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Machine learning-based methods are increasingly used to optimize build processes and accelerate the inte-
gration of software code. These methods leverage large volumes of historical code changes to train models
on predicting and preventing issues in the codebase that could delay code integrations and features delivery
to end-users. The objective of this study is to examine the impact of handling class noise present in software
code changes collected from Continuous Integration (CI) systems on the predictive performance of machine
learning models for predicting the execution outcome of CI builds and negative code reviews. In this study, we
conduct a series of computational experiments using data from 110 Java open-source projects, examining the
effectiveness of two removal-based statistical techniques - Majority Filter (MF) and Consensus Filter (CF) - and
two corrective techniques - Domain Knowledge-based (DB) and CleanLab. Our results show that removal-based
techniques significantly improve model predictive performance in both build outcome and negative code
review prediction tasks. For build outcome prediction, applying MF increased the F1-score from 82% to 97%,
and MCC from 0.13 to 0.58. In negative code review predictions, MF improved the F1-score from 17% to 53%,
and MCC from —0.03 to 0.57. The DB technique was effective primarily in the context of code review comments
but less so for build outcome predictions. While CleanLab yielded more consistent predictions, its overall
impact on model performance was more moderate compared to removal-based techniques. Additionally, our
findings show that hyperparameter tuning, applied independently or in combination with CleanLab, can
further improve model performance; however, these gains did not surpass those achieved by removal-based
techniques alone. We conclude that applying removal-based techniques to the training data of code changes
is necessary to improve the prediction of build outcomes and negative code review comments.
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1 Introduction

Software engineering companies are under increasing pressure to deliver high-quality software
products to the end-users as quickly as possible [30]. To meet these demands, companies are
adopting the practice of Continuous Integration (CI), which promotes for frequent integration
and testing of code changes [14]. This practice has become an integral part of modern software
development processes as it offers various advantages, such as streamlining workflows, fostering
collaboration between team members, and improving software quality.

Despite these benefits that CI offers to companies, it poses the challenge of minimizing the feed-
back latency between CI and software engineers without compromising fault detection capability.
The growing complexity of features and the lengthy compilation time that CI takes underline the
need for tools that can expedite the feedback time to software engineers and effectively pinpoint
faults in the code. These tools aim to promptly identify and report code changes that are likely to
contain faults to software engineers, ensuring rapid detection and fixing of faults.

Machine Learning (ML)-based methods have proven effective in accelerating code integration
by predicting fault-prone software modules [23, 39]. By analyzing code commit histories and build
execution outcomes, these methods can identify patterns in code changes that may lead to build
failures [2]. However, recent studies have shown that code commits data come with large amounts
of inaccurate class values, known as class noise, assigned to lines of code can impede the predictive
performance of ML models [21]. In the context of CI, these inaccurately labeled lines of code can
originate from several factors, such as flaky test cases or flawed data collection methods.

To address the problem of class noise, researchers have proposed several techniques that can be
divided into three categories: (1) tolerance, (2) removal, and (3) correction. The tolerance-based
techniques focus on designing ML models that are robust and capable of tolerating a certain level
of noise in the data [62]. The removal-based techniques seek to identify entries with class noise and
then remove them from the dataset. The main advantage of using such techniques is that they retain
cleaner entries of the data and discard unclean ones. However, using removal-based techniques
can lead to losing valuable information that can be used by the model to learn important patterns.
Finally, techniques in the correction category seek to correct mislabeled entries by replacing their
values with ones that are more appropriate. These techniques are particularly appealing when
the training data is small since no removal of data entries is required. However, by correcting
mislabeled entries we introduce a risk of bias toward one of the classes [32].

Several Software Engineering (SE) researchers have investigated the use of different noise-
handling techniques to improve the detection of fault-prone software modules. For example,
Khoshgoftaar and Rebours [26] conducted a case study to investigate the effectiveness of two
removal-based techniques in improving the identification of fault-prone software modules. The
evaluation was performed using a dataset of 10,883 software modules. The results showed that the
models’ performances improve the most when using a conservative technique where fewer entries
in the data are removed. In a related study, Hulse et al. [54] investigated a correction-based approach
using Bayesian multiple imputation to address class noise. Working with a dataset of 282 software
program modules, they reported that approximately 60% of mislabeled entries were successfully
corrected using the technique. Additionally, Khoshgoftaar et al. [27] proposed a removal-based
method combining statistical modeling and Boolean rules to detect noisy entries. Their evaluation,
conducted across seven software programs from the NASA dataset, demonstrated that the approach
successfully identified all known noisy entries in six out of seven projects.

While most existing studies in the literature demonstrate that noise-handling techniques can
significantly improve model predictive performance in SE tasks, these studies primarily focus
on examining statistical-based methods without considering domain-specific factors that could
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influence noise patterns. Moreover, few research has examined the effectiveness of corrective-based
techniques in the context of CL To address these gaps, we extend prior research by evaluating both
removal-based and corrective-based noise-handling techniques in the context of CI. Specifically,
we assess two widely used removal-based methods—Majority Filter (MF) and Consensus Filter
(CF)—alongside two corrective approaches: a domain knowledge-driven technique and CleanLab, a
data-driven framework that automatically detects and corrects mislabeled instances [35]. Our goal is
to empirically examine and compare the impact of these techniques that span removal and corrective
strategies on the performance of a ML-based method for predicting fault-prone code changes using
large-scale datasets of code commit histories. By doing so, we aim to provide DevOps practitioners
and software engineers with actionable insights into which class noise-handling strategies are most
effective for improving the prediction of fault-prone changes within CI pipelines.

To achieve this goal, we design and implement two computationally controlled experiments in
which we examine the impact of two statistical-based removal techniques and two corrective-based
techniques for class noise-handling in the context of CI. In the first experiment, we examine the
impact of these techniques on the prediction of build execution outcomes, i.e., whether a build will
fail or pass. We perform the evaluation using a large dataset of 110 Java open source projects and
pose the following Research Question (RQ):

RQ1: What is the impact of applying class noise-handling techniques on predicting the outcome
of builds in CI?

The second experiment examines how each of the four class noise-handling technique impacts
the prediction of negative code review comments made by reviewers during the code review
process. We work with a sample of 5,066 lines of code and their corresponding code comments
from two open source projects. These lines of code are manually labeled based on the sentiment
expressed by reviewers regarding the readiness of the code for integration or the need for changes.
Consequently, we pose the following RQ.

RQ2: What is the impact of applying class noise-handling techniques on predicting negative code
review comments?

Since ML techniques inherently rely on numerical vectors as input for training, the selection of
the feature extraction algorithm becomes a crucial factor in influencing the predictive performance
of the trained model.

Consequently, in this study, we extend our analysis of the impact of noise-handling by examin-
ing the effectiveness of two feature extraction techniques: Bag-of-words (BoW) and CodeBERT
[15]. We selected these two techniques due to their popularity in the software engineering litera-
ture and their demonstrated potential in improving the prediction of software engineering tasks
[6, 37, 61]. To evaluate their impact, we conducted experiments using a sample of nine projects for
build outcome prediction and two projects for code change request prediction. Accordingly, we
pose the following RQ:

RQ3: To what extent do BoW and CodeBERT feature extraction techniques impact the performance
of noise-handling techniques?

In addition to feature extraction, existing literature shows that the performance of ML classifiers
can be significantly influenced by hyperparameter tuning [50]. Hyperparameters control key aspects
of the model’s behavior, such as the number of decision trees in a Random Forest (RF) classifier,
and parameter tuning can substantially improve predictive accuracy. Hyperparameter tuning is
typically performed using either grid search or random search [8]. The grid search systematically
explores all possible combinations of specified hyperparameter values, while the random search
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samples a subset of possible combinations randomly. Although random search is often more efficient
for high-dimensional search spaces, grid search offers a more exhaustive evaluation, increasing the
likelihood of identifying optimal hyperparameter settings [40].

This study further extends the analysis by examining the impact of hyperparameter tuning on
predicting build execution outcomes in the presence of class noise. Understanding how tuning
affects model performance is particularly critical in noisy datasets, where inappropriate parameter
settings can exacerbate model degradation. Therefore, we pose the following RQ:

RQ4: To what extent does model hyperparameter tuning impact the prediction of build outcomes
before and after handling class noise?

The evaluation of the impact of the noise-handling techniques and feature extraction algorithms
is performed by measuring and comparing the predictive performance of a RF model in terms of
Precision, Recall, F1, and MCC for build outcome and code change request predictions. Our results
from the first experiment suggest that applying the removal-based techniques would consistently
improve the predictive performance of the model in terms of Precision, Recall, F1, and MCC.
However, our results suggest that applying any of the three class noise-handling techniques will
consistently improve the predictive performance of the model, albeit to a varying degree.

Our results show that while all noise-handling techniques improve model performance to
varying degrees, hyperparameter tuning is most effective when applied before noise-handling or
in combination with CleanLab.

This article is structured as follows: Section 2 discusses previous research studies that are related
to the study presented in this article. Section 3 presents background information, covering core con-
cepts and a formal definition of how class noise is measured in code commits data. Section 4 describes
the research design. Section 5 presents the evaluation results of the impact of class noise-handling
techniques on the performance of the ML-based method for build outcome and negative review com-
ment predictions. Section 6 answers the RQs and discusses general observations. Section 7 addresses
the threats to validity of this study. Finally, Section 8 presents the findings and concludes the article.

2 Related Work

In this section, we begin by presenting related work on noise-handling techniques. Then, existing
studies on the impact of noise-handling on the performance of predictive models for SE tasks
are discussed. Finally, we discuss previous studies that proposed build outcome and code change
request approaches and how these work are subject to class noises.

Since our study considers noise-handling techniques that belong to the removal and correction
categories, we specifically focus on discussing techniques that fall under these two categories.

2.1 Removal and Correction-based Techniques for Class Noise-handling

Removal-based Techniques. Brodley and Friedl [9] proposed a method for identifying and handling
noise in training data using three or five learning algorithms as filters. These filters employ majority
voting or CF mechanisms to identify potentially noisy instances. The effectiveness of their approach
was assessed using five different datasets. The evaluation results indicated that, when dealing with
noise levels of 20% and higher, the MF exhibited slightly better prediction accuracy compared to the
CF. However, for noise levels below 20%, both filters demonstrated similar accuracy scores ranging
from 79% to 82%.

Guan et al. [20] proposed a variant of the majority and CFs that incorporated a semi-supervised
classification step to aid in predicting class values for unlabeled instances. The technique was tested
on 20 benchmark datasets and evaluated by measuring the classification error rate. The comparisons
demonstrated that the technique improved the classification performance of ML models across

ACM Transactions on Software Engineering and Methodology, Vol. 35, No. 6, Article 147. Publication date: May 2026.



The Impact of Class Noise-handling on the Effectiveness of ML-based Methods 147:5

four different noise ratios. Specifically, when the noise ratio was 10%, the technique reduced
the classification error rate by 4.5%, while at a noise ratio of 40%, the improvement significantly
increased to 25.6%.

Wilson and Martinez [56] introduced an instance-based technique called DROP3, which aims
to remove noisy entries from the data using a distance function. The technique determines the
proximity of each input vector in a subset of the training data to the entire dataset and consequently
determine which input vector has noise and requires removal. To evaluate its effectiveness, DROP3
was compared with 10 other techniques across 31 classification tasks. The comparison results based
on average accuracy demonstrated that DROP3 ranked 5th in terms of its improvement effect on
accuracy, with an average of 81.14%.

Chen et al. [10] proposed a method that combines class noise-handling and ensemble imbalance
learning methods to improve software defect prediction. The method uses the Neighborhood
Cleaning Learning (NCL) rule to locate and remove instances that have contradictory nearest
neighbors in unbalanced datasets. The evaluation of the method was done using nine datasets
from the PROMISE repository, where the authors applied and compared the effectiveness of their
class noise-handling method with two existing class noise-handling methods to each dataset. The
evaluation showed that using the proposed method outperformed the other two methods in terms
of Geometric Mean and Area under the ROC Curve (AUC) with a large effect size. Particularly,
the proposed method achieved a total average value of 74.9% in Geometric Mean, and 82.1% in AUC.

Gong et al. [18] examined the effect of three class noise removal-based techniques: (1) the NCL
[10], (2) the k-means Clustering Cleaning Algorithm [51]—a clustering-based noise detection algo-
rithm, and (3) an Improved k-means Clustering Cleaning Algorithm (IKMCCA) on the perfor-
mance of a model for software defect prediction. Using 28 projects from the NASA, AEEEM, ReLink,
SOFTLAB, and MORPH datasets, the authors evaluated the impact of the three class noise-handling
algorithms on the prediction performance of existing within-project defect prediction models. The
results showed that using the three class noise-handling algorithms can result in better medium
values of Recall and AUC for Naive-Bayesian, RF, Support Vector Machine, K-nearest Neigh-
bors (KNN), and Linear Regression (LR) classifiers. Particularly, the highest median Recall was
observed when applying the IKMCCA and when using the KNN algorithm (Recall and AUC at 75%).

In another study, Gong et al. [19] proposed a method that analyzes the class distribution in the
local neighborhood of a given instance for class noise identification. Using 230 datasets and two
baseline methods, the authors examined (1) the impact of different levels of class noise on the
performance of a model for defect prediction, and (2) the impact of their method on the performance
of seven software defect prediction models. The results showed that a dataset with class noise
ratio above 12.5% had a significant effect on the stability of the performance of defect prediction
models. In addition, applying the examined class noise-handling techniques could improve the
performance of defect prediction models when the training dataset has over 12.5% class noise ratios.
Particularly, applying the proposed class noise-handling method on all of the datasets improved
the classification performance of seven out of seven studied models. The highest improvement in
classification, as measured in AUC, was achieved when training a RF model—AUC improved by
4.5% on average across all the analyzed datasets.

Correction-based Techniques. Muhlenbach et al. [34] introduced an algorithm that allows users
to filter and polish noisy instances. The algorithm utilizes neighborhood graphs and cut edge
weight algorithms to identify noisy suspects. An instance is considered noisy when its class value is
different than one of the examples belonging to its geometrical neighborhood. Once noisy suspects
are identified, they can either be removed or removed and relabeled. Muhlenbach et al. evaluated
their algorithm using datasets extracted from 10 benchmark ML repositories. The findings suggest
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that removing noisy suspects from the training data produces better results in 9 out of 10 datasets
compared to removing and relabeling noisy suspects at a noise level between 4% and 10%.

Teng [52] introduced a noise correction technique that exploits the interdependence relationship
between the attribute and class values to identify and correct inaccurate values. The idea is to use
an ensemble classifier to predict noisy suspects in the data. Some entries that were incorrectly
classified by the ensemble (using a voting scheme) are tagged as noisy and then corrected. The author
evaluated the effectiveness of her technique by measuring the prediction accuracy of Decision
Trees before and after correction was applied. The results showed that at an intermediate noise
level (20%-30%), the improvements in accuracy were significant. However, at 40% noise level, the
improvements in accuracy were inconsistent.

Recently, Northcutt et al. [35] introduced a data-centric approach called confidence learning
[29] that leverages probabilistic thresholds to estimate class noise in the data. The approach was
evaluated for effectiveness in identifying label errors (i.e., class noise), using the CIFAR, MNIST,
and ImageNet benchmarks. The results showed that Confident Learning accurately detected a
large proportion of mislabeled examples with 56%—-74% Precision, 90%—-97% Recall, and 71%-79%
F1-score. Furthermore, models retrained on corrected datasets demonstrated substantial gains
in both robustness and predictive performance, highlighting the practical value of label noise
estimation and correction.

The majority of these statistical-based approaches for class noise-handling require leveraging
ML classifiers to identify noisy patterns in the data, which can be computationally expensive.
Consequently, noise can only be identified if it has been introduced systematically, i.e., in cases
where random labeling errors are present, these statistical approaches may fall short in accurately
identifying noise.

On the other hand, the DB approach stands out as a lightweight approach, since it doesn’t require
training models to identify noisy patterns in the data. In addition, DB inherits the advantage of
being domain-specific within the context of CI, i.e., an entry (line of code) that has been seen as part
of a positive class (passing build or approved code changes) is not likely to trigger build failure or
code change request. Therefore, the effectiveness of DB is not determined by the nature of labeling
errors—systematic or random.

2.2 Class Noise-handling in Software Engineering Contexts

The most related studies to our work concern the analysis of the impact of class noise-handling on the
predictive performance of ML models for SE tasks. This section discusses studies that examine the im-
pact of class noise-handling techniques on the predictive performance of ML models in SE contexts.

Table 1 summarizes previous research studies that examined the effect of class noise-handling
techniques on the predictive performance of ML models in SE contexts.

Kim et al. [28] proposed the Closest List Noise Identification technique for removing mislabeled
entries in software defect datasets. The technique uses Euclidean Distance for measuring similarities
between entries in the training data and comparing their class values. If the percentage of entries
that have different class values, relative to an entry, is above a predefined threshold, then that entry
is treated as noisy and, thus, removed from the dataset. The technique was evaluated on datasets
from the Eclipse 3.4 SWT and Debug open source projects. The prediction results attained by an
SVM model showed that F1 improves from 34% to 71% when the noise level is exactly at 30%. On
the other hand, F1 decreased for the same SVM model when the noise level was higher than 30%
(F1 decreased from 35% to 24%).

Liebchen et al. [31] conducted an experiment to assess the performance of three class noise-
handling techniques using a sample of 8,888 entries. The sample data describes completed software
projects whose attributes capture projects’ characteristics (e.g., project names and types). The
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SE Noise
Study context Datasets approach(s) Results
— Columba
— Eclipse 3.4
Kimetal. [28] Dreef;icc:[tsion — Scarab — Removal Fl-score: 71%
P — SWT
— Debug
% of remaining
. Effort — Removal noise:
Liebchen et al. [31] estimation | EDS — Correction | Removal: 11,24%
Correction: 365%
Defects — NASA: Recall
Zhong et al. [60] prediction | JM1 and KC2 — Removal 77% in JM1-
91% in KC2
Defects AUC:
Seiffert et al. [47] . — CCCS — Tolerance | Ranged from
prediction
97% to 100%
— contextlogger
— SAX
— future
— solr-is0639-filter
Build — Gl AUC:
Saidani et al. [46] outcome _ rammarviz2 src | Correction | Ranged from
- 84% to 92%
— parallec
— candybar-library
— steve
— mtsar
— 12% of passing builds
Gallaba et al. [17] Build — 1,276 projects Removal are not actually passing
' outcome ’ — 9%-14% of builds are
incorrectly labeled

examined class noise-handling techniques were (1) filtering, (2) robust filtering, and (3) filtering
and polishing. The results of the experiment showed that using a robust filtering technique could
eliminate 88% of noisy entries found in the initial dataset. Conversely, the filtering and polishing
technique resulted in tripling the amount of noisy entries compared to the amount of noise found
in the initial data.

Zhong et al. [60] proposed using an unsupervised learning technique followed by manual la-
beling by experts to deal with the problem of class noise and missing class labels in software-fault
measurement data. The idea is based on the assumption that fault-prone software modules will have
similar software measurements and, thus, can likely form clusters. The authors classified their tech-
nique as a removal-based approach since it offers experts the ability to decide whether all grouped
fault-prone software modules should be labeled as such or not, and accordingly decide whether
to keep or remove them from the data. The evaluation of the technique was done by comparing the
mislabeled software modules by SE experts with software modules tagged by another removal-based
technique, described in [43]. The evaluation was done using two software projects (written in C++)
from the NASA software projects. The results showed that their clustering technique achieved a
noise Recall performance of 77% in the first project and 91% in the second project.
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Seiffert et al. [47] conducted a series of experiments to investigate the impact of both class noise
and class imbalance on the predictive performance of models built to predict fault-prone program
modules. The authors investigated the robustness of 11 ML models in tolerating class noise when
using seven data-sampling techniques. By seeding class noise into a dataset that contains 282
program modules written in Ada, the authors examined the impact of applying the seven sampling
techniques in the presence of four different class noise levels on the performance of the 11 models.
The average AUC showed that the Naive Bayes model performs better than all others at all noise
levels and is relatively unaffected by the increase in noise ratio. Specifically, the average AUC of
the Naive Bayes model ranged from 97% to 100% at the four seeded noise levels.

Saidani et al. [46] introduced a search-based method to predict CI Skip commits. This technique
utilized the Strength-Pareto Evolutionary algorithm to distinguish between skipped and non-
skipped commits. In their study, the authors evaluated their approach using both within-project
and cross-project validations. The evaluation was done using a dataset comprising of 14,294 CI
commits from 15 open source projects that used the Travis CI system. The authors applied the
class noise-handling approach proposed by Northcut et al. [35] to the CI data before examining
the effectiveness of their approach. The evaluation results showed that the proposed approach
performed better than baseline methods with an average AUC scores of 92% and 84% in cross-
validation and cross-project validations, respectively.

Gallaba et al. [17] proposed parsing the configuration files (.yml) of build jobs to identify build
jobs that are marked as successful but actually contain breakages. Using information, such as the
allow_failure property, would unveil builds that contain breakages and thereby identify and
remove noisy instances in the data before building tools to solve software engineering problems.
The analysis of 59,904 passing builds that belonged to 1,276 open source projects showed that 12%
of these builds have an ignored failure. On the other hand, the authors identified noisy build records
that were marked as failed, but were not addressed immediately by developers. These builds were
assumed to be noisy since their breakage did not call for an immediate attention of developers to fix
them. Of the 4,136 broken builds, 3,426 builds (83%) were not fixed in the immediately subsequent
build. Overall, the authors concluded that one in every 7-11 builds (9%—14%) are incorrectly labeled.

From this brief overview, we observe that the evaluation of the techniques proposed by the
majority of the reviewed studies was performed using relatively small sample datasets (1-15
software programs). Further, parsing the configuration files of CI pipeline allows the identification
of noise from one source only. However, build jobs can be incorrectly labeled (noisy) due to several
other sources, such as flaky tests and data collection methods.

Therefore, the study presented in this article adds to the literature by examining the effectiveness
of four techniques using: (1) large real-world datasets of historical code commits in two unexplored
SE contexts (i.e., build outcome and negative code review comments), and (2) a reliable perfor-
mance measure—MCC—which reveals more truth about the bias introduced by the noise-handling
techniques [11].

3 Background

This section provides the definition of class noise that we used in this study. It also explains how
the code review process in Gerrit is carried out, and describes the class noise-handling techniques
that we examine for effectiveness in this study.

3.1 Definition and Example of Class Noise

In this study, we define class noise as the ratio of contradictory entries in each class to the total number
of entries in the data. contradictory entries are entries that have the same vector representation
and are labeled with different class values. Based on this definition, we use the following formula
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to measure the ratio of class noise in the data:

Number of Contradictory Entries

Noise ratio =
Total Number of Entries

Since a contradictory entry can only be among two or more entries, thus their total count in the
data is calculated by summing up the number of the same entries that appear with one or more
different class value(s). For example, a dataset containing six of the same entries with five that are
labeled with True and one labeled that is labeled with False has six contradictory entries. It is not
possible to define a general rule to identify which class label is correct based on the number of
entries [31]. For example, noise sources might systematically tend to introduce False “False” class
values. Since we do not know exactly which class value should be used in a specific context, we
cannot simply relabel any entry, as suggested by the currently used solutions (e.g., using entropy
measurements [49]), and therefore we count all such entries as contradictory.

3.2 Class Noise Example in Build Data

Automated builds within CI provide feedback to developers about changes in the codebase. A
passing build indicates that code changes in a commit compile cleanly without issues, whereas
a failing build indicates that there are issues in the commit that require fixing. Without a closer
analysis of the nature of build failures, such as identifying the faulty lines of code in a commit,
practitioners may inadvertently develop automated tools that use mislabel lines within code
commits. This mislabeling often occurs when the overall build outcome (pass/fail) is considered as
the ground-truth for labeling each line of code in a historical commit, leading to inaccurate labeling.

Further, the mislabeling can be attributed to the representation of input source code by the
feature extraction algorithm. For example, using the BoW algorithm to represent lines of code may
lead to generating identical feature vectors for lines that are syntactically similar but semantically
different. Figure 1 exemplifies a scenario from the Hydra' source-code data where class noise can be
introduced as a result of using a uni-gram BoW model. The figure depicts two commits submitted
to the development repository. Commit 1 compiled successfully, passing all checks by the build
jobs and resulting in a successful build. Commit 2 led to a failed build due to issues in the code.
Applying a uni-gram BoW model to represent each line of code in the two commits led to the
tabular representations presented on the right-hand side of the figure. In the tabular representation
of commit 1, each line of code is labeled with class value 1, denoting a passing build, while in
commit 2, each line is labeled with class value 0, indicating a failing build. By observing the feature
vectors and their corresponding class values in both tabular representations, we notice that the
following lines of code are duplicates and hold different class values, i.e., noisy:

—line 1 and line 10,
—line 2 and line 11, and
—line 4 and line 13.

3.3 Code Review Process in Gerrit

Over the last few decades, the process of code review has started to become more prevalent in the
software engineering community. Big companies like Google started adopting lightweight tools
to accelerate the review process [45]. A reviewer process typically enacts four sequential steps:
(1) the author of a commit submits it to the code review tool, (2) the reviewers review the changes
introduced in the submitted commit, (3) the reviewers can then either initiate a discussion thread
on specific lines/blocks in the committed code or approve the changes, (4) the author of the commit

Thttps://github.com/cardano-foundation/hydra-java.
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’ BolW feature vectors
Commit 1 for Commit 1
com. findwise.utils.
{ line package | literal | public | class extends o class
fttpFetchException( s throwable) { ! 1 L a i 3 L 9 1
super(s, throwable) 2 0 2 1 1 1 0 1 1
4 0 3 i 0 0 0 1 1
} ;
Commit 2 BoW feature vectors
com. findwise. hydra for Commit 2

line package | literal | public | class extends

InitFailedException( message cause) { 10 1 1 0 0 0 1
super(message, cause)

11 0 2 b 1 1 0

rlr|lo|~
o

} 13 0 3 1 0 0 0
Contradictory entries:
¢ Lines1and 10
¢ Lines2and 11
¢ Lines4and 13

Fig. 1. Class noise in build data.

either responds by addressing the comments raised by the reviewers or arguing against the proposed
changes. This feedback loop between team members remains active until the majority of the review-
ers are satisfied with the discussion/modifications or until the submitted commit gets discarded.

Gerrit is an example of such tools that have recently gained popularity in OSS projects and
several other Google projects (e.g., Chromium). In Gerrit, any submitted commit is only merged into
the master branch if the assigned reviewers and the automatic checker have explicitly approved the
changes in the submitted commits. Gerrit utilizes a voting mechanism that enables code reviewers
to indicate their level of approval on merging new code changes. The voting mechanism uses a
scale of intervals that span between —2 and +2. An interval of:

—+2 indicates that the change looks good and is approved.

—+1 indicates that the change looks good, but someone else must approve it.
—0 indicates no score.

——1 indicates that it is not preferable to submit this commit.

——2 indicates that the change is rejected.

This voting mechanism, together with the code review discussions, constitutes the evidence
needed by team members to either integrate or rework the proposed change.

3.4 Class Noise Example in Code Review Data

Figure 2 exemplifies a scenario in which class noise can be introduced into a code review dataset. The
figure shows two code commits written in Java—commit 1 and commit 2—submitted for peer review
inspection via Gerrit. The assigned reviewers to commit 1 agree to decline the merge request—the
majority of reviewers voted with a score below 0—and start a discussion thread with the author,
requesting a fix to the code. On the other hand, the assigned reviewers to commit 2 agree to accept
the commit—the majority of reviewers voted with a score above 0—and, hence, merge it into the
master branch.

If we use the sentiment of reviewers to label each line of code in the two commits, then every
line of code in commit 1 will be labeled with “disapproved” and every line of code in commit 2
will be labeled as “approved.” Note that in this example, we use a class value of “0” to annotate a
line of code that is disapproved and a class value of “1” to annotate a line of code that is approved.
Accordingly, the following pairs of lines from commits 1 and 2 can be classified as contradictory,
since they are duplicates and hold different class labels:

—line 8 from commit 1 and line 9 from commit 2,
—line 9 from commit 1 and line 11 from commit 2, and
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Fig. 2. Class noise in code review data.

—line 10 from commit 1 and line 13 from commit 2.

Since there are a total of 19 lines of code in the changes of commits 1 and 2, then the total number
of entries in the training data is 19. The formula for calculating the noise ratio for this example is
thus:

6
Noise ratio = E =31.5%.

3.5 Noise-handling Techniques

In our work, we examine the effectiveness of two removal-based and two corrective-based tech-
niques for class noise-handling. We begin this section by describing the two removal-based tech-
niques and then describe the corrective-based techniques.

3.5.1 Removal-based Noise-handling Techniques. From a wide range of existing class noise-
handling techniques, we chose to examine two of the most widely used and reported in the
literature. Namely the CF and MF introduced by Brodley and Friedl [9]. The two techniques
employ an ensemble of ML models for classifying noisy entries in the training data using a voting
mechanism: a univariate decision tree (C4.5), a KNN, and an LR model. Figure 3 illustrates the main
procedure of the techniques for identifying and removing noisy entries. The techniques work in a
k-fold cross-validation manner, where for k repetitions k — 1 folds are used for training each model
in the ensemble. Each model is then used to tag each entry in the remaining hold-out fold as either
noisy or clean. At the end of the k repetitions, each entry in the entire dataset is tagged with a label
that denotes whether the entry is noisy or not. Finally, a decision about which entries should be
treated as noisy—and thus removed—or not is made using a voting mechanism and accordingly. It is
worth noting that CF is considered more aggressive than MF, since it removes a higher proportion
of entries from the data [43].

Based on the majority voting mechanism described in [9], an entry that gets tagged as noisy
by more than 50% of the models must be treated as such and thus removed from the data. On the
other hand, the CF voting mechanism follows a more conservative approach suggesting that if an
entry gets tagged by one or more models as noisy then it should be treated as such and removed
from the dataset.
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Fig. 3. Noise-handling procedure using the statistical-based techniques.

3.5.2  Corrective-based Noise-handling Techniques. We complement the analysis by examining
the effectiveness of two corrective-based techniques: (1) Domain Knowledge-based (DB)—that
we developed and published in a previous study [5], and (2) CleanLab.

Unlike statistical-based techniques (such as CF and MF), the DB was designed based on our
knowledge in the domain of source code changes to correct and remove noisy entries. The procedure
of the technique can be summarized by the following steps:

—Sequentially assigns a unique 8-digit hash value for each line of code in the original dataset.

—Creates an empty dictionary for storing unfiltered entries.

—Iterate through the set of hashed entries in the original dataset and save syntactically unique
entries into the dictionary.

—Compare the class values between each pair of duplicate entries, both in the original and
dictionary sets. If the two values are different and the value of the entry in the original set is
annotated with the “positive” class, then relabel the entry in the dictionary from “negative” to
“positive” and discard the entry in the original set. If both entries have the same class values,
then add the entry from the original set to the dictionary.

This way of handling class noise can be seen as both corrective and removal, since it (1) corrects
the class value of the same entries that first appear in the “negative” class and then the “positive
class,” and (2) removes one entry in each pair of contradictory entries.

In the context of code reviews and build predictions, problematic lines of code often occupy a
small proportion of the overall code fragment of commits. Thus, a code fragment that was negatively
perceived by a reviewer (i.e., needs to be fixed) is not likely to have issues in every line of code.
Similarly, a line of code that appears as part of a passing build is not likely to trigger failure in a
build job. Hence, the DB technique ensures to relabel contradictory lines of code from “disapproved”
to “approved” in code reviews data and from “failing” to “passing” in build jobs data—if those lines
have already been seen as part of approved reviewed fragments or passing builds.

The second examined technique in our study is a modern noise-handling technique called Clean-
Lab. The technique was designed to improve model performance and reliability by automatically
identifying and correcting mislabeled data using an unsupervised learning framework. Its design
draws upon the learning theory [35] and principles of semi-supervised learning, utilizing statistical
and techniques to manage label noise.
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Fig. 4. Illustration of the research design activities.

The CleanLab framework provides a suite of functionalities, including mislabel detection, esti-
mation of label noise, and correction of noisy labels.

Following the belief learning framework, CleanLab operates by first training a classification model
to predict the label for each instance. It then applies confidence learning to compute a noise score,
estimating the likelihood that each sample is incorrectly labeled. Based on estimated noise probabili-
ties, CleanLab offers several strategies for correcting mislabeled data, such as removing or correcting
high-noise samples or prioritize samples with low noise scores when retraining models. In t



