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Abstract

The rapid advancements in Deep Neural Networks (DNNs) have revolutionized generative software engineering tasks, including code
summarization, program repair, code generation, and code translation. However, the performance of DNN models in these tasks heavily
depends on the quality of their training and evaluation datasets. This systematic literature review examines 70 primary studies to
comprehensively analyze dataset construction methodologies, prevalent data quality challenges, and solutions proposed to address these
challenges. Our findings reveal that dataset construction processes significantly influence quality, with common issues such as noise,
redundancy, imbalance, and insufficient granularity undermining model effectiveness. We identify key strategies to mitigate these problems,
including data augmentation, automated cleaning techniques, and standardized validation frameworks. Furthermore, we highlight the critical
role of dataset diversity and timeliness in improving model generalization. This study provides actionable insights for researchers and
practitioners in the era of generative Al, where high-quality datasets are essential for developing reliable language models as software
engineering tools. By emphasizing rigorous dataset curation and innovative quality assurance methods, our work bridges the gap between
theoretical advancements and practical applications, enabling the creation of robust, generalizable models for real-world code-related tasks. The
synthesized recommendations aim to guide future research in optimizing dataset design, fostering reproducibility, and addressing evolving

challenges in data-driven software engineering.
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H 1 Introduction

The rapid advancements in DNNs have significantly transformed the
through the
emergence of generative capabilities. In recent years, code-centric

landscape of software engineering, particularly
generative software engineering tasks [1,2] have garnered substantial
attention from both academia and industry. These tasks, such as code
summarization [3—6], program repair [7-9], code generation [10-13],
and code translation [14], leverage the powerful capabilities of DNNs
to automate and enhance various aspects of software development.
Throughout this paper, we use the term GSET to specifically refer to
these four code-related tasks.

The relationship between DNNs and generative Al in software
engineering represents a paradigm shift in how software artifacts are
created and maintained. Unlike traditional approaches that generate
software artifacts from predefined templates and models, DNN-
driven generative software engineering utilizes neural networks to
learn patterns from existing code repositories and generate new
software artifacts that maintain semantic correctness while exhibiting
creativity and adaptability. These neural models process vast

amounts of code data, capturing complex relationships between code
structure, functionality, and natural language descriptions, thereby
enabling tasks that were previously considered to require significant
human expertise. Code summarization automates the creation of
concise, human-readable descriptions of code snippets, aiding
developers in understanding code functionality without examining
implementation details. Program repair leverages neural models to
automatically identify and fix bugs, enhancing software reliability
and reducing debugging time. Code generation produces functional
code from natural language specifications, enabling non-experts to
develop software and expediting routine coding tasks. Code
translation converts code between programming languages while
preserving functionality, facilitating cross-platform compatibility and
legacy code migration.

These advancements hold substantial promise for improving
productivity, reducing errors, and facilitating the maintenance and
evolution of software systems [15]. However, the efficacy of DNN
models in these tasks is heavily contingent upon the quality of the
data used for training and evaluation. High-quality datasets are
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paramount as they directly influence the model’s ability to
generalize, perform accurately, and produce reliable outputs [16,17]
across diverse programming contexts. Despite the growing interest in
applying DNNs to GSETs, there is a conspicuous gap in the literature
concerning the quality of data used in these endeavors. While
numerous studies have proposed [6,12] novel models and techniques
for various GSETs, the underlying data quality issues often receive
insufficient attention [18]. Furthermore, there is an absence of a
comprehensive literature review that consolidates existing knowledge
on dataset construction processes, identifies prevalent data quality
issues, and evaluates the solutions proposed to mitigate these issues.

This systematic review addresses this gap by examining the
processes involved in dataset construction for GSETs, the common
quality issues that arise in these datasets, and the effectiveness of
proposed solutions to these challenges. Through a rigorous analysis
of 70 research papers, our review provides insights into the intricate
relationship between dataset construction methodologies and data
quality in generative software engineering.

Our key findings reveal that dataset construction processes vary
widely across different GSETs, often influencing the quality and
performance of the resulting models. Common quality issues include
lack of diversity, noise, imbalance, and insufficient granularity,
which significantly hinder the effectiveness of DNN models. We
identify various strategies employed to mitigate these problems, such
as data augmentation, cleaning techniques, and novel training
methods, and assess their impact on model performance.

Based on our analysis, we propose several recommendations for
researchers in this field. These recommendations emphasize the
importance of prioritizing data quality in generative software
engineering research, exploring robust methodologies for dataset
construction, and developing comprehensive frameworks for data
By
recommendations, researchers can improve the reliability and

quality assessment and enhancement. adopting  these
performance of DNN models in GSETs, driving both scientifically
sound and practically relevant advancements.

The main contributions of this study include:

1) To the best of our knowledge, this paper is the first literature
review to analyze and summarize the processes of dataset
construction and their quality issues in code-centric GSETs.

2) This paper provides a detailed analysis of data quality issues and
their impact on model performance, evaluates solutions proposed in
the literature, and guides the direction for future research.

3) This paper offers practical recommendations for subsequent
researchers on building high-quality datasets, including how to select
and clean data, and how to annotate and validate datasets, to enhance
the performance of DNN models in GSETs.

The remainder of this paper is structured as follows. Section 2
presents the background and related works. Section 3 provides the
methodology used for conducting this review, including our specific
research questions. Sections 4-6 present our findings and analysis.
Section 7 provides recommendations for subsequent researchers
based on our analysis. Section 8 analyzes the threats to validity of

this study. Section 9 concludes the paper.

Data preparation and quality for code-centric generative software engineering tasks: a systematic literature review

M 2 Background and related works

This section first introduces each of the GSETs discussed in this
paper, then presents some similar reviews, and explains their
shortcomings and the necessity of this study.

2.1 The DNN-driven generative software engineering tasks
DNNs have revolutionized numerous fields, including software
engineering, by enabling machines to learn complex patterns and
generate human-like outputs. DNNs are a subset of machine learning
approaches characterized by multiple layers of interconnected neural
units that learn hierarchical representations of data. Unlike traditional
software engineering methods that rely on explicit programming
rules, DNNs excel at automatically discovering intricate patterns in
large volumes of code, making them particularly suitable for
generative tasks that require understanding both the syntax and
semantics of programming languages. Figure | illustrates the
relationship between DNNs and GSETs. The diagram shows how
data flows from various sources through preparation and quality
assurance processes before being used to train DNNs. These
networks then power the four main GSETs with data quality issues
potentially affecting all stages of this pipeline. The feedback loops in
the diagram emphasize how data quality impacts the performance of
these models and, consequently, the quality of their generated
outputs.

The application of DNNs to software engineering has evolved
significantly in recent years. Early approaches primarily utilized
Recurrent Neural Networks (RNNs) [19] and their variants such as
Long Short-Term Memory (LSTM) [20] networks to model code as
sequences. While these architectures showed promise, they struggled
with capturing long-range dependencies in code and scaling to large
codebases. The introduction of transformer-based architectures [21]
marked a paradigm shift in DNN applications for code. Transformers
use self-attention mechanisms that enable them to consider the entire
context simultaneously, rather than sequentially processing code.
This architectural innovation has led to a new generation of pre-
trained models specifically designed for code, including CodeBERT
[10], PLBART [22], and CodeT5 [12]. These foundation models are
pre-trained on vast amounts of code data and can be fine-tuned for
specific GSETs.

In this paper, we focus on four main GSETs that have been
significantly transformed by DNNs:

Data preparation &
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gDeep neural
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DNN-driven generative software engineering tasks
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Fig.1 Conceptual framework of DNN-driven generative software

engineering tasks
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1) Code summarization [23] is the task of generating concise,
human-readable descriptions of code snippets, functions, classes, or
entire programs. This task primarily focuses on translating the
functionality of code into natural language, aiding developers in
understanding the code’s purpose without delving into the actual
implementation. The importance of code summarization cannot be
overstated, as it contributes significantly to software documentation
and maintenance. Automated summarization tools can assist in
keeping documentation up to date, especially in large, evolving
codebases where manual documentation is labor-intensive and often
neglected [24].

2) Program repair [8] focuses on the automatic identification and
correction of program errors and bugs. This task is crucial for
enhancing software reliability, reducing the time spent on debugging,
and improving software quality. Through automated program repair,
DNN models attempt to understand patterns of common mistakes and
propose corrections in real-time, which can be directly applied by
developers.

3) Code generation [25] is the task of automatically generating
code based on a given input, which can be a natural language
description, a formal specification, or a high-level intention. Code
generation systems aim to automate the programming process,
making it easier for non-experts to develop software or for
developers to expedite routine coding tasks.

4) Code translation, also referred to as code transpilation, is the
process of converting code from one programming language to
another while preserving the program’s logic and behavior. This task
is critical in scenarios such as migrating legacy codebases, enabling
cross-platform compatibility, and facilitating multi-language
software development.

These four tasks represent core challenges in software engineering
that can be addressed through generative approaches powered by
DNNs. By automating these tasks, developers can focus on higher-
level design decisions and more complex programming challenges,
ultimately increasing productivity and code quality.

The performance of DNNs for these GSETs is inextricably linked
to the quality of data used during training. Several characteristics of
high-quality datasets are particularly important: volume (DNNs
typically require large amounts of data to learn generalizable
patterns), diversity (coverage of various programming languages,
coding styles, and application domains), correctness (syntactically
valid and  semantically  meaningful code  examples),
representativeness (reflection of real-world code distribution), and
timeliness (inclusion of contemporary programming practices and
API usage). Data quality issues can propagate through models and
significantly impact their performance. For instance, a model trained
on outdated code patterns may generate code that follows deprecated
practices, while models trained on noisy data may produce
syntactically incorrect solutions. Addressing these data quality
challenges is therefore essential for reliable and effective DNN

applications in software engineering.

2.2 Related data quality reviews
The importance of data quality in machine learning for software

engineering tasks has gained increasing attention in recent years.
Several survey studies have explored various aspects of this topic,
though few have specifically focused on the preparation and quality
assurance of datasets for GSETs.

One related work is the review conducted by Zhang et al. [26],
which thoroughly analyzes the data preparation processes for deep
learning (DL)-based code smell detection (CSD) [27]. The authors
focused on understanding how data is collected, labeled, and cleaned
for training DL models. They emphasized the crucial role of high-
quality training data in ensuring the models’ reliability and
scalability. However, despite the comprehensive nature of this work,
a significant limitation lies in its narrow focus on code smell
detection within the domain of software engineering. While they
emphasize the importance of quality data in DL-based CSD, they do
not extend their analysis to generative software engineering tasks like
code summarization, repair, or generation, which differ significantly
from classification tasks due to their open-ended outputs and the
need for more complex data preparation and evaluation methods.
This limits the generalizability of their findings to broader
applications of deep learning in software engineering.

Besides, Croft et al. [28] review 61 papers to identify the
challenges of preparing datasets for Software Vulnerability
Prediction (SVP). They develop a taxonomy of 16 challenges and
map existing solutions, emphasizing the importance of data quality in
SVP model performance. The review highlights issues such as data
scarcity, inconsistent reporting, and the reluctance of organizations to
share sensitive data, offering recommendations for future research.
However, while the review offers a valuable synthesis of data
preparation challenges and existing solutions in SVP, it lacks a
deeper exploration of the broader implications of data quality beyond
vulnerability prediction. The review is narrowly focused on
vulnerability prediction, which limits its generalizability to other
domains of software engineering that also rely on data-driven
models.

Another significant review in this domain is Watson et al.’s
comprehensive systematic literature review [29] that examines the
use of deep learning in software engineering research. This study
analyzes 128 papers across 23 unique SE tasks, including generative
tasks like code generation, program repair, code summarization,
program synthesis, and code translation. Their analysis is structured
around the “components of learning” framework, examining how
data is extracted, preprocessed, and used for various SE tasks. While
they discuss aspects of data preparation and highlight factors
affecting model reproducibility, their review doesn’t specifically
focus on dataset construction processes or quality issues for
generative SE tasks. They note that approximately half of the
examined studies don’t perform exploratory data analysis to combat
issues like data snooping or bias, indicating potential concerns about
dataset quality. However, their work lacks a detailed analysis of
dataset construction methodologies specific to generative tasks,
focusing more broadly on DL applications across the SE field.

[30]
integrating Generative Al (GenAl) and NLP into Requirements
Engineering (RE). Their work focuses on data quality issues arising

Ghaisas and Singhal investigated data challenges in
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during the lifecycle of Al-driven software systems, particularly in
tasks like automated requirements generation and question-answering
over specifications. The authors highlight challenges such as data
scarcity, annotation subjectivity, and validation complexities in RE-
specific contexts, proposing mitigation strategies like transfer
learning and rationale-augmented prompting. While their study offers
valuable insights into data-centricity in GenAl for SE, it primarily
addresses RE tasks (e.g., requirement classification, contract
analysis) rather than generative software engineering tasks like code
summarization, repair, or translation. This narrow focus limits its
applicability to broader code-related generative tasks, which often
require distinct dataset construction processes and quality assurance
techniques. Besides, Wang et al. [31] conducted a 12-year systematic
literature review of 1,428 studies on ML/DL applications in software
engineering (2009-2020), offering critical insights into data quality
challenges. The review highlighted pervasive issues in data
preprocessing, such as noise filtering, imbalanced datasets, and
feature engineering, which directly impact model reliability and
reproducibility. However, they lack discussion on solutions to data
quality issues.

Table 1 provides a comparative analysis of our study against five
related survey-based works, highlighting the distinct contributions of
our research. Unlike Zhang et al. [26] and Croft et al. [28], which
focus on classification tasks rather than generative tasks, our study
specifically addresses GSETs. While Watson et al. [29] and Wang
et al. [31] do cover some generative tasks in their broader reviews of
deep learning applications in software engineering, they lack
comprehensive analysis of dataset construction processes or quality
solutions specific to these tasks. Ghaisas and Singhal’s work [30],

Data preparation and quality for code-centric generative software engineering tasks: a systematic literature review

though focused on data challenges, is limited to requirements
engineering rather than code-related generative tasks. Our study
stands out by comprehensively examining the four major GSETs
while providing an in-depth analysis of the entire data preparation
pipeline, from construction processes to quality issues and their
solutions. This approach fills a significant gap in the literature, as no
previous review has systematically analyzed all these aspects
specifically for generative software engineering tasks, making our
contribution particularly valuable for researchers and practitioners
working in this rapidly evolving field.

B 3 Research methodology

Our review follows an established methodology [32,33] adapted from
prior review guidelines [26,28] in the software engineering field to
ensure a comprehensive and unbiased review.

As shown in Fig. 2, the process of this review involved several
steps to ensure a comprehensive and high-quality selection of papers.
The process began with a Predefined Search String, which was
applied across multiple digital databases to retrieve an initial set of
papers. After this, Duplicate Removal was performed, reducing the
number of papers from 4,953 to 3,751. Next, We defined the
Inclusion/Exclusion Criteria to manually evaluate these papers one
by one in order to select those that meet the theme of our review. It
consists of two phases, In Phase I, a title and abstract screening was
conducted, narrowing the pool to 85 papers. These papers underwent
a more detailed examination in Phase II, where the full text was
reviewed, resulting in 73 papers that met the preliminary inclusion
criteria. After applying these criteria, the papers were assessed for
quality through a Quality Assessment, which led to 64 papers being

Table 1 Comparison of related survey studies on data quality in software engineering

Study Focus GSETs covered Analysis
Data preparation process for code smell Data construction processes, quality
[26] . None . .
detection issues, and solutions
Data preparation process for software Data construction processes, quality
[28] o .. None . .
vulnerability prediction issues, and solutions
[29] The application of deep learning in ~ Code Generation, Program Repair, Code Summarization, Lack analysis of the dataset
software engineering Program Synthesis, Code Translation construction processes
[30] Data challenges of GenAl in software Software Requirements Generation, Automated Question Data construction processes, quality
requirements engineering and Answering issues, and solutions
[31] The application of dpep l;ammg in Code Summarlzatlor}, Code Genqrapon, Test Case Lack analysis of the solutions
software engineering Generation, Defect Fixing
Ours  Data preparation process for GSETs Code Summarization, Code Generation, Program Repair, Data construction processes, quality

Code Translation

issues, and solutions

a Predefined search string

Duplicate removel (3751)

7 DIGITAL
97 LIBRARY

dl.acm.org

@lEEE (1049)

Advancing Technology
for Humanity

ACM (253)

¢

Phase II: Full text (73)

(3651)

‘ﬁ. Phase I: Title, Abstract (85)

B e

.ﬂ- Forward & back snowball (70)

;ﬂ. Quality assessment (64)

Fig. 2 Process of paper search and selection
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retained. To ensure the comprehensiveness of the review, Forward
and Backward Snowballing was conducted, adding 6 additional
papers to the pool. The final set of studies included in the review
consisted of 70 papers.

3.1 Research questions

This review studies 70 research papers, providing a thorough
examination of the dataset construction processes, the data quality
issues encountered, and the solutions proposed to address these
issues in the context of DNN-driven GSETs. The review is guided by
three primary research questions (RQs):

1) RQ1: What are the common processes and methodologies used
in constructing datasets for DNN-driven GSETs? The main purpose
of this RQ is to understand the key processes involved in building
datasets for GSETs. The analysis covers three primary aspects:
dataset requirements, dataset collection, and dataset annotation
methods. For dataset requirements, we analyze the type of task,
targeted programming languages, data volume & format, and the
timeliness of the data. For dataset collection, we analyze whether the
process is fully-automated, semi-automated, or manually reviewed,
and identify data sources. For annotation methods, we analyze the
specific annotation process, the level of automation in the process,
and the annotation granularity of the dataset.

2) RQ2: What are the prevalent data quality issues associated with
these datasets? The main purpose of this RQ is to identify common
data quality issues in GSETs and to explore their causes, i.e., to
explore the relationship between the dataset construction process and
data quality, thereby assisting researchers in constructing GSETs
datasets in the future. We analyze the three primary aspects: details
of quality issues, their root cause to specific stages of the dataset
construction process, and the impacts of these quality issues.

3) RQ3: What solutions have been proposed to address these data
quality issues? The main purpose of this RQ is to explore how
existing solutions address data quality issues and analyze their
effectiveness, thereby helping researchers optimize dataset
construction and processing. We analyze the two primary aspects: the
methods used to address data quality issues, their effectiveness, and
future directions.

These three research questions form a cohesive framework that
contributes to our overall research objective. RQ1 establishes the
foundation by mapping out current practices in dataset construction,

Table 2 Search terms of our study

providing context for understanding where and how quality issues
might arise. RQ2 builds upon this foundation by identifying specific
quality problems within these datasets, examining their root causes,
and assessing their impact on model performance. Finally, RQ3
completes the framework by evaluating existing solutions to these
issues, their effectiveness, and areas where further research is
needed.

By systematically exploring these questions, this review aims to
offer a detailed understanding of the current landscape and to identify
areas that require further investigation and improvement. Together,
these RQs enable us to provide comprehensive insights into dataset
quality in GSETs, ultimately supporting our goal of enhancing the
reliability and effectiveness of DNN models in software engineering
applications.

3.2 Search strategy

The search strategy is based on the PICO framework [34], a widely
accepted method for formulating research questions and structuring
search terms in review. The PICO framework ensures the
comprehensiveness and relevance of the literature search by breaking
the research questions down into four key components: Population
(P), Intervention (I), Comparison (C), and Outcome (O). Each
component of the framework is aligned with the objectives of this
review. Below, we outline how each element of the PICO framework
is applied:

1) Population (P): The population of interest in this review refers
to the subject matter in the field of software engineering, specifically
“Code” or “Programs”.

2) Intervention (I): In this review, the intervention refers to the
use of deep learning, such as some well-known deep learning
techniques applied in the field of software engineering. Additionally,
this part should also include keywords related to datasets and dataset
quality, which can ensure the inclusion of papers discussing the
construction, preparation, and quality of datasets.

3) Comparison (C): In this review, the comparison component is
not applicable.

4) Outcomes (O): The outcome of interest in this review is
centered around specific GSETs, namely code summarization,
program repair, code generation, and code translation.

As shown in Table 2, the search string for this review was
constructed based on the above PICO framework. By combining

“Learning” OR “Transformer” OR “Encod*” OR “Deep neural network” OR
“Benchmark” OR “Data*” OR “Data Quality” OR “High Quality” OR
“Label Noise” OR “Data Noise” OR “Noise”

Category Subject Search terms
Population Code / Program “Code” OR “Program”
Intervention DL Technique /

Data Construction /

Data Quality Study
Comparison - -
Outcomes GSETs

“Code Generat*” OR “Text to Code” OR “Natural Language to Code” OR

“Code Summar*” OR “Code Repair” OR “Program Repair” OR “Code Translat*”
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these three parts using the boolean operator “AND”, we can make the
search results as consistent as possible with the research content of
this review. The boolean operator “OR” was used within each part to
combine synonyms and related terms. We also employed wildcards
like “*” to capture variations of key terms. For example, “Code
Summar*” was used to include both “Code Summary” and “Code
Summarization.” This approach helped ensure that the search string
would capture papers even if the terminology varied slightly between
papers, thus broadening the scope of relevant results. Note that we
deliberately excluded the broader term “generative AI” from our
search string as preliminary searches showed it introduced numerous
irrelevant results while the task-specific terms already effectively
captured the relevant literature.

This search string was applied to three major academic databases:
ACM Digital Library, IEEE Xplore, and Scopus. These databases
were selected due to their extensive and authoritative coverage of
high-quality literature in computer science, software engineering, and
deep learning. ACM Digital Library is a central repository for
computing and Al-related research. IEEE Xplore is a leading source
of technical literature for engineering and computing research.
Scopus, being a multidisciplinary database, offers broad coverage of
high-quality papers in technology, engineering, and computer
science, covering a wide range of relevant research. When applying
the search string to these databases, we focused on searching within
the titles, abstracts, and keywords of the papers. After applying the
search string, we initially retrieved 4953 papers: 253 papers from
ACM Digital Library, 1049 papers from IEEE Xplore, and 3651
papers from Scopus. We downloaded all of these papers and used a
deduplication tool [35] to remove duplicates, which reduced the total
number of papers to 3751. We selected these three specialized
databases rather than broader search engines like Google Scholar as
they collectively provide comprehensive coverage of high-quality
software engineering literature while maintaining domain-specific
focus and minimizing irrelevant results.

3.3 Paper selection

Our aim is to meticulously select qualified papers to facilitate
subsequent discussions on the construction and quality issues of
datasets for GSETs. Therefore, this screening process is divided into
the following three steps. It is worth noting that our selection process
did not distinguish between preprints and formally published papers.
Given the rapidly evolving nature of research in generative software
engineering tasks.

3.3.1 Inclusion/exclusion criteria
Table 3 outlines the inclusion and exclusion criteria used to screen

Table 3

Inclusion and exclusion criteria for manually screening papers

Data preparation and quality for code-centric generative software engineering tasks: a systematic literature review

the papers for our systematic literature review on GSETs. As shown
in Fig. 2, the screening process was conducted in two phases: First,
we manually assessed the titles and abstracts of the 3,751 papers
retrieved in the previous step. Then, we review the full texts of the
shortlisted papers. Our aim was to identify papers that contribute
meaningfully to the discussion on dataset construction, data quality
issues, and solutions for GSETs.

The inclusion criteria aimed to capture works that introduced new
benchmarks or datasets relevant to the field analyzed the quality of
existing datasets, or proposed solutions to identified data quality
issues. Specifically, papers were included if they proposed a new
benchmark or dataset (IC1), conducted a detailed analysis of data
quality issues within existing datasets (IC2), or put forward novel
approaches to address these data quality issues (IC3). This allowed us
to focus on works that directly contribute to the development and
improvement of datasets used in GSETs, which is central to our
review.

Conversely, the exclusion criteria were designed to filter out papers
that did not meet the necessary scope. Papers were excluded if they
were not written in English (EC1), as non-English papers would
introduce language barriers that could hinder consistent interpretation
and evaluation. Additionally, papers that did not provide detailed
information about the datasets they used were excluded (EC2). This
exclusion criterion ensured that each selected paper had sufficient
detail on the datasets, making it possible to thoroughly analyze the
dataset construction process and any associated quality issues.
Finally, literature review papers were also excluded (EC3), as our
focus was on original research contributions rather than secondary
analyses. The result of this two-phase screening process was a final
set of 73 papers.

3.3.2 Quality assessment

We conducted a rigorous quality assessment of the 73 papers
identified during the previous screening process. The quality
assessment was guided by a quality criteria checklist shown in
Table 4 that evaluated the clarity of dataset construction processes,
the identification of data quality issues, and the proposed solutions
for addressing such issues.

For papers focusing on constructing new datasets, the assessment
considered three key aspects. First, we examined whether the data
collection method was clearly explained (QC1). This involved
determining whether the authors provided a comprehensive
description of where the data was sourced and how it was gathered,
including any automated or manual processes. Second, we evaluated
the clarity of the data annotation process (QC2), which involved

reviewing whether the paper explained how the data was labeled,

Inclusion criteria Exclusion criteria

IC1: The paper proposes a new related benchmark / dataset.

IC2: The paper analyzes the data quality of existing datasets and identifies

some data quality issues.

IC3: The paper proposes solutions to the data quality issues.

EC1: The paper is not in English.

EC2: The paper does not provide detailed information about
the dataset used.

EC3: The paper is already a review article.
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Table 4 Quality criteria checklist for screening papers

Paper on constructing a new dataset
QCT1: Is the data collection method explained clearly?
QC2: Are the details of data annotation explained clearly?

QC3: Is the data format of the dataset clearly described?

[Paper on discussing data quality issues

QC4: Are the data quality issues explained clearly?

QCS: Is there an argument presented regarding the impact of these
quality issues?

[Paper on proposing solutions

QC6: Are the proposed solutions described clearly?

QC7: Is there evidence showing the impact on the model after
resolving these issues?

who conducted the labeling (e.g., experts or crowdsourcing), and any
tools used. Finally, we assessed whether the data format of the
dataset was adequately described (QC3), ensuring that readers could
understand how the dataset was structured and could verify its
usability for future research.

For papers discussing data quality issues, we focused on two
additional criteria. The first was whether data quality problems were
clearly explained (QC4), which required a detailed account of the
specific problems encountered, such as noise, imbalance, or
redundancy in the dataset. The second criterion was whether the
paper provided a substantive argument about the impact of these
quality issues on the performance and reliability of GSETs models
(QCS5). This step was crucial in understanding how data issues might
contribute to reduced model accuracy or generalizability.

Finally, for papers proposing solutions to data quality issues, we
evaluated the clarity of the proposed solutions (QC6) and whether
there was evidence showing the impact of these solutions on model
performance (QC7). This involved reviewing whether the paper
demonstrated improvements in model accuracy, robustness, or
scalability after addressing the identified data quality issues. The
inclusion of empirical results or comparative studies provided further
validation of the proposed methods. After careful manual evaluation,
the final set of papers was narrowed down to 64.

3.3.3 Forward and backward snowballing

In the forward and backward snowballing process, we aimed to
ensure a comprehensive and exhaustive review of the relevant
literature, particularly focusing on the dataset preparation and data
quality issues in DNN-driven GSETs. We employed the snowballing
method to capture significant papers that may have been missed
during the initial database search. This process involves reviewing
the references (backward snowballing) and citations (forward
snowballing) of the previously selected papers to identify additional
relevant studies.

In this step, we applied snowballing to the 64 papers that had
successfully passed the inclusion and quality assessment phases. By
examining the reference lists of these papers, we identified key
studies that were frequently cited in discussions related to dataset

construction and data quality issues in GSETs. These referenced
papers often provided foundational insights or proposed novel
methods that were critical to our research questions. Through
backward snowballing, we were able to locate several studies that
had been instrumental in shaping the current understanding of data
quality challenges in deep learning for software engineering but were
not captured in our initial search string results. Similarly, forward
snowballing was employed by tracking which of the 64 papers had
been cited in subsequent research. This strategy allowed us to
identify emerging trends and more recent solutions that addressed the
evolving challenges of data quality in GSETs.

As a result of the forward and backward snowballing process, we
identified an additional 6 papers that directly contributed to the topics
of dataset preparation, data quality issues, and solutions in the
context of GSETs. This brought the total number of papers included
in our review to 70, ensuring a more comprehensive and robust
analysis of the existing literature.

3.4 Data extraction

The data extraction process in our review followed a structured
approach to collect information from the 70 selected papers, enabling
us to address our research questions effectively. Table 5 was
designed to systematically capture key information related to the
dataset construction processes, data quality issues, and the proposed
solutions, in alignment with our research questions (RQ1, RQ2, and
RQ3). The extracted data are classified into categories such as
RQIl-data, RQ2-data, and RQ3-data,
comprehensive coverage of each paper’s contributions.

metadata, ensuring

The Metadata section in our data extraction table includes basic but
essential information, such as the title of the paper, the relevant
research questions (RQ Type), the specific research focus of the
paper (Paper Type), and the GSETs it pertains to. Additionally, the
metadata captures details about the proposed or researched dataset,
including its name, the programming languages it targets, and any
other distinguishing features. This categorization provides a
foundation for understanding each paper’s scope and relevance to our
study.

For RQ1, which focuses on the dataset construction processes, we
extracted information about the data sources, annotation methods,
collection methods, dataset volume, format, granularity, and
timeliness. This information is critical for understanding how GSETs
datasets are built and how the construction process influences data
quality. For instance, the data sources refer to whether the datasets
are derived from open-source repositories, industry projects, or other
sources. The annotation methods explore whether the datasets were
manually labeled, semi-automatically annotated, or fully automated.
Collection methods and volume provide insights into the scale and
comprehensiveness of the datasets, and the granularity (file, function,
or line level) and timeliness (time period of collected data) offer
further details about the dataset’s structure and relevance.

For RQ2, which investigates data quality issues, we extracted data
concerning the specific issues identified in the papers, their root
cause to particular stages in the dataset construction process, and the

impacts these issues have on model performance. Common issues
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Table 5 Data extraction forms used for collecting information from the papers in our study

Item Description

Title Title of the paper.
RQ Type Our RQs addressed by the paper.
Paper Type Specific research content of the paper.
Metadata
GSETs Specific task the paper belongs to.
Dataset name The name of the dataset proposed or researched in the paper.
Language The programming languages targeted by the dataset proposed in the paper.
Data source The data sources for the dataset proposed in the paper.
Annotation method Annotation method of the dataset.
Collection method Collection method of the dataset.
RQ1-data Volume The amount of data in the dataset.
Format Data format of the dataset.
Granularity The data is at the file level, function level, or line level.
Timeliness The time period to which the collected data belongs.
Issues Data quality issues discussed in the paper.
RQ2-data Root cause The data construction steps attributed to data quality issues.
Impact The impacts caused by data quality issues.
Solutions The approaches proposed in the paper to address data quality issues.
RQ3-data
Effect The role of the solution in the specific task.
Others Other valuable findings for this study.
include data sparsity, noise, imbalance, and lack of 21
representativeness, which can hinder the generalization and accuracy o 18
of DNN models in GSETs. 215
[=7
For RQ3, which explores solutions to data quality problems, we g 12
categorized the proposed solutions and evaluated their effectiveness. g 9
Papers often propose techniques such as data augmentation, noise 2 6
reduction, or the development of more representative datasets to 2
0

mitigate data quality issues. The “Effect” column in our data
extraction table records the impact of these solutions on the
performance of DNN models in the corresponding GSETs.

Additionally, we classified the 70 selected papers by RQ Type,
Paper Type, Annotation Type, and GSETs in Tables 6 and 7, which
provides a comprehensive overview of the focus areas of each paper.
Specifically, in the above tables, we separately categorize traditional
program repair and program repair using deep learning methods. The
models of the latter are usually evaluated on the datasets of the
former, so it is necessary to discuss both. Figure 3 shows the
distribution of the publication years, illustrating trends in research
attention over time.

H 4 RQ1: common process for constructing datasets of GSETs

This section systematically analyzes the dataset construction
processes in the context of four specific GSETs. We discuss each
specific task

separately because each task presents unique

2017 2018 2019 2020 2021 2022 2023 2024
Year

Fig.3 Number of selected papers by year

requirements for dataset curation, including differences in the data
sources, annotation methods, collection processes, and dataset
formats. By discussing the papers relevant to each task, this section
explores how datasets are tailored to meet the specific challenges of
each GSETs and highlight the importance of these processes in
ensuring high-quality training and evaluation data for DNN models.

4.1 Dataset requirement

We first uniformly examine the programming languages represented
in the datasets and their relative proportions, as shown in Fig. 4. It
provides statistical insight into the distribution of programming
languages across the datasets reviewed, revealing that languages such
as Python, Java, and C/C++ dominate the datasets, while other
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Table 6 Papers we selected for our review and their classification

Paper type Annotation type
References
FA SA MR

[36-38] v v v Ccs
[39] v v cs
[40] v v v v v v v s
[41] v v v v v v s
[42] v v v v v v Ccs
[43] v v v v Cs
[44] v v v cs
[45] v v v v cs
[46] v v v s
[47] v v v v PR-T
[48] v v v v PR-T
[49-52] v v v PR-T
[53.54] v v PR-T
[55] y \ y \ PR-T
[56-58] Y v S N PR-L
[59] V \ \ PR-L
[60] V l J l V PR-L
[61-64] y v v PR-L
[65] Y v Y PR-L
[66] y \ \ \ CG
[67,68] Y Y \/ v y S CG
[69-72] Y v v CG

I CND: constructing a new dataset; RED: research on existing datasets; MDC: method for dataset construction; DA: data augmentation; DC:
data cleaning; FA: fully-automatic; SA: semi-automatic; MR: manual review; CS: ccode summarization; PR-T: Program repair - traditional
methods; PR-L: Program repair - learning methods; CG: code generation; CT: code translation.

Code summarization Program repair Code generation Code translation

. .94% . .

I Python [0 Java @ C/C++ [ JavaScript B C# [ Others
Fig. 4 Proportion of various programming languages in GSETs datasets (statistics from selected papers)

languages like JavaScript and Ruby are less commonly featured. This o Code summarization

analysis helps to contextualize the focus of current research and Targeted programming languages: For code summarization,
highlights potential gaps in dataset diversity across different datasets are primarily built around Java, a popular statically-typed
programming languages. language with rich object-oriented features. Java’s abundant open-
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Table 7 Papers we selected for our review and their classification (continued)

RQ type
RQ2

Paper type
MDC

References

RQI RQ3

Annotation type

DA  DC FA SA MR

[73-79]
[80]
[81]
[82-84]
[85]
[86]
[87]
[88]
[89]
[90,91]
[92,93]
[94]
[95]
[96]
[97]
[98]
[99]
[100]
[101]
[102]
[103,104]
[105]

2 2 2 =2 2 2 2 =2
2. 2 2 2 2 <
2 2 2 =2

2 2 2 2 2 2
R .

v v

CG

CG

CcG

CG

CG

CG

CT

CT

CT

CT

CT

CT

CT
CS, CG, CT

CS, CT
CS, PR-L, CG, CT
CS, PR, CG, CT

PR-T, PR-L
PR-T, PR-L
PR-T, PR-L
PR-T, PR-L

v PR-T, PR-L

source repositories provide ample code-comment pairs, such as those
used in [36,38].

Data volume and format: Many datasets are designed to include
millions of samples, providing sufficient data to train models
effectively. For example, large datasets such as those presented in
[37,38,40,41] on pairing methods with
corresponding comments, capturing diverse programming scenarios

focus or functions
to enhance model generalization. Others, like [96], adopt a multi-task
approach, combining 43 million code-text pairs with additional
unimodal samples and line-level comments to support a range of
learning objectives. Some datasets, such as [36], incorporate
additional metadata, like call dependencies, to improve a model’s
understanding of contextual and structural information in code.
Complementing these large-scale datasets, smaller, manually
annotated collections, such as the 6,645 code-comment pairs
provided by [42], offer high-quality benchmarks for evaluation and
ensure consistency in model performance comparisons. Together,
these datasets strike a balance between scalability and precision,

addressing the varying requirements of code summarization tasks.

Timeliness of the data: The relevance of datasets is crucial, as
outdated codebases may lead to incorrect summaries and reduce
model applicability [106,107]. Despite the impact of language and
framework evolution, none of the studied datasets explicitly address
data timeliness, raising concerns about outdated models and potential
data leakage due to unclear timestamps.

e Program repair

Targeted programming languages: Java and Python are the most
frequently supported languages in program repair datasets, as shown
in Figure 4. Datasets like [47-49,62,101-103,105] focus on Java,
while [51,58,63] target Python. Some datasets, such as [57], focus
solely on C/C++, while others like [52,60] support both Java and
Python. More comprehensive datasets, like [50,56,64,100,104], cover
a wider range of languages, including JavaScript and C#.

Data volume and format: Datasets for classical program repair are
typically smaller and include complete test cases, while deep learning
models require much larger datasets. Classic datasets like [47,49-52]
offer detailed explanations and annotations, often used to evaluate
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deep learning models. For example, [47] contains 251 errors from 72
projects, while [49] includes 283 bug-fix pairs, and [52] provides 80
program files with single-line bugs. Larger datasets for deep learning
models include [56], which contains over 921,825 bug-fix pairs, and
[59], with 653,606 bug-fix pairs. Other large-scale datasets like
[60,61,63,64] provide hundreds of thousands of bug-fix instances
across multiple languages.

Timeliness of the data: Timeliness is crucial for program repair
datasets to ensure current, relevant data. For example, [S56] uses
GitHub events from January to September 2020, and [59] collects
data from PHP projects active after January 2021. Several datasets,
such as [51,100,101], restrict bug-fix submissions to those made in
2023 to keep data up-to-date. Additionally, datasets like [50] include
“Obsolete” comment-edit pairs, reflecting updates necessary to align
with current technology. Overall, program repair datasets prioritize
the timeliness and activity of projects to maintain practical relevance.

o Code generation

Targeted programming languages: Python is the most commonly
used language for code generation datasets, as shown in Fig. 4.
Datasets like [69-72,76,78,79,82,83] support only Python, while
[66,67] focus on Java, [73] on C/C++, and [80] on JavaScript. Some
datasets, such as [74,75,96], support more than three languages. In
summary, Python dominates in code generation datasets.

Data volume and format: Code generation datasets typically pair
natural language descriptions with corresponding code. Large-scale
datasets such as [66,73-76,79,82—-84,96] are used for training and
validation. For instance, [66] provides 13,792 and 10,069 prompt-
code pairs, while [76] offers 1.5 million Jupyter notebook examples.
Other datasets like [82] and [96] contain hundreds of gigabytes of
code in multiple languages, paired with natural language
descriptions. Smaller, high-quality evaluation datasets like [67-70]
focus on validating models. For example, [67] includes 1,208 Java
API problems, and [69] manually collects 1,000 Python problems
covering data science libraries.

The timeliness of the data: Five papers mention dataset timeliness.
[68] focuses on open-source projects from the past five years. [69]
uses Python 3.7.10, while [75] collects Reddit posts from Dec 2022
to Jan 2023. [76] gathers Jupyter notebooks created before May
2019, and [84] spans problems submitted from 2006 to 2022,

factoring in publication date to assess problem difficulty.

e Code translation

The
programming languages in code translation datasets is relatively
balanced, as shown in Fig. 4. [88] supports C/C++ and Fortran
translation, [90] covers C/C++, Java, and Python, and [89] includes
Python, C/C++, C#, Notably, [87]
programming languages, while [91] covers 9 languages.

Targeted programming languages: distribution ~ of

and Java. supports 45

Data volume and format: Code translation datasets are commonly
composed of paired code samples written in different programming
languages, enabling models to learn cross-lingual mappings between
codebases. For instance, some datasets are designed at the program
level, including tens of thousands of samples, often enriched with

unit tests to ensure functional correctness [87,91]. Others focus on

function-level translations, offering parallel functions across

languages like C++, Java, and Python to capture syntactic and
[88-90]. Additionally,
emphasize problem-solving contexts, where each problem is paired

semantic equivalences datasets may
with multiple solutions and extensive test cases to evaluate
correctness [91]. This variety in dataset design, ranging from
program-level to function-level translations, reflects the need for both
scalability and language diversity in code translation tasks.

The timeliness of the data: None of the collected papers addressed
dataset timeliness. This is a critical issue, as outdated datasets may
not reflect current programming standards or technologies. Future
work should prioritize timeliness to ensure datasets remain relevant

and practical for evolving code translation tasks.

4.2 Dataset collection

Collection methods: Based on our statistics of the selected papers,
we categorized data collection methods into three types: fully
automated, semi-automated, and manual:

1) The fully automated data collection method relies on data
crawlers, API queries, and existing large-scale code repositories
(such as GitHub and GitLab) to automatically acquire code data. The
advantage of this approach lies in its high efficiency and large scale,
allowing for the rapid collection of vast amounts of code data.

2) The semi-automated approach combines automated tools with a
certain degree of manual intervention, generally involving initial data
collection through automated crawling or querying, followed by
manual verification, filtering, and cleaning rules to ensure data
quality.

3) Manual collection refers to completely manual acquisition and
organization of data, typically relying on experts to carefully select
data or code snippets.

Figure 5 summarizes the number of different data collection
methods in GSETs. For code summarization, most datasets were
collected automatically, as seen in several studies [36-39,41,96]. A
smaller number of researchers opted for semi-automated approaches,
such as [40], or manual methods, like the work in [42]. Similarly,
program repair datasets show a preference for automated collection,

Collection type
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8 == Manual
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Fig. 5 Number of different collection types in GSETs (statistics from

selected papers)

Frontiers of Computer Science | Issuc 9 | Volume 20 | September 2026 | 200920311



Shihao WENG et al.

with numerous works [48,58-64,100,101,103] employing this
method. However, a notable portion of studies [47,50,51,56,57,104]
adopted semi-automated techniques to balance efficiency and quality,
while others [49,52,102,105] relied on fully manual curation to
ensure accuracy. In the domain of code generation, automated
[66,68,73,74,77-79,82—84,96]
supplemented by semi-automated [75,76,81] and manual approaches

methods  dominate but are
[67,69-72,80] to address specific challenges. Interestingly, for code
[87-91]

automatically, with no use of semi-automated or manual methods.

translation, all reviewed datasets were collected

In summary, the majority of datasets across tasks were collected
automatically, with fewer datasets using semi-automated or manual
collection methods.

Data source: As shown in Fig. 6, these datasets are derived from
various data sources, each of which plays a unique role in shaping the
input and output for a particular task. Six primary sources of data
have been identified in our review of existing papers:

1) GitHub: As the largest platform for hosting open-source
projects, GitHub is an important source of data for GSETs. It
provides a vast repository of real-world code across various
programming languages, offering diverse code samples that can be
used to train models for code summarization, code generation, and
program repair. GitHub’s diverse repositories, from small personal
projects to large-scale industrial applications, make it a valuable
resource for capturing a wide range of programming practices,
patterns, and bug fixes. Moreover, GitHub data is often used because
it allows researchers to collect metadata such as commit messages,
which can be linked to the actual code, making it particularly useful
for tasks like code summarization [37,38,42] and program repair
[47,48,51,56-59,61-64,100—-103].

2) StackOverflow: It is another important data source. As an online
forum, StackOverflow offers developers a wealth of authentic data
on common coding issues and solutions. The question-and-answer
format of the platform is particularly useful for tasks such as code
generation [67,69,71,81], as the site contains numerous question-
code pairs. StackOverflow data can also be used for code
summarization [38,39], where natural language descriptions of code
snippets in discussions serve as useful training examples. The
community-edited nature of StackOverflow ensures that the data
quality is relatively high, with answers often peer reviewed.

3) Specific project: Specific well-known open-source projects,

Code summarization Program repair

LA

I Github 3 StackOverflow EEE Specific project

B Programming website
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such as those hosted by the Apache Foundation or Linux, represent
another crucial source of data. These projects are typically high-
quality, extensively tested, and widely used in the software
development community. Datasets derived from these projects are
often used in program repair [57,105], as they provide a stable, well-
documented codebase. The high visibility and long-term maintenance
of these projects ensure that the code is reliable, making these
sources ideal for training models that require clean and structured
inputs.

4) Programming website: Programming and competition question
websites, such as LeetCode, Codeforces, and HackerRank, provide
highly structured and diverse datasets. These websites host a wide
variety of algorithmic problems, each accompanied by detailed
problem descriptions, test cases, and often multiple correct solutions
in different programming languages, thus they are particularly useful
for code generation [83,84]. Besides, many of these websites feature
multiple implementations of a single problem in different languages,
translation [87,90,91].
Additionally, programming and competition question websites are

which makes them ideal for code
also suitable for constructing program repair datasets [52,60,104], as
they often contain user-submitted solutions that include both correct
and incorrect implementations, providing a rich source of examples
where models can learn to identify and fix common errors or
suboptimal code patterns.

5) Other datasets: Some datasets [40,41,49,74,77,79,82,89,96] are
constructed by modifying or combining existing datasets.
Researchers optimize or expand on the original dataset, improving
the data quality or making it more suitable for other task scenarios.

6) Others:

proprietary projects, academic assignments, or manually curated

Other miscellaneous sources include data from
collections. These sources are less common but offer highly
specialized data for niche tasks.

Analyzing Fig. 6, the data needs for tasks like code summarization,
generation, repair, and translation vary, leading to diverse sources.
GitHub is the most common in code summarization and repair due to
its range of real-world code. StackOverflow aids code generation
with its structured Q&A format. Program repair often uses clean,
well-maintained open-source projects, while code generation benefits
from competition websites offering multi-language solutions. Despite
these differences, many datasets are adapted or augmented from
existing sources, with some niche datasets addressing specific needs.

Code generation Code translation

B Other datasets 3 Others

Fig. 6 Proportion of dataset sources in different GSETs (statistics from selected papers)
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4.3 Dataset annotation

We categorize data annotation methods into three types: fully
automated, semi-automated, and manual annotation. Below is an
introduction to each type of annotation.

1) Fully automated annotation: This method typically relies on
existing tools and technologies to automatically annotate training and
evaluation data, such as extracting relevant source and target data
using static analysis tools, Abstract Syntax Tree (AST) extraction,
and code refactoring tools. The advantage of this approach is its
speed and scalability, allowing it to handle large datasets, which is
especially suitable for training large-scale machine learning models.
However, the accuracy of fully automated annotation depends on the
capabilities of the tools and may introduce errors or noise.

2) Semi-automated annotation: This approach combines automated
tools with human review. After an initial automated annotation,
humans intervene to check and correct errors or inaccuracies in the
dataset. This method ensures data quality while maintaining the scale
of the data. It reduces the workload compared to purely manual
annotation, but the data quality still depends on the specific manner
and extent of human involvement, and it requires a certain amount of
human labor cost.

3) Manual annotation: Manual annotation relies entirely on human
experts to analyze and annotate the data. Usually, domain experts in
programming examine and annotate the code line by line to ensure its
accuracy. The advantage of manual annotation is the extremely high
data quality, which is particularly suitable for small-scale datasets or
tasks that require high precision. However, the disadvantage is that it
is time-consuming and labor-intensive, difficult to scale to large
datasets, and may be subject to human subjectivity.

Furthermore, according to our statistics, we also classify data
annotation granularity into three levels: file-level, method/function-
level, and line-level.

1) File-level annotation: It is typically applied in large-scale
program repair tasks, especially in scenarios where the entire file
needs modification or repair. This granularity covers complete source
code files, capturing all contextual information within the file,
allowing the model to understand global code structure and logic.
File-level datasets usually contain many lines of code and various
functions, enabling the model to learn more complex code
relationships and potential dependencies, which is suitable for tasks
requiring modifications to the entire file.

2) Method/Function-level annotation: Annotation at the method or
function level is a common granularity in tasks such as code
summarization and code generation. Each sample in the dataset
corresponds to an independent function or method, allowing the
model to focus on analyzing local code logic without considering the
context of the entire file. This granularity provides more detailed
code fragments than file-level while still retaining relatively complete
semantic information of units like functions or methods.

3) Line-level annotation: It is the most detailed and is often used
for tasks requiring repair or modification of specific lines of code,
such as program repair. Each sample in the dataset typically includes
a line of code and its context, and the model needs to make

predictions or generate repair suggestions based on the given code
line. This annotation method is precise to the smallest unit of code,
suitable for handling fine-grained error repair and detail optimization
issues.

Below, we introduce the detailed annotation processes for these
four task datasets separately.

e Code summarization

Annotation process: The task of code summarization relies heavily
on accurately aligning code with natural language comments, making
precise annotations essential to avoid introducing noise. To achieve
this, researchers have adopted a variety of strategies. A common
approach involves directly treating function comments, such as
docstrings, as summaries of their corresponding functions. In some
cases, automated rules have been implemented to filter out noisy or
irrelevant comments, dataset’s
[36-38,41]. Another

automated preprocessing. For example, some datasets involve

enhancing the overall quality

strategy combines manual review with
manually identifying noise patterns in the data and applying rule-
based denoising methods to improve data quality [40]. Furthermore,
StackOverflow-based  datasets
automatically extracting pairs of natural language (e.g., question

have been constructed by
titles) and code snippets, followed by creating a gold-standard dataset
through limited manual annotation to train classifiers that align
natural language with code [39]. Advanced parsing tools, such as
customized tree-sitter parsers, have also been applied to extract
functions, classes, and methods from multilingual datasets, ensuring
a diverse and well-structured representation [96]. For smaller-scale
manual efforts sometimes

but highly accurate datasets, are

prioritized. For instance, one dataset involved researchers
categorizing comments from thousands of Java files into multiple
categories, resolving annotation conflicts through multi-reviewer
arbitration, and dedicating hundreds of hours to ensure consistency
and reliability [42]. These varied efforts underscore the importance
of tailoring annotation methods to the specific needs of code
summarization tasks, balancing scale with quality control.

Annotation type: Five papers [36-38,41,96] employed fully
automated annotation methods, two papers [39,40] used semi-
automated annotation methods, and one paper [42] adopted manual
annotation methods.

Annotation granularity: Seven papers [36-42,96] were annotated at
the method-level granularity. Moreover, the annotation granularity of
[42] is at the line-level, where each comment in the dataset is

precisely matched with the specific lines of code it is associated with.

e Program repair

Annotation process: Program repair datasets often rely on
automated tools to collect bug-fix pairs, particularly from sources
like GitHub pull requests. After initial automated collection, these
pairs are typically filtered using bug-fix keywords or repair
templates, followed by manual screening to ensure high-quality data
and test cases [51,56,59,61-64,100-103]. Some methods leverage
continuous integration tools, such as Travis CI, to identify build
failures and corresponding repair patches, which are then stored in
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public repositories for broader community use [47]. In other cases,
datasets are generated by injecting defects into existing programs,
allowing researchers to create controlled bug-fix pairs for analysis
[57]. Filtering out irrelevant changes, such as non-bug-related
refactorings, is another common approach, often employing tools to
ensure that the remaining patches are both compilable and testable
[48]. Annotation processes vary widely, with some focusing on
clustering repair fragments using abstract syntax tree (AST)
distances, while manually classifying these fragments into categories
like bug fixes and refactorings [58]. Others track competitive
programming submissions to identify minimally faulty solutions,
annotating them with fault locations and pairing them with correct
versions [60]. Line-by-line annotations of bug fix commits are also
common, where disagreements between annotators are resolved
through consensus [105]. Beyond these approaches, datasets like
Defects4] are augmented with issue descriptions from platforms like
GitHub, pairs
StackOverflow, manually verifying their alignment to ensure

while others extract comment-edit from
accuracy [49,50]. Lastly, some datasets involve translating programs
between languages with meticulous attention to preserving bug
consistency, or they employ differential testing to label outputs for
correctness, ensuring datasets meet high standards of validity
[52,104]. These diverse methodologies highlight the importance of
combining automated tools with manual verification to construct
robust program repair datasets.

Annotation type: Eight papers [48,60—-64,103,104] employed fully
automated annotation methods, six papers [47,56-58,100,101] used
semiautomated annotation methods, and six papers [49-52,102,105]
adopted manual annotation methods. Specifically, [59] used a fully
automated annotation method for constructing the training set and
employed manual annotation for the test set.

Annotation granularity: Nine papers [47,48,51,59,60,63,100,101,
104] were annotated at the filelevel granularity, five papers
[49,50,57,64,102] were annotated at the method-level granularity,
and four papers [52,62,103,105] were annotated at the line-level
granularity. Specifically, [58] performed annotations at both the
method-level and line-level granularities, while [56,61] annotated at

all three granularities.

o Code generation

Annotation process: Annotation methods for code generation
datasets span a range of automated and manual approaches, often
tailored to the specific challenges of capturing the alignment between
natural language and code. Many datasets are automatically
constructed by scraping tasks and solutions from programming
platforms, leveraging tools to ensure functional correctness without
requiring manual intervention [79,84]. On the other hand, manual
annotation techniques are frequently employed for datasets that
require detailed natural language descriptions, context, or function-
specific details. For instance, some datasets focus on annotating
“how-to” questions from StackOverflow by pairing them with
detailed code snippets and contextual information, such as imports
and usage intent [71,81]. To ensure high-quality annotations, experts
often review and refine questions and reference solutions, checking
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for code executability and adding constraints and test cases where
necessary [69,77]. More
dependency analysis to extract meaningful metadata, as in cases

specialized methods use program
where docstrings are manually annotated to align with corresponding
functions [68]. Tools like topic modeling and OCR are also
employed to extract and annotate code from social media posts, with
manual review ensuring the accuracy of the extracted data [75].

In addition to natural language alignment, some datasets focus on
generating multilingual code representations, using automated rule
transformations or advanced models like GPT-4 for back-translation,
with manual checks to validate translation quality [74,82]. Rule-
based augmentation techniques are also used to expand datasets by
generating natural language descriptions from code snippets [78]. For
highly domain-specific tasks, manual efforts play a critical role, such
as annotating StackOverflow questions with API usage rules or
pairing JavaScript expressions with Chinese descriptions while
accuracy [67,80].
constructed entirely through manual processes, with hundreds of

manually filtering for Some datasets are
hours spent ensuring the quality of task descriptions, solutions, and
test cases [70]. By contrast, automated frameworks simplify the
construction of large-scale datasets by synthesizing text-code pairs
through function identifier matching, ensuring proper tokenization
and alignment [66]. These diverse annotation strategies reflect the
balance between automated scalability and the need for meticulous
manual review to create high-quality datasets for code generation.

Annotation type: Five papers [66,82—-84,96] employed fully
automated annotation methods, eight papers [73—79,81] used semi-
automated annotation methods, and seven papers [67—72,80] adopted
manual annotation methods.

Annotation granularity: Four papers [73,77,83,84] were annotated
at the file-level granularity, twelve papers [66—70,72,74,78-80,82,96]
were annotated at the method-level granularity, and two papers
[71,81] were annotated at the line-level granularity. Specifically, [75]
performed annotations at all three granularities.

e Code translation

Annotation process: The construction and annotation of datasets
for code translation tasks often rely on obtaining multilingual
implementations of the same problem from programming platforms
and repositories. Verified repositories such as tutorial websites and
example libraries are commonly used as sources, with unit tests
ensuring the functional correctness of translated code [87]. In some
cases, automated tools are employed to map and standardize code
pairs, as demonstrated with OpenMP Fortran and C++ translations,
where expert proofreading is incorporated to handle complex cases
and ensure accuracy [88]. For more diverse datasets, platforms like
GeeksForGeeks and HumanEval provide multilingual code snippets
that are categorized into translation tasks of varying complexity, such
as token-level, syntax-level, library-level, and algorithm-level
transformations. These tasks are further expanded through manual
standardization and validation, with unit tests attached to confirm
functional equivalence between the source and target code [89].

To ensure broader coverage, datasets also extract solutions

implementing the same algorithm across languages like C++, Java,
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and Python, using automated unit tests to verify correctness without
manual annotation [90]. Competitive programming platforms, such
as Codeforces and Atcoder, offer another avenue for dataset creation.
These platforms enable automated crawling of correct submissions,
which are subsequently cleaned by removing comments and
standardizing formats, although manual annotation is not typically
involved in these cases [91]. Together, these approaches combine
automated tools with expert interventions to create high-quality
datasets that address the functional correctness and alignment
requirements of code translation tasks.

type: [87,90,91]
automated annotation methods, eight papers [89] used semi-

Annotation Three papers employed fully
automated annotation methods, and one paper [88] adopted manual
annotation methods.

Annotation granularity: Three papers [87,90,91] were annotated at
the file-level granularity, and two papers [88,89] were annotated at
the method-level granularity. No papers for this task were annotated

at the line-level granularity.

4.4 Answer to RQ1

In general, dataset construction for GSETs follows three major
phases: defining requirements, collecting raw data, and designing and
annotating data. Despite task-specific variations, this structure
remains consistent across tasks like code summarization, program
repair, code generation, and code translation. Notably, dataset sizes
and scales vary, with code generation often having the largest
datasets, while program repair tends to focus on smaller, manually
verified datasets.

One common trend is the adoption of automated or semi-automated
annotation methods to handle the increasing volume of data.
However, manual validation is limited, particularly in tasks like code
summarization and code translation, where fully automated
annotation dominates. In contrast, program repair datasets prioritize
manual inspection and validation, ensuring higher data quality
through extensive human intervention. Overall, while automation
accelerates dataset creation, there remain concerns about the
thoroughness of annotation verification in most GSETs tasks.

Takeaways. The key insight is that while automation has enabled
the creation of larger, more diverse datasets, there exists a critical
trade-off between scale and quality in dataset construction for
GSETs. Future research should focus on developing more balanced
approaches that combine the efficiency of automated methods with
the reliability of manual validation to ensure both comprehensive
coverage and high data quality.

B 5 RQ2: dataset quality of GSETs

We have aggregated the data quality issues mentioned in the
collected papers. Table 8 shows all the data quality issues that appear
in the four GSETs, which we will discuss one by one by specific
tasks in the following text. We carefully read through the data quality
issues mentioned in each paper and classified the same quality issues;

Table 8 Data quality issues in GSETs and their frequency of
discussion in selected studies

GSETs Data quality issue Freq. Ratio/%

Noisy data. 3 20.0
Information redundancy. 1 6.7
Insufficient data collection. 1 6.7
Uneven data distribution. 2 13.3
b Data scarcity. 2 13.3
Lack of diversity. 3 20.0
Lack of standardization. 1 6.7
Inaccurate associations. 1 6.7
Unrelated commits. 4 14.8
Outdated Datasets. 2 7.4
The rarity of manually validated. 4 14.8
PR Repeated use of benchmarks. 2 7.4
Data leakage. 1 3.7
Insufficient novelty and diversity. 2 7.4
Insufficient granularity. 1 3.7
Functionality correctness overemphasis. 1 4.2
Lacking real-world coding issues. 2 8.3
Scarcity and lack of diversity. 2 83
<6 Lack tests. 3 12.5
Unreasonable format and style. 2 8.3
Vague problem descriptions. 1 4.2
Insufficient programming languages. 2 14.3
Scarcity of parallel data. 4 28.6
CT Insufficiency of diversity. 3 21.4
Uneven distribution. 1 7.1
Poor code quality and execution. 3 21.4

for each specific issue, we collected perspectives from the three
aspects of description, root cause, and impact. V)

5.1 Code summarization datasets
As shown in Table 8, for the code summarization dataset, we have
summarized the following eight common data quality issues.

5.1.1 Noisy data

Description: Noisy data is one of the most pervasive issues in code
summarization datasets. Noisy data forms include improper
preprocessing, incomplete comments, tampered content, non-English
documentation, auto-generated code, and duplicate code. These have

been reported to interfere with model training [40,43,46]. For

1) Some studies did not assess both the root cause and impact of dataset quality issues, hence, certain issues might lack analysis in these areas.
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example, the CodeSearchNet (CSN) [108] dataset contains repetitive
descriptions, non-ASCII characters, and unnecessary symbols that
degrade the quality of the data [40]. Similarly, the DeepCom dataset
suffers from escaped characters, HTML tags, and meaningless
descriptions, which further introduce noise [43].

The root cause of noisy data can often be attributed to insufficient
or inappropriate  preprocessing operations during dataset
construction. The automatic tools used in collecting and processing
code and comments tend to amplify these issues by retaining
irrelevant content such as HTML tags or overly splitting variable
names [43]. Moreover, inconsistent coding styles and commenting
habits from real-world open-source projects further contribute to

noise [42].

Impact: Noisy data can significantly reduce the performance of code
summarization models. The presence of incomplete, irrelevant, or
erroneous data during model training leads to degraded quality in the
generated code summaries [43]. This interference results in poorer
generalization and lower accuracy, ultimately hindering the model’s
ability to generate precise and meaningful summaries.

5.1.2 Information redundancy

Description: Information redundancy refers to the inclusion of
excessive and irrelevant details in the dataset, which can overwhelm
the model during training. A large portion of the content in the source
code may not relate to the task of generating summaries, causing
unnecessary complexity. For instance, [44] demonstrated that using
simplified code segments, such as function signatures, produced
better summaries than using full code, indicating that the additional
information in full code inputs is often irrelevant.

Impact: Redundant information can overload DNN models, leading
to decreased performance. When the model is provided with
unnecessary details, it struggles to focus on the key elements needed
for generating accurate summaries. Experiments show that reducing
input complexity by focusing on critical segments like function
signatures improves the model’s ability to generate high-quality
summaries [44].

5.1.3 Insufficient data collection

Description: Insufficient data collection is a critical issue in code
summarization datasets, where either the dataset size is too small to
scale effectively or it contains a significant amount of noise from
automated collection processes. Manually annotated datasets, while
high in quality, are often too limited in size to provide sufficient
training data [45].

The reason of insufficient data collection is twofold: high-quality
manual annotations are difficult to scale, while automatically
collected data tends to be noisy and less reliable for training purposes
[45]. Balancing the trade-off between quality and quantity remains a
key challenge in constructing datasets for code summarization.

Impact: Insufficient data limits the model’s capacity to learn
effectively, especially when the problem coexists with data noise in
the dataset. As a result, the model may struggle to generate accurate
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summaries, particularly for rare or specialized methods that appear
infrequently in the training data [45].

5.1.4 Uneven data distribution

Description: Datasets used for code summarization often suffer from
uneven data distribution, where common methods such as size() or
count() are overrepresented, while rarer or specialized methods
appear infrequently. [45].

Impact: Uneven data distribution causes models to perform well on
frequent methods but poorly on rare ones. This imbalance skews the
model’s learning process, leading to inaccurate predictions for less
common functions. As a result, the model’s ability to generalize
across different types of code is compromised, reducing the overall
quality and applicability of the generated summaries [45].

5.1.5 Data scarcity

Description: Data scarcity is an issue particularly prevalent in low-
resource programming languages, such as Ruby and JavaScript,
where the amount of available training data is limited. Compared to
high-resource languages like Java and Python, these low-resource
languages suffer from smaller datasets, often focused on narrow
application domains [98].

The scarcity of data in certain programming languages can be
attributed to the difficulty in collecting large, diverse, and high-
quality datasets. Open-source code resources for some languages are
fewer, and the available datasets often cover limited domains,
restricting the diversity of examples available for training [98].

Impact: Data scarcity in low-resource languages leads to poor model
performance, as the limited dataset size reduces the ability of models
to generalize effectively. This results in reduced accuracy and
coverage for these languages, impairing the model’s performance in
code summarization tasks [98]. Multilingual joint training has been
proposed as a solution, leveraging the similarities between languages
to improve performance in low-resource settings.

5.1.6 Lack of diversity

Description: Closely related to data scarcity, lack of diversity refers
to the homogeneity of datasets, where the application domain or
functionality of the code is too narrow. This issue limits the model’s
exposure to a wide range of programming constructs, reducing its
ability to generalize across different tasks and languages [98].

Impact: The lack of diversity negatively impacts the model’s
generalization ability. When the dataset does not expose the model to
a broad range of code examples, the model may perform poorly on
tasks outside the specific domain or language it was trained on. This
limitation is particularly apparent in low-resource languages, where
diverse datasets are harder to come by [98].

5.1.7 Lack of standardization

Description: The lack of standardization in dataset construction is
another significant issue in code summarization. Different datasets
often employ varying segmentation strategies and preprocessing
techniques, leading to inconsistencies across studies. For example,
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some datasets are segmented by method-level while others by
project-level, and there is no clear consensus on whether to remove
auto-generated code [41].

This issue stems from the absence of universally accepted
guidelines for constructing code summarization datasets. Different
research groups adopt different preprocessing and segmentation
strategies, leading to inconsistent data preparation and making
comparisons across studies difficult [41].

Impact: The lack of standardization [41] hinders the replicability and
comparability of results across studies. Inconsistent segmentation and
preprocessing steps can lead to significant variations in experimental
outcomes, making it difficult to perform accurate comparisons or
reproduce results. Furthermore, this lack of consistency can obscure
the true performance of models, as certain partitioning strategies may
artificially inflate performance metrics like BLEU scores [109].

5.1.8 Inaccurate associations

Description: Inaccurate associations between code snippets and
comments in datasets represent another significant quality issue.
Many datasets rely on simplistic heuristics to link comments with
code, which can lead to incorrect associations, particularly with non-
contiguous lines of code [42].

This issue arises due to the reliance on heuristic methods during
dataset construction, which may not be sophisticated enough to
handle more complex code structures. As a result, comments may be
incorrectly linked to code snippets, reducing the relevance and
accuracy of the dataset [42].

Impact: Inaccurate associations between comments and code
snippets directly impact the training of models, leading to poor-
quality code summaries. Models trained on such datasets are likely to
generate summaries that are misaligned with the actual functionality
of the code, reducing both the accuracy and practical utility of the

generated summaries [42].

5.2 Program repair
As shown in Table 8, for the program repair dataset, we have
summarized the following seven common data quality issues.

5.2.1 Unrelated commits

Description: One common issue in program repair datasets is the
presence of unrelated commits. Datasets built from open-source
repositories such as GitHub often include mixed or loosely related
code changes that are not strictly tied to bug fixes. Several studies
[53,65,105] have identified this phenomenon, where commits may
encompass refactoring, feature additions, or other modifications that
are unrelated to repair tasks. This confounds the dataset, making it
harder for models to learn the specific patterns of bug fixes.

The problem of unrelated commits can largely be attributed to the
automated tools used in dataset collection. These tools are unable to
distinguish between bug fixes and other types of code changes,
leading to “tangled code changes” in the datasets [53,55]. As noted
by [105], the inability of automated tools to isolate bug-fixing
changes from other modifications is a key factor contributing to this
issue.

Impact: Unrelated commits introduce noise into the dataset,
contaminating the annotations and misleading models during
training. This results in inaccurate models that struggle to generalize
to unseen bugs, ultimately reducing the efficacy of program repair
techniques [105].

5.2.2 Outdated datasets

Description: Another significant issue is that many program repair
datasets contain outdated bug fixes that no longer reflect current
development practices. As technology and coding practices evolve, it
is essential for datasets to keep up with these changes to remain
relevant. However, many benchmarks fail to include recent bug fixes
and rely on older examples that may not be representative of modern
bugs [100,101].

The outdated nature of these datasets is often due to the reliance on
older codebases or the inclusion of third-party code dependencies
that may become unavailable over time, making it difficult to
[100]. Additionally, fragile test suites and
dependencies on external actors, such as package maintainers,

reproduce results

contribute to the degradation of benchmark executability, further
compounding the issue.

Impact: Using outdated datasets can result in models that perform
well on historical bugs but fail to generalize to contemporary errors.
This reduces the practical applicability of program repair models, as
they may not be able to address the types of bugs encountered in
modern software development [100].

5.2.3 Rarity of manually validated

Description: The scarcity of manually validated datasets is another
critical quality issue in program repair research. Most datasets rely on
automated tools with minimal or no manual validation, which can
lead to low-quality data. Manually validated datasets, although more
accurate, are rare and often small in scale [105].

This issue arises because manual validation is a labor-intensive
process, requiring experts to examine and confirm the correctness of
bug fixes and repair solutions. As a result, most datasets are either
entirely automated or receive only limited manual validation, leading
to potential inaccuracies in the data [105].

Impact: The lack of manually validated datasets limits the reliability
of models trained on these datasets. Automated validation tools may
miss certain nuances in bug fixes, leading to incorrect or incomplete
data, which in turn affects the performance of program repair models.
Furthermore, the small size of manually validated datasets restricts
their usefulness for large-scale research.

5.2.4 Repeated use of benchmarks

Description: The repeated use of the same benchmarks in program
repair research presents a threat to the external validity of findings.
When the same benchmarks are used across multiple studies,
improvements may appear significant but may not generalize beyond
the specific dataset being evaluated [54]. This over-reliance on a
limited set of benchmarks can lead to a disconnect between research
outcomes and real-world applicability.
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Impact: Overuse of the same benchmarks can result in models that
are overfitted to these specific datasets, leading to artificially inflated
performance metrics. This creates a false sense of progress in the
field, as models may not perform as well on new or unseen datasets.
Consequently, the external validity of research findings may be
compromised, limiting the practical impact of the proposed solutions
[54].

5.2.5 Data leakage

Description: Data leakage occurs when models are inadvertently
exposed to data during training that they will later encounter during
evaluation. This is particularly problematic in program repair
datasets, where older datasets like Defects4] and ManyBugs may
have been included in the training data of large language models
(LLMs), leading to overly optimistic performance metrics [60].

Data leakage in program repair datasets is often due to the use of
older code repositories and datasets that predate the advent of LLMs.
These older datasets may have already been included in the training
data of widely used LLMs, causing models to encounter familiar data
during evaluation [60].

Impact: If a model has seen the same or similar data during training,
its performance during evaluation may not accurately reflect its true
capabilities. Such data leakage can lead to inflated performance
metrics, giving the false impression that a model is more effective
than it actually is. This misjudgment hampers the fair evaluation of
program repair models and can lead to misleading conclusions about
their generalization capabilities and real-world performance [60].

5.2.6 Insufficient novelty and diversity
Description: Two works point out that current repair datasets suffer
from a lack of novelty and diversity. These datasets often rely on
code from a narrow range of open-source projects or specific
domains, which may not accurately reflect the diversity and
complexity of real-world programming errors. This limited scope
affects the generalization capabilities of models trained on such
datasets, as they may perform poorly when applied to novel or
diverse bugs [60,98].

The lack of novelty and diversity in program repair datasets can be
traced to data collection practices that focus on a small set of well-
known projects or domains. [60].

Impact: Insufficient novelty and diversity in datasets lead to models
that are unable to generalize effectively to new or unseen bugs. This
reduces the practical utility of program repair models, as they may
perform well on the specific types of bugs present in the dataset but
struggle with more varied or complex errors encountered in real-
world software development. This limited scope fails to capture a
broad range of programming errors and coding practices, reducing
the dataset’s relevance for training robust, generalizable models [60].

5.2.7 Insufficient granularity

Description: Another prevalent issue in program repair datasets is
the lack of fine-grained fault localization annotations. Many datasets
provide only coarse-grained annotations, such as method-level or
module-level labels, which are insufficient for accurately pinpointing
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the location of bugs in the code. Fine-grained annotations, such as
line-level labels, are often missing, which limits the usefulness of the
dataset for tasks requiring precise fault localization [60,105].

This issue arises from the imprecision in the labeling step, namely,
after data collection, the failure locations were not annotated with
fine granularity [60].

Impact: Coarse-grained annotations hinder the ability of models to
perform fine-grained analyses of bug fixes. This reduces the
effectiveness of program repair models, particularly for tasks that
require precise identification of the buggy code. Inaccurate fault
localization also impacts the evaluation of these models, as they may
miss critical parts of bug repairs, leading to incomplete or incorrect
fixes [105].

5.3 Code generation
As shown in Table 8, for the code generation dataset, we have
summarized the following six common data quality issues.

5.3.1 Functionality correctness overemphasis

Description: A common issue in current code generation datasets is
an excessive focus on functionality correctness. Many datasets are
designed to ensure that the generated code passes functional tests,
often neglecting other important aspects like code stability,
robustness, and long-term reliability. While functional correctness is
crucial, it alone does not guarantee the code will perform well in
practical settings [67].

This issue usually arises when determining the goals for data set
construction. For code generation issues, test cases are generally used
to evaluate the accuracy of the generated code. However, this may
lead to neglecting the semantic differences or broader context in the
generated code. As a result, datasets fail to capture the robustness and
reliability aspects that are essential for real-world code [67].

Impact: By focusing solely on functional correctness, models trained
on these datasets may produce code that passes tests but may
experience issues in production environments, such as resource leaks,
scalability problems, or crashes. This can lead to unreliable code that
requires further intervention from developers, undermining the
practical utility of these models [67].

5.3.2 Lacking real-world coding issues
Description: Another significant issue is the lack of real-world
coding challenges in existing datasets. Programming in the real-
world usually consists of many different types of tasks, and if only
one type of task is considered when building the dataset, it would
cause the entire dataset to be unable to cover all coding scenarios. In
addition, the single code granularity may also exacerbate this issue.
Current benchmarks, such as HumanEval, often focus on
independent functions that do not require external context, making
them less appropriate for evaluating models in real-world
development scenarios [67,68].

This problem is largely due to the data source selection during
dataset construction. Many datasets favor simplified problems from
challenge websites rather than sourcing real-world development tasks

from platforms like StackOverflow. Additionally, the selection of
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independent functions that rely solely on standard libraries, rather
than complex, context-dependent functions, further contributes to the
unrealistic nature of the datasets [68].

Impact: The absence of real-world coding issues limits the practical
applicability of code generation models. Models trained on such
datasets may struggle to handle dependencies, complex API usage, or
which
in evaluation dataset also leads to

project-specific  contexts, critical in real-world

This
overestimating the model’s capabilities and hinders its effectiveness

are
development. issue

when applied in actual software development environments [67,68].

5.3.3 Scarcity and lack of diversity
Description: The scarcity and lack of diversity in code generation
datasets is another major concern, particularly in low-resource
programming languages such as Ruby and JavaScript. Constructing
large-scale datasets with paired data (i.e., natural language
descriptions and corresponding code) is challenging, especially in
domain-specific code generation tasks. Additionally, many current
datasets cover only specific domains, limiting their diversity [80,98].
The scarcity of datasets can be attributed to the high cost of
manually constructing natural language descriptions and code pairs,
which requires significant time and effort. Furthermore, the limited
availability of open-source code resources and the focus on specific
application domains further restrict the scale and diversity of datasets

[80,98].

Impact: The scarcity and lack of diversity in datasets negatively
affect the training of code generation models, limiting their ability to
generalize across different programming languages and domains.
Models trained on small or homogeneous datasets may perform well
in specific scenarios but fail to adapt to more diverse and complex
tasks. This reduces the overall effectiveness and robustness of the
models [80].

5.3.4 Lack of tests

Description: A critical issue affecting code generation datasets is the
insufficient number of tests per coding problem. Most existing
benchmarks, such as HUMANEVAL, contain fewer than 10 tests per
problem, and these tests are often overly simplistic, failing to
thoroughly examine the functionality or edge cases of the generated
code [85].

Impact: The lack of comprehensive testing in code generation
datasets undermines the evaluation of models. Without adequate
tests, it becomes difficult to assess how well a model handles edge
cases or complex functional requirements. This can lead to an
overestimation of the model’s performance, as it may only be
evaluated on basic test cases, leaving more intricate or subtle bugs
undetected [85].

5.3.5 Unreasonable format and style

Description: Different developers follow different coding styles,
such as varying quote types, indentation, and semicolon usage. When
the programming format and style of the code are uniform or not
standardized, the dataset will have this problem. Additionally, current

datasets often overlook code readability and structure, focusing
primarily on increasing data volume and ensuring functionality
correctness [80,86].

This issue stems from insufficient preprocessing during dataset
construction. The variability in coding styles among different
developers is often not standardized, resulting in datasets that contain
inconsistent and noisy code. Moreover, prioritizing quantity over
quality in data collection results in datasets that compromise crucial
aspects like code readability, structure, and modularity [80,86].

Impact: Inconsistent formatting and poor coding practices in
datasets can degrade the performance of code generation models.
Models trained on such datasets may generate functionally correct
code, but the code may lack clarity, modularity, and maintainability.
This reduces the practical utility of the generated code, as developers
may need to refactor or rewrite it to meet coding standards. The
presence of noise in the dataset also increases the difficulty of
training models, leading to unstable performance across different
coding styles [86].

5.3.6 Vague problem descriptions

Description: Many code generation datasets suffer from vague or
ambiguous problem descriptions. The natural language input
provided alongside function signatures in these datasets is often too
unclear to fully specify the expected program behavior. As a result,
models may generate code that does not accurately address the

intended problem, leading to incorrect or incomplete solutions [85].

Impact: Vague problem descriptions complicate the evaluation of
code generation models. When the task description is ambiguous,
models may interpret the problem differently than intended, leading
to suboptimal code generation. This can cause capable models to be
misjudged as incompetent, as their performance may be hindered by
unclear or incomplete task specifications rather than an actual lack of
ability [85].

5.4 Code translation
As shown in Table 8, for the code translation dataset, we have
summarized the following five common data quality issues.

5.4.1 Insufficient programming languages

Description: One of the most prominent issues in code translation
datasets is the limited coverage of programming languages. Most
datasets focus on a handful of popular languages, such as Java,
Python, and C#, while neglecting many niche or emerging languages.
This imbalance restricts the ability of code translation models to
operate effectively in multilingual environments [87].

This issue stems from the data collection phase, where dataset
curators tend to prioritize popular languages due to their widespread
use and availability of resources. Though these minority and niche
programming languages are important for specific domains and
legacy systems, they are often overlooked during the dataset
construction process [87].

Impact: The lack of coverage across programming languages limits
the applicability of code translation models, particularly in scenarios
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where multilingual support is essential, such as code migration and
maintenance for niche languages. Without sufficient data from a
broader range of languages, models may struggle to generalize,
leading to subpar performance when translating between less
common language pairs [87].

5.4.2 Scarcity of parallel data

Description: Parallel data, which consists of code pairs from
different programming languages that are functionally equivalent, is
essential for training supervised code translation models. However,
there is a notable scarcity of such data in existing datasets. Currently,
the main sources of code translation data are open-source software
and projects, however, the number of code pairs with good
correspondence is very limited. And some language pairs have even
rarer data sources [92,93].

The lack of parallel data is primarily due to the high cost and
difficulty of manual annotation. Constructing large-scale parallel
datasets requires experts to ensure that the code pairs are functionally
equivalent, which is a time-consuming and labor-intensive process.
Additionally, open-source code resources for certain languages are
relatively scarce, limiting the amount of available data [92,93,98].

Impact: The scarcity of parallel data impedes the effectiveness of
supervised learning methods for code translation. Without sufficient
parallel data, models struggle to accurately learn the functional
equivalence between languages, resulting in poor translation
accuracy and generalization. This limitation also affects the
evaluation of models, as small datasets may not provide enough
variety to thoroughly test the model’s capabilities [92,97]. In
particular, non-parallel code pairs in test datasets can introduce bias
in evaluation metrics, making it difficult to assess the true

performance of translation models [97].

5.4.3 Insufficiency of diversity

Description: Another major issue is the lack of diversity in code
translation datasets. Many datasets contain repetitive code structures
or simple token mappings, which allow models to achieve high
scores by memorizing patterns rather than learning complex
translation tasks. Additionally, complex challenges, such as library
calls and algorithmic rewriting, are often underrepresented in these
datasets [89].

This issue arises from shortcomings in the dataset construction
process. Existing datasets tend to focus on simpler translation tasks,
which are easier to collect and annotate, but they fail to capture the
complexity of real-world code translation scenarios. As a result, the
datasets are biased toward repetitive or trivial tasks, limiting their
ability to test models on more challenging translation problems [89].

Impact: The lack of diversity in code translation datasets
significantly limits the ability of models to generalize to more
complex tasks. Models trained on such datasets may perform well on
simple translations but struggle with more sophisticated code
transformations, such as handling complex API calls or rewriting
algorithms. This can result in overestimating the model’s capabilities

and under-preparing it for real-world code translation tasks [89,98].
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5.4.4 Uneven distribution

Description: The data distribution in existing code translation
datasets is often skewed, with certain programming languages being
overrepresented while others are underrepresented. This imbalance is
mainly reflected in the difference in the amount of data across
different languages. Some languages have more data, while others
only have a few paired data [87].

This uneven distribution is a result of imbalances during the data
sampling phase. Languages with more open-source resources and
larger developer communities, such as Java and Python, are more
likely to be included in datasets, while niche or low-resource
languages receive less attention [87].

Impact: The uneven distribution of data among languages creates
performance disparities in code translation models. Models trained
on datasets that heavily favor high-resource languages may perform
exceptionally well on those languages but fail to translate effectively
between low-resource languages. This imbalance reduces the
practical utility of the models in multilingual environments, where
support for a broader range of languages is often required [87].

5.4.5 Poor code quality and execution
Description: Many code translation datasets suffer from poor code
quality and execution issues. Some code samples in these datasets
cannot be compiled or executed, and others contain errors or
inconsistencies, which can affect the model’s ability to learn accurate
translations. Additionally, there are reports of non-parallel code pairs,
where the source and target code are not functionally equivalent,
further complicating the evaluation of model performance [87,92,97].
The root cause of this issue is the lack of rigorous data verification
and cleaning procedures during dataset construction. In many cases,
the collected data is not thoroughly checked for correctness or
execution capability, leading to the inclusion of faulty or non-
executable code samples. Moreover, the manual effort required to
ensure functional equivalence between code pairs is often not
invested, resulting in non-parallel pairs being included in the dataset
[87,97].

Impact: Poor code quality and execution issues undermine the
reliability of code translation models. Models trained on such data
may produce translations that are syntactically correct but fail to
execute properly or maintain functional equivalence. This not only
affects the quality of the generated translations but also introduces
biases into model evaluation, as non-parallel code pairs can distort
performance metrics and lead to incorrect conclusions about the
model’s capabilities [92,97].

5.5 Answer to RQ2
The prevalent data quality issues in GSETs datasets can be

categorized into several common challenges. Inadequate

preprocessing and inconsistent coding practices contribute

significantly to noisy data, which poses a major challenge to model
performance. Information redundancy, often caused by excessive or
and reduce their

irrelevant details, can overwhelm models

effectiveness. Insufficient data collection, especially in low-resource
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programming languages, limits a model’s ability to generalize.
Uneven data distribution and lack of diversity further exacerbate
these problems, making it difficult for models to handle infrequent or
specialized code patterns. Besides, the construction process of the
dataset is also lacking in standardized norms, and potential data leaks
and task conflicts restrict the construction of large-scale multi-task
datasets.

Although many tasks face similar or identical quality issues,
different coding tasks have different main quality problems and root
causes. For example, inconsistencies between code and comments
significantly reduce the data quality of the code summarization task.
For program repair tasks, data quality issues are closely related to
data obsolescence, incorrect submission information, and insufficient
manual inspection. For code generation and translation tasks, the
scale of the dataset and the diversity of languages remain key quality
bottlenecks. These data quality issues significantly impact GSETs
model performance, hindering generalization and practical
applicability.

Takeaways. In summary, addressing data quality issues requires
task-specific approaches that consider the unique challenges of each
GSETs. Moving forward, researchers should prioritize developing
standardized preprocessing pipelines, ensuring balanced and diverse
data

mechanisms to mitigate these persistent quality challenges.

representation, and implementing rigorous validation

B 6 RQ3: solutions

There have been many datasets for GSETs, and researchers
discovered data quality issues with raising concerns. However, few
techniques are proposed to address these issues, highlighting a gap in
this field. The following outlines the existing technical methods, their
effectiveness and future directions.

6.1 Data cleaning and filtering methods

Methodology: Data cleaning and filtering are essential techniques
for improving dataset quality in GSETSs, as noisy or inconsistent data
can significantly hinder model performance. For code
summarization, automated approaches such as CAT have been used
to systematically detect and remove noise, targeting issues like
incomplete comments, fragmented variable names, and empty
functions. By applying predefined rules, these methods enhance the
consistency of datasets and mitigate the impact of irrelevant or
erroneous data [43]. Similarly, noise removal techniques that rely on
manually identified patterns have proven effective, particularly for
Java code/comment pairs, where filtering out errors and expanding
datasets can improve data reliability and scale [40]. Granular
preprocessing steps, such as eliminating code snippets with syntax
errors, overly long or short methods, and duplicates, further refine
datasets by reducing biases and standardizing inputs [46].

In program repair, the challenge of “entangled changes,” where
bug-fixing commits include unrelated modifications, has been
addressed through automated purification techniques. For example,
DEPTEST leverages code coverage analysis and incremental
debugging to isolate bug-related changes, filtering out irrelevant edits

without requiring manual intervention [S5]. This ensures cleaner,

more focused datasets that better capture patterns specific to program
repair tasks.

Code generation datasets also benefit from advanced cleaning
approaches that prioritize readability and maintainability. Techniques
such as using large language models (LLMs) to rename variables for
semantic clarity, modularize complex code into smaller functions,
and generate natural language plan comments have significantly
improved the functional and organizational quality of datasets. These
steps not only preserve the functional correctness of the code but also
make it more interpretable, creating datasets that are better suited for
training and evaluation [86].

Effectiveness: The impact of these cleaning methodologies is
evident in the substantial improvement in model performance across
GSETs. For code summarization, reducing noise in
benchmark datasets has led to increases of 21% to 27% in BLEU-4
scores, demonstrating the importance of clean data for generating

various

precise summaries [43]. Similarly, creating a larger, cleaner dataset,
such as CoDesc, has enhanced Java code translation models by
providing more representative and reliable training data [40].
Granular preprocessing techniques have further reduced errors and
biases, enabling more accurate comparisons across different methods
[46].

In program repair, DEPTEST has significantly improved the
reliability of automated program repair (APR) evaluations by
producing higher-quality patches and reducing noise. By filtering out
unrelated changes, datasets become more focused, allowing for fairer
comparisons between APR methods and more precise evaluations
[55].

For code generation, refining datasets through LLM-driven
cleaning has yielded notable gains in model performance.
Experimental results revealed up to a 30% improvement in functional
accuracy for models trained on cleaned datasets compared to those
trained on unrefined data [86]. Notably, even a smaller, high-quality
dataset (15% of the original size) outperformed models trained on the
full, uncleaned dataset, underscoring the pivotal role of data quality
in enhancing model efficiency and generalization.

These findings highlight the critical importance of robust data
cleaning and filtering methods in improving model training and
evaluation, enabling advancements across tasks such as code
summarization, program repair, and code generation. By ensuring
cleaner, more representative datasets, these techniques lay a stronger
foundation for the development of more reliable and effective GSETs
models.

Future directions: Data cleaning and filtering methods should focus
on developing more automated, task-specific techniques to identify
and remove noise from datasets. Future advancements may
incorporate LLM-driven tools that dynamically adapt to diverse
dataset structures while preserving relevant information and ensuring

minimal human intervention for large-scale data processing.

6.2 Data augmentation methods
Methodology: Data augmentation has emerged as a vital strategy to
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tackle challenges related to dataset scale, imbalance, and quality in
GSETs,
performance in low-resource settings. For code summarization,

enabling models to generalize better and improve
augmentation techniques that cluster similar code-comment pairs
have proven effective in addressing data imbalance. By targeting
underrepresented categories and replacing non-keywords in
comments to generate new pairs, these methods ensure semantic
consistency while simultaneously expanding the dataset and filtering
out potential noise [45]. Beyond these task-specific approaches,
multilingual and numerical augmentation strategies have also been
explored. Techniques such as back translation generate pseudo-
parallel data, while multilingual augmentation leverages patterns
across programming languages to improve generalization. Numerical
augmentation further enhances robustness by varying numerical
values in code, ensuring that models become less sensitive to specific
numeric inputs [97].

In the context of code translation, augmentation methods have been
designed to address limitations in parallel data and enhance diversity.
For example, leveraging similar corpora —whether retrieved,
naturally occurring, or generated —enables models to better
understand functional equivalence between programming languages,
even when syntactic structures differ. Generating multiple reference
translations for the same code, filtered using unit tests, further
[92].

Additionally, advanced transformation techniques such as rule-based

enhances dataset diversity and mitigates overfitting

and retrieval-based methods have been introduced to create new code
Rule-based
while

pairs while preserving semantic  correctness.

transformations systematically modify code structures,
retrieval-based methods extract high-quality parallel data from large
code repositories, avoiding errors often found in machine-generated
samples [93,94]. Together, these approaches aim to enrich datasets
with meaningful, diverse samples that align well with real-world

coding scenarios.

Effectiveness: The effectiveness of these augmentation methods is
evident in their ability to boost model performance across various
tasks. By addressing imbalances and expanding datasets, clustering-
based and numerical augmentation methods for code summarization
have demonstrated improvements in BLEU-4, METEOR [110], and
ROUGE-L [111] scores, with gains ranging from 1.37% to 2.24%
[45]. Similarly, multilingual and back-translation approaches have
not only enhanced style consistency but also improved BLEU scores
by up to 6.9% for code translation and 7.5% for code summarization,
showcasing their utility in multilingual and multi-domain tasks [97].
In code translation, augmentation techniques have shown
remarkable results. Leveraging similar corpora and generating
multiple reference translations increased Compute Accuracy (CA@]1)
by 7.5% across various language pairs, highlighting the role of
functional equivalence in improving translation quality [92]. Rule-
based and retrieval-based methods have further demonstrated their
effectiveness, achieving up to a 35% increase in translation accuracy
for tasks such as Java-to-C# translation [93,94]. While rule-based
transformations retrieval-based

NLP-based

occasionally risk overfitting,

approaches consistently outperformed traditional
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methods, underlining the importance of tailoring augmentation
techniques to the unique requirements of GSETs.

Future directions: Data augmentation methods may evolve by
leveraging advanced generative models to create diverse, high-
quality synthetic data. These techniques should aim to better simulate
real-world scenarios, address low-resource programming languages,
and explore cross-language augmentation to enhance model
generalization and robustness in multilingual and multi-domain tasks.

6.3 Dataset construction methods

Methodology: Dataset construction plays a key role in ensuring
reliable evaluations in GSETs. Some methods aim to introduce
strategies to improve data quality at the time of constructing datasets.
[41] proposed standardized guidelines, comparing dataset division by
method versus project. Their findings showed that project-based
division prevents information leakage between training and test sets,
leading to more reliable results. They also recommended removing
automatically generated code to avoid inflating model performance.
With a processed dataset of 2.1 million Java method-comment pairs,
this work offered a unified benchmark, enhancing comparability and
consistency across studies.

Effectiveness: These standards significantly improved research
outcomes by ensuring consistency and preventing information
leakage. [41] allowed for more accurate comparisons between
models and reduced variability caused by differing preprocessing
techniques. Removing automatically generated code ensured that
performance improvements reflected the actual improvement of the
model. This approach improves research reproducibility and ensures
more reliable evaluations, advancing the field with a stable
benchmark dataset for future studies.

Future directions: Dataset construction methods should prioritize
standardization and scalability, emphasizing reproducible guidelines
for segmentation, annotation, and preprocessing. Future work should
integrate robust mechanisms to prevent data leakage, ensure
consistent quality, and incorporate diverse, real-world programming
scenarios to improve dataset relevance and applicability.

6.4 New training methods

Methodology: To address data scarcity and diversity, [98]
introduced multilingual joint training for GSETs. By leveraging
shared code patterns and identifiers across different languages, the
approach allows models to benefit from resource-rich languages,
improving performance in low-resource languages like Ruby and
JavaScript. This data augmentation enhances tasks such as code
summarization, retrieval, and function naming by enabling models to

learn useful patterns from other languages.

Effectiveness: The multilingual joint training method significantly
boosts performance in low-resource languages by transferring
knowledge from better-resourced ones. This improves model
generalization and enhances the automation of software engineering
tasks in multilingual environments, making it a valuable solution for
increasing the robustness of GSETs models across various languages.
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Future directions: New training methods should further explore
multilingual and multitask learning frameworks to enhance cross-
language and cross-domain generalization. By leveraging transfer
learning and shared representations across tasks, future developments
should aim to address data scarcity issues and improve model
performance in low-resource environments.

6.5 Expanding test cases

Methodology: To address insufficient testing and vague descriptions
in existing datasets, [85] proposed the EvalPlus framework. EvalPlus
combines LLM-based and mutation-based methods for automatic test
input generation. It first uses ChatGPT [112] to generate high-quality
seed inputs, followed by type-aware mutations to create additional
test cases that expand dataset coverage. EvalPlus also verifies the
functional correctness of generated code using differential testing and
optimizes evaluation efficiency with a test suite reduction algorithm.
This method significantly enhances the test coverage and rigor of
existing datasets, enabling more precise evaluations of code
generated by LLMs.

Effectiveness: Implementing EvalPlus revealed that the performance
of many LLM code generation models had been overestimated due to
insufficient testing. When evaluated on the expanded dataset,
HUMANEVAL+ [113], models showed a significant drop in pass
rates (pass@k), indicating that prior evaluations missed many errors.
Additionally, EvalPlus reordered model performance rankings, with
some open-source models, like WizardCoder-CodeLlama [114],
outperforming ChatGPT on HUMANEVAL+, contrary to previous
results. This underscores the need for more rigorous testing to
accurately assess LLMs and avoid overestimating their code
generation capabilities.

Future directions: Expanding test cases requires the development of
automated, context-aware testing techniques that target edge cases
and ensure thorough evaluation. Future work should focus on
generating diverse, high-coverage test suites that assess functionality,
robustness, and semantic correctness, enabling more accurate and
reliable evaluation of code generation models.

6.6 Answer to RQ3:
To address data quality issues in GSETSs, several solutions have been
proposed. Most methods are data cleaning and filtering approaches,
this type of technology can design corresponding templates based on
the characteristics of the data. Data augmentation techniques focus on
expanding datasets by generating new, diverse examples, which
helps mitigate issues like data scarcity and imbalance. Additionally,
standardized dataset construction methods have been suggested to
ensure more reliable and consistent model evaluations by preventing
information leakage and enhancing comparability across studies.
These solutions collectively improve the quality of datasets,
leading to better model performance, increased generalization, and
more accurate evaluation results in GSETs.

Takeaways. The key insight is that while current solutions offer
promising improvements, there remains a significant gap between the
number of identified data quality issues and the availability of

comprehensive, validated solutions. This highlights an important
direction for future research: developing integrated frameworks that
combine multiple solution approaches to systematically address the
complex, multifaceted nature of data quality challenges in GSETs.

B 7 Recommendations

To build high-quality datasets that can significantly enhance the
performance of DNN models in GSETs, researchers must adopt a
comprehensive and meticulous dataset construction strategy. Based
on the findings of this study, which analyzed the processes (RQ1),
data quality issues (RQ2), and proposed solutions (RQ3) in existing
research, we recommend several best practices across three critical
areas: data selection, dataset annotation, and data cleaning and
validation. These areas are pivotal in ensuring that datasets are
robust, representative, and capable of facilitating the development of
high-performance models.

Data selection: ensuring representativeness and diversity. One
of the primary challenges identified in RQ2 is the lack of
representativeness and diversity in datasets used for GSETs, which
can severely hinder model generalization.

Datasets often suffer from limited programming language
coverage, an over-representation of specific types of code snippets,
or an imbalance in the distribution of code patterns. To mitigate these
issues, we recommend that researchers prioritize the selection of
diverse code samples from a wide array of programming languages,
domains, and projects, including both open-source repositories and
industry-level projects. By incorporating code from different
languages (e.g.,
researchers can ensure that the resulting dataset is rich in structural
and syntactic variation, helping models generalize better across

and paradigms object-oriented, functional),

unseen tasks.

Moreover, as indicated by the analysis in RQ1, it is essential to
consider the scalability of the dataset. Larger datasets are often
necessary to train DNN models effectively, but the size must be
balanced with the quality and diversity of the data. Researchers
should also account for timeliness, ensuring that the dataset contains
recent code samples that reflect modern software engineering
practices and trends. This helps DNN models remain relevant and
effective in contemporary code-related tasks.

Dataset annotation: improving accuracy and consistency.
Accurate and consistent annotation is crucial for training DNN
models in GSETs, yet data annotation is often fraught with
challenges such as noise, human error, and inconsistencies, as
explored in RQ2.

To address these issues, researchers should consider employing
semi-automated annotation techniques. which can significantly
reduce the time and effort required for manual labeling while
ensuring a certain level of precision. Automated techniques, such as
leveraging static analysis tools or abstract syntax tree (AST) parsers,
can be used to extract metadata and generate labels for code-related
datasets. However, these methods are not infallible, and manual
verification is still necessary to ensure correctness. In cases where
manual annotation is required, crowdsourcing and expert-driven
approaches are both valid options, but they should be supplemented
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by rigorous guidelines and quality control mechanisms to ensure
consistency across annotators.

Additionally, it’s important to align annotation granularity with the
specific needs of the task. For instance, code summarization may
require function-level annotations, whereas program repair might
require line-level or even token-level annotations. Researchers
should also consider the annotation format, ensuring that it is both
human-readable and machine-processable, to facilitate easy
integration into future studies and model training pipelines. As
highlighted in RQ3, providing clear documentation and justifications
for the annotation process helps future researchers understand the
dataset’s limitations and facilitates reproducibility.

Data cleaning and validation: enhancing data quality. To
further enhance the quality and reliability of datasets for GSETs,
researchers must remain vigilant about the pervasive data quality
issues that can undermine model performance.

As emphasized in RQ2, problems like data noise, imbalances, and
insufficient representativeness continue to be significant barriers to
the effectiveness of DNN models. Thus, it is critical for researchers
to not only adopt robust dataset construction methodologies but also
to actively seek out and address these data quality issues throughout
the dataset This
preprocessing checks, maintaining transparency in data collection

lifecycle. involves conducting thorough
methods, and employing advanced techniques such as data cleaning,
balancing, and noise reduction.

More importantly, researchers should strive to innovate and
propose new solutions to prevalent data quality challenges. As
highlighted by the findings in RQ3, while some techniques like data
augmentation and noise filtering have been effective, there is ample
room for improvement and the development of more sophisticated
methods. Future work should explore novel strategies that go beyond
existing approaches, such as leveraging hybrid techniques that
combine machine learning with expert-driven insights to refine
datasets. By prioritizing data quality and continuously improving
solutions to common issues, the research community can help ensure
that DNN models for GSETs are trained on robust and high-quality

datasets, ultimately leading to more reliable and impactful outcomes.

H 8 Threats to validity

Internal validity concerns relate to the accuracy of our research
process. The main threat stems from potential subjectivity in manual
screening and quality assessment. To mitigate this, we established
predefined quality criteria, involved multiple reviewers in the
assessment process, and maintained detailed documentation of our
decision-making. Our data extraction process posed another internal
validity challenge. To address this, we implemented a comprehensive
data extraction form, conducted multiple review rounds, and
employed systematic coding to ensure consistency and thoroughness
in extracting relevant information.

External validity addresses the generalizability of our findings.
Although we analyzed 70 papers, this sample may not fully represent
the entire landscape of dataset construction for GSETs. To mitigate
this limitation, we employed a comprehensive search strategy across
multiple databases and supplemented our initial search with forward
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and backward snowballing to expand our coverage. The rapid
evolution of deep learning approaches creates temporal constraints
on our study. To address this challenge, we included papers
published through the end of our search period and used forward
snowballing to identify more recent relevant publications that cite our
core papers.

Construct validity relates to whether our study accurately measures
what it intends to measure. Despite our rigorous search methodology,
relevant studies may have been missed due to terminology variations
or database limitations. To mitigate this threat, we developed our
search string using the PICO framework, incorporated multiple
synonyms and related terms, and searched across three major
databases (ACM Digital Library, IEEE Xplore, and Scopus). Our
initial screening based on abstracts and titles might have excluded
relevant papers. To counter this risk, we conducted thorough forward
and backward snowballing, enabling us to identify papers that may
have been missed in our initial database search due to terminology
differences or indexing limitations.

B 9 Conclusion

In conclusion, this review has provided a comprehensive analysis of
the dataset construction processes, common data quality issues, and
proposed solutions in the context of DNN-driven GSETs. Our review
highlights that the methodologies for constructing datasets vary
significantly, with differences in data sources, annotation methods,
collection techniques, and dataset granularity. These variations, while
offering flexibility, also contribute to key data quality issues such as
noise, sparsity, imbalance, and lack of representativeness, all of
which adversely affect the performance and generalization
capabilities of DNN models in tasks like code summarization, repair,
generation, and translation. Although several strategies, including
data augmentation, noise reduction, and resampling approaches, have
been proposed to mitigate these issues, challenges remain in
that are both

representative and diverse. Our findings underscore the critical need

constructing high-quality, large-scale datasets
for more robust and standardized approaches to dataset curation, with
particular attention to quality assurance throughout the data
collection and annotation phases. By addressing these challenges,
future research can significantly improve the reliability and
effectiveness of DNN models in GSETs, ultimately advancing the
field of deep learning in software engineering and automating code-
related tasks more efficiently.
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