
enabling more robust detection. CORE, when re-implemented
with only coverage features for fair comparison, yields poor F1
scores (34%—-41%), indicating that its advantage largely comes
from additional features. In contrast, RF and CBCFL exhibit
high recall but very low precision (e.g., 15%—20%), leading to
some false positives that degrade detection reliability. These
noises impact downstream tasks such as FL by introducing
misleading patterns that reduce localization accuracy. FCCI
and MLCCI, despite their relatively high Precision, struggle
to comprehensively capture CC test cases, resulting in Recall
values as low as 19%-50%. Traditional supervised methods,
such as NeuralCCD, heavily rely on fully labeled datasets.
In contrast, EVANS effectively learns from a limited set
of positive labels and a large pool of unlabeled test cases,
allowing it to generalize well across diverse datasets.

Answer to RQI: EVANS consistently outperforms all
baselines in CC detection, achieving the highest F1 score
across multiple datasets. Its ability to balance Precision
and Recall ensures accurate CC identification while min-
imizing false positives. Moreover, EVANS’s PU learn-
ing framework enables effective generalization in weakly
supervised settings, making it a practical and scalable
approach for CC detection.

B. RQ2: How do distance calculation layers, progressive
tuning and pre-training impact EVANS'’s performance?

In RQ2, we investigated the impact of the selected distance
calculation layer and progressive fine-tuning on EVANS’ per-
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TABLE IV: Performance Comparison Across Programs

Method | Chart Closure Lang Math Mockito Time
EVANS 95.55%  89.68%  91.65%  89.04%  93.27%  99.39%
EVANS_input 86.45%  8091%  83.09% 7927%  84.56%  90.45%
EVANS_middle | 89.67% 83.49% 83.81% 83.78%  88.71% 91.85%

formance. Specifically, we aimed to determine which hidden
layer should be used to calculate the distance between unla-
beled and positive samples. Based on previous studies [66],
we focused on three key layers: the input (IN) layer, the
lowest-dimensional (LD) hidden layer, and the intermediate
(IM) hidden layer. The IN layer retains the original coverage
information, reflecting detailed testing behavior. The LD layer
provides a compact feature representation, reducing redun-
dancy and enhancing the model’s ability to distinguish subtle
differences between samples. The IM layer balances original
input and compressed representations, preserving structural
details and key distinguishing features. We evaluated the HN
selection performance for each layer, as shown in Table IV. To
investigate the impact of different layer selections, we define
three configurations: EVANS utilizes the LD hidden layer for
HN selection while EVANS_input selects the IN layer and
EVANS_middle applies the IM layer. Table IV presents the se-
lection accuracy across six benchmark programs. EVANS con-
sistently achieves the highest accuracy across all datasets, with
an average performance significantly surpassing EVANS_input
and EVANS_middle. For instance, in the Chart and Time
programs, EVANS attains 95.55% and 99.39% accuracy, re-
spectively, demonstrating its robust capability in identifying
reliable HN samples. In contrast, EVANS_input exhibits the
lowest performance and EVANS_middle also underperforms
compared to EVANS. These results confirm that selecting
the LD layer in EVANS provides the most effective feature
representation for distinguishing CC from RP test cases.
This validates the rationale behind our choice, ensuring both
optimal accuracy and stability in HN selection.

We also evaluated the impact of progressive fine-tuning
and pre-training by comparing EVANS with its two variants:
EVANS (w/o PF), which removes progressive fine-tuning, and
EVANS (w/o pre-t), which excludes the pre-training phase.
As shown in Table V, EVANS consistently outperforms both
variants across most datasets. Although EVANS (w/o PF)
achieves slightly higher accuracy in Chart and Math, it iden-
tifies significantly fewer HN samples, confirming the value of
progressive fine-tuning. More importantly, EVANS (w/o pre-t)
shows a clear performance drop in all programs, with accuracy
decreases ranging from about 2% to 7%. This indicates that
pre-training effectively enhances the representation quality of
coverage vectors, which in turn improves HN selection and
overall CC detection performance. Overall, both components
contribute to EVANS’s effectiveness, where progressive fine-
tuning stabilizes HN selection and pre-training strengthens the
feature space for reliable distance computation.

Answer to RQ2: The results of RQ2 show that using the

LD layer for distance calculation significantly improves

the model’s ability to distinguish between CC and RP

test cases. Additionally, progressive fine-tuning and pre-
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TABLE V: Comparison results of EVANS (w/o PF), EVANS
(w/o pre-t) and EVANS

Method ‘ Chart Closure Lang Math Mockito Time

EVANS | 95.55% 89.68% 91.65% 89.04% 93.27% 99.39%

(658)  (34032) (802)  (2097) (3736) (9954)

EVANS | 96.00% 88.15% 92.55% 90.45% 91.04% 99.54%

(w/o PF) (564) (30042) (615)  (1751) (3048) (7153)

EVANS |[92.94% 8247% 87.96% 86.42% 85.76% 97.84%

(w/o pre-t) | (640) (31299) (770)  (2034) (3435) (9799)

The percentage values indicate the accuracy of identifying RP in
selected HN, while the numbers in parentheses represent the total
number of selected RP.

training play a key role in the selection of HN sam-
ples. These findings enhance the HN selection process in
EVANS and improve its effectiveness in CC detection.

C. RQ3: How does EVANS improve FL effectiveness?

FL techniques rank suspicious program entities based on test
case results. However, CC test cases introduce noise, misrank-
ing faulty entities, and reducing localization accuracy [14]. To
evaluate this impact, we integrate EVANS into the three widely
used FL methods and compare it with eight CC detection
baselines. We adopt two strategies to process CC test cases
identified by EVANS and the baselines. The clean strategy
removes CC test cases to eliminate misleading execution data.
The relabel strategy reassigns their labels from passed to
failed (0 to 1) to ensure fault ranking accurately reflects their
influence.

Table VI presents the FL effectiveness under both Relabel
and Clean strategies. Under the Relabel strategy, EVANS
consistently outperforms all baselines. For example, on Dstar,
EVANS improves Top-3 accuracy by 100% over the origi-
nal baseline. In contrast, under the Clean strategy, EVANS
achieves competitive results: while it is slightly inferior to
TriCoCo on some projects and metrics, it still outperforms
all remaining baselines. This is because TriCoCo detects
fewer CC tests but favors precision, making it particularly
effective when CC tests are removed under the Clean strategy.
Nevertheless, EVANS remains robust, consistently ranking
among the top methods under both strategies and delivering
clear improvements in FL accuracy. Figure 5 further illustrates
the impact of CC handling on MFR and MAR. EVANS
achieves lower values than most baselines across both strate-
gies, confirming its effectiveness in FL. To verify statistical
significance, we conduct the WSR [61] and Cohen’s d [67]
on the MFR metric. As summarized in Table VII, EVANS
achieves statistically significant improvements over all eight
baselines, with medium to large effect sizes, further validating
its advantage.

Answer to RQ3: EVANS significantly enhances FL ef-
fectiveness under both strategies. With the clean strategy,
EVANS reduces MFR and MAR while improving Top-3
accuracy by 100% over original Dstar. With the relabel
strategy, EVANS achieves gains of 53.85%, 72%, and
63.16% in Top-1, Top-3, and Top-5 metrics, respectively.



TABLE VI: Comparison results under Relabel and Clean strategies for Dstar, MUSE, and CNN-FL.

\ \ Dstar \ MUSE \ CNN-FL
Strategy | Method |~ MpR  MAR  Top-1 Top-3 Top5 | MFR  MAR Top-1 Top-3 Top-5 | MFR  MAR  Top-1 Top3 Top-5
Original | 360.12 82291 13 25 38 | 30805 77140 16 26 49 | 105544 220865 5 9 15
RF 169648 208182 2 6 10| 154564 198699 2 7 10 | 325076 3890.14 1 2 3
CBCFL | 128481 142471 6 19 25 | 93960 137946 10 24 31| 240031 315562 3 6 10
ConraCC | 25462 73831 23 47 60 | 20126 63495 23 44 63 | 118092 254031 7 15 2
FCCI 33498 78445 10 21 34| 30120 74423 12 21 35 | 140215 289465 4 10 16
Relabel | NeyralCCD | 289.04 73553 15 29 43| 27400 64573 19 31 56 | 135088 268055 5 12 18
MLCCI | 27077 63970 16 31 48 | 22201 55931 21 3 60 | 122573 241092 6 n 21
TriCoCo | 22020 51261 18 35 52 | 18651 47099 22 35 68 | 110834 220088 7 16 24
CORE 590.04 100063 11 2 33 | 53890 93928 13 25 39 | 157324 273370 2 2 8
EVANS | 23040 54145 25 50 69 | 18350 48251 25 51 6 | 95022 198573 9 18 28
Original | 360.12 82291 13 25 38 | 30805 77140 16 26 49 | 105544 220865 5 9 15
RF 19998 90757 14 28 38 | 44268 84379 14 31 39 | 1880.16 331044 2 4 7
CBCFL | 71815 98043 3 3 4 | 62340 88299 3 4 4| 145022 268087 1 2 3
ContraCC | 34202 127726 12 38 47 | 28322 93954 16 39 54| 125533 250544 6 12 20
Clean FCCI 43022 100329 13 29 37 | 41032 93433 19 2 57 | 138854 270419 5 1 18
NeuralCCD | 30011 70232 15 35 18 | 26786 61447 18 38 52| 120964 241285 7 14 2
MLCCI | 25585 69830 17 40 55| 22251 61174 19 45 63 | 115522 220561 8§ 15 24
TriCoCo | 20864 65211 22 57 70 | 18630 61246 26 75 87 | 112081 224890 10 21 30
CORE 36247 86515 10 3 35 | 33405 61559 11 38 40 | 134566 258961 3 7 10
EVANS | 24197 60345 20 43 62 | 20089 60941 20 56 66 | 980.12 200541 13 29 33
Relabel-MFR Clean-MFR
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Fig. 5: Comparison of MFR and MAR under clean and relabel strategies.

TABLE VII: The WSR and Cohen’s d results comparing EVANS with eight baselines.

Comparison WSR Cohen’s d | Comparison WSR Cohen’s d | Comparison WSR Cohen’s d
EVANS vs. Dstar BETTER 0.90 EVANS vs. MUSE BETTER 0.92 EVANS vs. CNN-FL BETTER 0.87
EVANS vs. RF BETTER 2.7 EVANS vs. RF BETTER 2.13 EVANS vs. RF BETTER 1.23
EVANS vs. CBCFL BETTER 233 EVANS vs. CBCFL BETTER 1.63 EVANS vs. CBCFL BETTER 0.93
EVANS vs. ContraCC BETTER 0.64 EVANS vs. ContraCC BETTER 0.62 EVANS vs. ContraCC BETTER 0.82
EVANS vs. FCCI BETTER 0.91 EVANS vs. FCCI BETTER 0.90 EVANS vs. FCCI BETTER 0.92
EVANS vs. NeuralCCD  BETTER 0.81 EVANS vs. NeuralCCD  BETTER 0.81 EVANS vs. NeuralCCD  BETTER 0.88
EVANS vs. MLCCI BETTER 0.72 EVANS vs. MLCCI BETTER 0.70 EVANS vs. MLCCI BETTER 0.85
EVANS vs. TriCoCo BETTER 0.13 EVANS vs. TriCoCo BETTER 0.11 EVANS vs. TriCoCo BETTER 0.76
EVANS vs. CORE BETTER 1.27 EVANS vs. CORE BETTER 1.08 EVANS vs. CORE BETTER 0.81

WSR and Cohen’s d results confirm that these improve-
ments are statistically significant, demonstrating that ac-
curate CC identification leads to more effective FL.

VI. DISCUSSION
A. Why does EVANS Work?

We evaluate the effectiveness of EVANS in CC detection
by examining its key advantages. EVANS uses the High-
Confidence Pseudo-Negative Sample Selection Module to iden-
tify HN samples from unlabeled data. As shown in Table IV, it
achieves 95.55% HN precision in Chart and 99.39% in Time.
Through progressive fine-tuning, EVANS expands the HN set
in Mockito from 3,048 to 3,736 samples, a 16.7% increase,
while maintaining 93.27% precision (Table V). EVANS also

surpasses all baselines in overall CC detection. In Table III,
it achieves an Fl-score of 75% in Math and 68% in Clo-
sure, outperforming the second-best methods by 19-28%.
In Lang, it achieves balanced performance: 66% Precision,
68% Recall, and a 67% F1 scoremore than twice that of
Neural CCD (32%). These improvements are further enhanced
by contrastive learning. The weakly supervised module learns
fine-grained representations from 89,132 positive-HN sample
pairs. This directly contributes to a 100% gain in Top-3 FL
accuracy (Table VI).

B. Impact of Top-K selection.

During weakly supervised learning in EVANS, HN samples
are crucial for helping the model learn the relationship between
positive and HN samples. Although these samples may contain
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some noise, they provide essential contrastive information
for training. If the proportion of RP test cases within the
HN samples is too low, the model may fail to capture key
differences between CC and RP test cases, hindering its ability
to effectively distinguish between the two. In HN selection
process, we rank all unlabeled samples by their inter-class dis-
tance to positive samples and select the top K with the greatest
distance as HN samples. To evaluate the impact of different
values of K, we conducted an empirical study on four datasets:
Lang-26, Lang-2, Math-76, and Math-88. As shown in Fig. 6,
setting ' = 0.2 resulted in peak precision across all datasets.
Specifically, Lang-26 and Math-76 achieved 100% precision,
while Math-88 achieved 97.1% precision at K = 0.2, with
minimal fluctuation. This configuration effectively reduced the
risk of model confusion due to excessive noise.

Lang-26 Lang-2
100% 100%
80% 80% ._‘_\»'—"\\
= =
S 0% S 60%
g 0% g ao%
&= 20% = 20%
0% 0%
010203 0405060708 0.9 010203 0405060708 0.9
k k
Math-76 Math-88

100% 100%
80% 80%
60% S 60%
40% S 40%

20%

Precision
Precision

5
S

0%

0.1020.30405060.70.8 09 0.1020.304050.60.70.8 0.9
k k

Fig. 6: The line chart of the precision values under different

values of k.
We further validated this choice on the Defects4] dataset.

As shown in Table VIII, setting K = 0.2 maintained high
precision across all evaluated programs. Notably, the Time
program achieved 99.39% precision, while the Math program,
despite being the lowest, still achieved 89.04%. The average
precision across all six projects was 93.23%.

TABLE VIII: The proportion of RP in HN

Program Chart Closure Lang  Math Mockito Time
Precision 95.55% 89.68% 91.65% 89.04% 93.27% 99.39%

C. Computational Overhead and Scalability

We report the computational overhead of EVANS and other
CC detection methods in Table IX. It shows that EVANS
maintains a moderate and acceptable computational overhead
across programs of different sizes. Although it incurs higher
costs than lightweight baselines such as RF, CBCFL, and
FCCI, its execution time remains comparable to neural-based
methods like Neural CCD and TriCoCo. For instance, on Lang
and Math, EVANS requires 16.54s and 14.61s, which are close
to other neural approaches. Even on large-scale programs such
as Closure (58.68s), its overhead is slightly lower than CORE
(61.43s). These results indicate that EVANS achieves a good
balance between efficiency and effectiveness, with overhead
remaining within a reasonable range for practical use.

D. Threats to Validity

This section discusses the potential threats to the validity
of EVANS and the measures taken to mitigate them. We

TABLE IX: Comparison of Computational Overhead Among
EVANS and Other CC Detection Methods

Program

Method \ Chart Closure  Lang  Math  Mockito  Time
RF 3.57 50.79 1.53 2.63 3.77  29.73
CBCFL 1.43 11.62 0.30 0.82 0.84 3.59
ContraCC 4.01 51.92 1.48 244 412 2937
FCCI 1.37 12.14 0.29 0.79 0.87 3.73
NeuralCCD | 12.28 45.05  13.69 10.55 18.35  33.49
MLCCI 3.92 53.21 1.46 2.51 4.06 2894
TriCoCo 12.39 50.15 1292 10.82 1599  32.04
CORE 14.33 6143 1534  12.67 1895 3576
EVANS 16.35 58.68 1654  14.61 19.51  40.37

categorize these threats into internal validity, external validity,
and conclusion validity.

Internal Validity. Tmplementation errors may affect results.
We conducted code reviews, unit tests, and open-sourced
our implementation for replication. To reduce variability, all
experiments were repeated ten times and results are averaged.

External Validity. Our evaluation focuses on Java datasets,
which may limit generalizability to other programming lan-
guages (e.g., C, Python) and application domains. Language-
specific syntax, runtime behavior, or testing frameworks could
affect EVANS’s performance. Additionally, EVANS relies on
test coverage data, which may be incomplete or unavailable
in practice. Future work can explore applying EVANS to
multilingual datasets and diverse domains, such as embedded
systems, web applications, or scientific computing. Incorpo-
rating additional dynamic signals, such as execution logs,
variable tracking, or runtime traces, may further improve
robustness and broaden applicability.

Conclusion Validity. Results are averaged over ten runs to
ensure consistency. EVANS’s performance depends on accu-
rate HN selection. Misclassifying CC as RP introduces noise.
We mitigate this by sensitivity analysis on similarity thresholds
and by optimizing hyperparameters (e.g., margin «) using
cross-validation to ensure stable performance. Experiments
use single-fault localization and multi-fault scenarios are left
for future work.

VII. CONCLUSION

In this paper, we propose EVANS, an approach for detecting
coincidental correctness test cases using positive and unlabeled
learning. EVANS comprises two key modules. The high-
confidence pseudo-negative selection module selects high-
confidence pseudo-negative samples by analyzing inter-class
distances. The weakly supervised contrastive learning module
improves coincidental correctness detection by enhancing the
distinction between CC and reliably passed test cases. Ex-
periments on Defects4] confirm that EVANS performs well
compared with other CC detection methods. In future work,
we plan to extend EVANS to a wider range of software projects
and programming languages to improve its generalizability and
robustness in CC detection.
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