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Abstract—Code smells are structural indicators of poor soft-
ware design that have been empirically associated with higher
defect rates and increased maintenance effort. Although research
on smell detection, software quality risk, and maintenance effort
estimation has grown significantly, these areas have largely been
studied separately. In addition, the role of smell severity in predic-
tive modeling remains insufficiently synthesized. This Systematic
Literature Review (SLR) investigates empirical studies published
between 2010 and 2025, while also including selected foundational
studies where appropriate. A total of 38 studies were selected for
analysis through a structured search and screening process. The
review addresses two research questions: 1) how smell type and
severity influence software quality risk and maintenance effort,
and 2) the extent to which current predictive approaches incor-
porate smell-related information in software defect prediction.
The findings show that design-level smells are more consistently
associated with fault-proneness than method-level smells. The
review also finds that severity-aware models generally outperform
binary detection models. However, the independent effect of
code smells on directly measured maintenance effort remains
inconsistent when confounding factors such as code size and code
churn are taken into account. Furthermore, fully unified models
that jointly predict defect risk and maintenance effort using smell
severity as structured input remain largely absent. Overall, these
findings highlight the need for standardized severity operational-
ization, integrated datasets, and interpretable unified modeling
frameworks to advance software quality analysis.
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I. INTRODUCTION

Software systems are being continuously evolved with the
addition of new features, fixing defects, and with improve-
ments in software performance and security. However, with
software being large and complex, there still remains com-
plexity in maintaining high quality of the software [1], [2], [3].
Two major concerns in software evolution are software quality
risk and maintenance effort. Software quality risk means the
possibility of bugs, errors, or system problems. Maintenance
effort refers to the time and work required to fix, update, or
improve the software after it is released [1], [4], [5].

The presence of code smells is one of the widely rec-
ognized signs of bad software quality [2], [3], [6]. Code
smells do not cause failures immediately; instead, they show
deeper structural or design-related problems caused by poor
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design implementation. Fowler was the first to describe the
code smells as warning signs of a system which makes the
code difficult to understand, modify, or extend [2]. Since then,
multiple studies have shown that code affected by smells is
more likely to contain defects and is harder to maintain [3],
[7], [8].

Code smells can vary in both type and impact. Some smells
mostly appear at design level, like God Class, Brain Class, and
they usually point to deeper structural issues in the software.
These problems usually happen when one single class has
too many responsibilities or when classes are very closely
connected [7], [9], [10]. As a result, they reduce overall system
quality and make software maintenance difficult over time [7],
[9], [11], [12]. Smells can also occur at method level like
Long Method and Feature Envy. These indicate poor design in
individual functions and make the code difficult to understand,
update, or maintain in the long run [13], [14].

However, not all code smells have the same level of impact.
For example, a slightly long method may not cause serious
issues, but a very long and complex method can signifi-
cantly increase defect risk and maintenance effort. Therefore,
identifying the severity of code smells helps developers and
researchers identify whether a smell is a minor issue or if
it has the possibility to cause serious risks for the software
quality [13], [15], [16]. In addition, when multiple code smells
appear together in the same component, their combined effect
can increase software quality risk further beyond what each
smell would cause individually [17], [18].

Even though multiple research studies exist on code smell
detection, software quality risk analysis, and maintenance
efforts, these areas have mostly been studied independently.
Many predictive models depend on traditional metrics like
size and complexity, while maintenance studies usually focus
on change frequency and technical debt without integrating
software quality risks [19], [20], [4].

Furthermore, the direct connection between code smells
and maintenance effort becomes less clear when factors like
code size and code churn are taken into account, which makes
it harder to isolate the independent effect of smells on effort
[4], [21]. As a result, software quality is not examined in an
integrated and comprehensive manner [20], [22], [23]. Prior
secondary studies reflect this same separation. Existing reviews
have mapped smell research broadly [24], synthesized the
reported effects of smells [25], surveyed machine learning

www.ijacsa.thesai.org 861 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

techniques for smell detection [26], examined the relationship
between smells and quality attributes [27], and reviewed the
use of smells in defect prediction [23]. However, these reviews
largely address detection accuracy or single quality outcomes,
and none of them synthesizes smell severity as a structured
predictive input across both defect risk and maintenance ef-
fort. This review focuses on that combination. Another key
challenge is that effort is defined inconsistently across studies
and there is no standard way to evaluate unified predictive
models, which makes it difficult to combine defect risk and
maintenance effort prediction into a single framework [28].
To address this gap, this SLR aims to identify whether code
smell type and severity can be used together in predictive and
analytical models in order to explain software quality risk and
long-term maintenance effort within a unified framework. The
review is guided by the following research questions:

RQ1: What empirical evidence exists on how different
code smell types and their severities impact software quality
risk and long-term maintenance effort?

RQ2: To what extent have existing approaches integrated
code smell information into defect prediction, and what
methodological gaps prevent the development of unified pre-
dictive models?

These questions were made to understand how code smell
type and severity can support more integrated, maintenance-
effort-focused and risk-aware software quality analysis.

The remainder of this paper is organized as follows.
Section II reviews existing studies on code smells. Section III
discusses the research methodology, which also includes the
search process and selection criteria. Section IV discusses
the findings from the selected studies, which are structured
according to each research question. Section V shows the
overall outcomes of the review. Section VI outlines the threats
to validity identified during this study. Section VII concludes
the paper by summarizing the main findings, highlighting the
limitations, and suggesting directions for future research.

II. LITERATURE REVIEW

Over the past two decades, there has been growing research
on code smells, software quality risk analysis, and maintenance
effort. However, these areas have often been studied indepen-
dently, with limited integration between them. To provide a
clear review that matches the research questions, this section
discusses previous studies under five main themes: 1) code
smell detection and severity assessment, 2) the relationship
between code smells and software quality risk, 3) the effect
of code smells on maintenance effort, 4) the use of machine
learning in software quality prediction, and 5) recent studies
on unified predictive models.

A. Code Smell Fundamentals and Detection

Code smells were initially introduced by Fowler in his
work on refactoring as signs of poor design and structural
problems in software systems [2]. Although code smells do not
directly cause system failures, they can show deeper design and
maintainability issues which can negatively affect the evolution
of the software over time [29], [30]. Early detection methods
mainly used fixed thresholds based on static code metrics,

while recent studies have moved towards machine learning
and deep learning based approaches which can provide better
accuracy [29], [30], [31]. This shift shows a move from rule-
based detection methods to a data driven approach. In addition
to identifying whether a code smell is present, researchers
have also started focusing on how severe the smell is. Instead
of treating code smells as simply present or absent, many
studies now use metric-based scores, ranking methods, and
context-aware measures to better understand how serious a
smell is within the code structure [13], [15]. Severity provides
additional information about the potential impact of a code
smell on software quality. It also helps developers prioritize
refactoring more effectively by allowing them to focus on
more serious code smells instead of treating all smells as
equally important. These two lines of work differ in what
they optimize. Metric-threshold and machine learning detectors
are evaluated primarily on classification accuracy, whereas
severity-based approaches are evaluated on how well they rank
or prioritize instances. Existing reviews of detection techniques
focus on detection accuracy [26], [24], so the value of severity
estimation as an input to downstream quality models remains
largely unexamined.

B. Code Smells and Software Quality Risk

Several empirical studies have shown a strong relationship
between code smells and defect proneness [7], [23], [3], [32].
For example, Olbrich et al. carried out important longitudinal
studies which found that code smells like God Class and
Brain Class are strongly connected to higher defect rates [7].
These findings suggest that poor structural design can lead
to more faults with time. Similarly, Piotrowski and Madeyski
found that adding smell-related metrics as predictive features
improved bug prediction accuracy by 9% to 16% compared
to baseline models that did not use smell information at all
[23]. More studies have shown that design-level smells are
strongly associated with software defects. Components with
these design issues are nearly two to three times more likely
to contain defects than a well-designed component [3], [32].

In addition to smell type, severity also plays an important
role in prediction and performance. Code smells that have
higher severity are more likely to be associated with defect
introduction than less severe ones. Studies by Palomba and
others have shown that, among models that already incor-
porate smell information, those which additionally consider
smell severity perform better than those that only identify the
presence or absence of a smell, improving results by around
5% to 16% [15], [33]. These findings suggest that models that
consider smell intensity can better capture deeper structural
problems in the code when compared to the models that only
identify whether a smell is present or not.

These studies differ methodologically in ways that affect
how their results should be read. Repository mining studies
such as Olbrich et al. [7] observe large numbers of releases
but cannot control for confounding factors directly, whereas
prediction studies such as Piotrowski and Madeyski [23]
report performance gains without establishing whether the gain
comes from severity itself or from the size and complexity
signals correlated with it. Prior reviews of the code smell
effect have noted this inconsistency across primary studies as
an unresolved issue [25], [27].
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Overall, the literature consistently shows that both smell
type and severity can improve the accuracy of software quality
risk prediction, highlighting the importance of smell-aware
quality modeling.

C. Code Smells and Maintenance Effort

In addition to increasing defects, code smells also make
software maintenance harder over time. Longitudinal studies
show that fixing defects in classes with smells requires twice
as many code changes compared to fixing defects in cleaner
code [7], [12]. This indicates that structural weaknesses in
software make corrective changes more complex and harder to
implement. Research by Peters and Zaidman also showed that
God Class and Brain Class smells tend to persist in systems for
long periods and significantly increase maintenance effort [9].
These severe smells also impact multiple parts of the system,
leading to increased technical debt [11].

When multiple code smells occur in the same class,
maintenance becomes much harder. Such classes require more
frequent changes and more effort compared to classes with
only one or no smells [6], [34]. The findings indicate that
co-occurring smells are associated with greater maintenance
complexity than individual smells.

It should be noted, however, that these studies measure
effort in different ways. Repository-based studies infer effort
from the number or frequency of changes [7], [12], while
controlled studies measure developer time directly [4]. This
difference in operationalization is one reason why the reported
strength of the smell-effort relationship varies across the liter-
ature.

Overall, the reviewed studies associate high-severity and
co-occurring smells with increased maintenance effort and
longer-term system instability.

D. Machine Learning in Software Quality Prediction

Machine learning has become a widely used approach
for predicting software defects. Random Forest, in particular,
has demonstrated strong performance in a recent code-smell-
related prediction study [35]. These models are often preferred
because they are robust and can handle large, complex sets
of software metrics effectively. Deep learning approaches
have further improved prediction performance. For example,
methods such as Deep Forest can increase AUC by 5% to 8%
compared with traditional machine learning techniques [15].
Ensemble methods that combine techniques such as SMOTE
with optimized classifiers have achieved over 97% accuracy
on benchmark datasets [36].

These reported gains are not directly comparable, as the
studies use different datasets, validation procedures, and per-
formance indicators. Accuracy figures obtained on balanced
benchmark data, in particular, are not equivalent to AUC gains
reported on imbalanced project data.

These findings indicate that predictive performance can
improve when models incorporate code smell characteristics,
including severity.

E. Unified Prediction Models

Recent research has started exploring unified modeling
approaches which combine related software quality prediction
tasks into a single framework, rather than handling each task
separately. Multi-task deep learning frameworks that jointly
predict, categorize, and repair defects within a single model
have been shown to improve prediction accuracy by sharing
information across tasks, resulting in about a 4% to 7% im-
provement [37]. However, these methods still face challenges,
like lack of combined datasets, inconsistent ways of measuring
severity, more complex models, and difficulty in understanding
how models make decisions [22].

Although modern predictive techniques show strong po-
tential, the research areas remain fragmented. Most models
focus either on risk-aware quality prediction or on general
code quality assessment, and few consider maintenance effort
as a prediction target. The literature therefore lacks a unified
framework that jointly considers smell type, severity, defect
risk, and maintenance effort. Existing secondary studies do
not close this gap either, as they review detection techniques
[26], the smell literature as a whole [24], reported smell effects
[25], or smells in relation to quality attributes [27] and defect
prediction [23] separately. The present review differs in that it
treats severity as the organizing concept and examines defect
risk and maintenance effort together rather than in isolation.

III. METHODOLOGY

This paper reviews existing studies to understand how
different types of code smells and their severity affect software
quality risk and maintenance effort. The review follows a
structured and transparent methodology, with explicit search,
screening, and quality-assessment stages, to ensure that the
process is systematic and reproducible. The aim is to carefully
review existing research findings, compare the results, identify
common trends and differences, and highlight the research
gaps related to smell-aware software quality analysis.

The review was conducted in four main steps: first deciding
the scope of the study, then searching for relevant research
papers, selecting the most suitable studies, and then combining
their findings. These steps helped to keep the review well-
structured and closely aligned with the research goals.

A. Review Scope and Planning

The review focuses on studies that look at code smells
as signs of software quality problems, mainly in relation to
software quality risk and maintenance effort. However, more
attention is given to research that identifies the type of code
smell and how severe it is, as these factors help explain
how much code smells influence the long-term evolution of
software.

Before starting the search process, a review plan was
developed in order to guide the methodology. The plan defined
the research focus, identified relevant academic databases,
outlined inclusion and exclusion criteria, and specified the type
of data to be extracted from selected studies. Establishing this
plan early ensured that the review remained focused on the
central research questions and reduced the risk of including
unrelated studies.
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B. Keywords Utilized

A selected set of keywords was used for this literature
search. The keywords were grouped into three main groups
which were code smell concepts, software quality outcomes,
and analysis context. Boolean operators (AND, OR) were
applied to systematically combine these groups and refine the
search results.

1) Code smell concepts: (“Code smell” OR “Design smell”
OR “Software smell” OR “Smell severity” OR “Smell priori-
tization”)

2) Software quality outcomes: (“Software quality risk” OR
“Bug prediction” OR “Fault-proneness” OR “Maintenance
effort” OR “Change proneness” OR “Maintainability”)

3) Analysis context: (“Software quality” OR “Software
maintenance” OR “Software evolution” OR “Predictive mod-
els” OR “Empirical software engineering”)

These Boolean search strings were applied across multiple
digital libraries which includes IEEE Xplore, ACM Digital Li-
brary, SpringerLink, ScienceDirect, and Wiley Online Library,
to ensure comprehensive coverage of peer-reviewed literature
relevant to smell-aware software quality analysis.

C. Literature Search Strategy

The literature search was carried out using well-known
digital libraries that are commonly used in software engineer-
ing research. The search mainly focused on studies published
between 2010 and 2025 to capture recent research develop-
ments, while also including a few earlier important studies
when necessary. In addition to keyword-based searches, the
references and citations of important papers were also reviewed
to find additional relevant studies.

D. Study Selection Criteria

Clear inclusion and exclusion criteria were used to make
sure that only relevant and reliable studies were selected.
Studies were included if they were published in peer-reviewed
journals or conference proceedings, reported empirical results
or detailed analytical investigations, examined the relationship
between code smells and software quality outcomes such as
quality risk indicators, fault-proneness, change-proneness, or
maintenance effort, and discussed smell severity, prioritization,
or impact levels.

Studies were excluded if they focused only on detecting
code smells without having a connection to quality outcomes,
if they were not peer-reviewed or were grey literature, were
written in languages other than English, or did not provide
enough methodological detail. Applying these criteria helped
ensure that the selected studies directly supported the objec-
tives of the review. Table I summarizes these criteria together
with the reason each one was applied.

E. Study Selection Process

The initial search identified 500 publications across the
databases listed above. After removing 75 duplicate records,
425 records remained for screening. Title screening removed
250 records, leaving 175 abstracts to be assessed. Abstract

TABLE I. INCLUSION AND EXCLUSION CRITERIA AND THEIR
JUSTIFICATION

Type Criterion Justification

Include Published in a peer-reviewed jour-
nal or conference proceedings

Ensures that the reviewed evi-
dence has undergone independent
scholarly assessment

Include Reports empirical results or a de-
tailed analytical investigation

The review synthesizes empirical
evidence rather than opinion or
position statements

Include Examines the relationship be-
tween code smells and quality out-
comes such as quality risk in-
dicators, fault-proneness, change-
proneness, or maintenance effort

Directly addresses the outcomes
specified in RQ1 and RQ2

Include Discusses smell severity, prioriti-
zation, or impact levels

Severity is the organizing concept
of this review

Exclude Detects code smells without any
connection to quality outcomes

Detection accuracy alone does
not inform the relationship under
study

Exclude Not peer-reviewed, or grey litera-
ture

Reduces the risk of including ev-
idence of unverified quality

Exclude Written in a language other than
English

The review team could not reli-
ably extract data from other lan-
guages

Exclude Insufficient methodological detail Data extraction requires a reported
study design, dataset, and analysis
method

screening removed a further 100 records, leaving 75 full-text
articles assessed for eligibility. Of these, 37 were excluded for
not meeting the inclusion criteria, providing insufficient em-
pirical evidence, not being relevant to the research questions,
or not reporting enough methodological detail. This process
resulted in 38 studies being selected for detailed analysis.
The complete flow of records through identification, screening,
eligibility, and inclusion is shown in Fig. 1. The reference
list also includes background and methodological sources,
along with prior secondary studies, which are not counted
among the selected primary studies. Screening was carried
out consistently to maintain reliability throughout the study
selection process.

F. Data Extraction and Analysis

Relevant information from each selected study was man-
ually extracted and recorded in a data extraction table. This
included details like the study context, the types of code smells
examined, how smell severity was defined or measured, the
quality outcomes considered (such as defects or maintenance
effort), the analytical or predictive methods used, the main
findings, and any reported limitations. Organizing the studies in
this way made it easier to compare them and identify common
patterns, differences, and research gaps.

G. Assessment of Study Quality

The methodological quality of the selected studies was
evaluated using four criteria, each scored 0 (criterion not met),
0.5 (criterion partially met), or 1 (criterion fully met):

• QA1: whether the research design was clearly ex-
plained;

• QA2: whether appropriate datasets and analytical
methods were used;

• QA3: how consistent the reported findings were;
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Fig. 1. PRISMA flow diagram of the study identification, screening, eligibility, and inclusion process.

• QA4: how openly the study discussed possible limi-
tations or threats to validity.

The four scores were summed to give each study a quality
score out of 4. These scores are reported for the key studies
summarized in Table II and Table III, alongside their focus
areas, key findings, and reported limitations.

Many of the reviewed studies were published in reputable
venues, including conferences organized by IEEE and well-
recognized academic journals, which further supports the reli-
ability of the reviewed evidence.

H. Classification of Effect Strength

In addition to the QA1–QA4 quality score, Table II and
Table III report an Effect Strength rating (Strong, Moderate,
or Mixed, including intermediate labels such as Moderate to
Strong where the evidence for a study fell between two cate-
gories) for each summarized study. This rating is a structured
qualitative judgment formed as part of the descriptive synthesis
approach described later in this section, not a statistical effect-
size calculation, since the included studies were too heteroge-
neous in design, dataset, and outcome measure to support a
quantitative meta-analysis.

Effect Strength was assigned by considering, for each
study: 1) whether its findings were consistent with, or con-
tradicted by, other reviewed studies addressing the same or a
closely related question; 2) the scale and nature of the evidence
reported, such as the number of systems, releases, or projects
analyzed; and 3) whether the reported association held after
the study accounted for potential confounding factors, such as
code size or churn, where applicable. A rating of Strong was
assigned where findings were consistent across multiple studies
and supported by large-scale or well-controlled evidence; Mod-
erate was assigned where findings were directionally consistent
but based on more limited evidence or a narrower context;
and Mixed was assigned where the reviewed evidence on that
specific point was inconsistent or sensitive to confounding
factors. This classification is descriptive rather than statistical,

was not derived from a formal scoring rubric or inter-rater
agreement procedure, and is intended only to help readers
compare the relative weight of evidence across the summarized
studies.

I. Synthesis of Findings

As the studies used different datasets, measures, and mod-
els, the results were not combined statistically. The findings
were explained using a descriptive method and organized ac-
cording to the research questions. If studies reported numbers
like effect sizes or performance improvements, they were
highlighted to show how strong the relationships were. This
method helped present a clear overall view of how code smell
type and severity are linked to defects and maintenance effort.

IV. RESULTS

Empirical evidence consistently shows that code affected
by smells is more likely to change and more prone to faults
than code without smells, especially in large-scale studies that
analyze many projects and releases [17], [8]. The evidence
is even stronger when smell severity and co-occurrence of
smells are taken into account. Many prediction studies show
that including smell intensity improves performance metrics
such as Area Under the Curve (AUC) and F-measure by about
5% to 16% compared to using only presence or absence of
smells [17], [33], [14].

However, when studies focus on directly measuring the
effort rather than the defect or change risk, the results are less
clear. After accounting for factors like size and code churn,
the presence of smells often shows only limited independent
effect on maintenance effort [4], [21].

The literature also shows a clear progress in multi-task
defect learning and effort-aware defect prediction. However,
unified models that predict both defect risk and maintenance
effort as equally important outputs are still rare. A major
challenge is the lack of a standardized definition of effort and
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Fig. 2. Overview of results on code smell impacts, organized into defect risk (smell presence, smell-type heterogeneity, severity, co-occurrence, and
persistence), maintenance effort (measured effort), and cross-cutting evaluation themes (multi-task learning and evaluation gaps).

consistent evaluation methods, making it difficult to compare
results across studies [37], [28].

An overview of how these results are organized across the
two research questions is shown in Fig. 2.

A. RQ1: Smell Types, Severity and their Impact on Software
Quality Risk and Maintenance Effort

1) Smell presence and defect or change risk: Large-scale
empirical studies consistently show that classes with code
smells are more prone to changes and defects. This pattern
holds in longitudinal analyses across multiple open-source
systems and hundreds of releases, indicating that the find-
ings are robust across different datasets and ecosystems [17],
[8]. Because these findings are supported by large datasets,
manual validation, and replication across multiple systems,
the evidence linking code smells to defect and change risk
is considered strong.

However, comparisons across studies also show that results
are sensitive to confounding factors, especially size and code
churn. When effects are adjusted for size, some results can
even reverse, and certain smell types appear less change-prone
than what the raw counts might suggest [7]. This shows that
code smells often appear in larger, more complex components,
which are naturally more prone to defects. From a synthesis
perspective, therefore, although the association is strong at
scale, it should be interpreted with caution rather than as a
direct cause.

2) Smell type heterogeneity: The literature consistently
shows that not all smell types are the same. Systematic reviews
and large-scale studies indicate that certain smells, such as
God Class, God Method, Message Chains, Blob, and other
complexity-related smells, are consistently stronger predictors
of defects [10], [38].

Importantly, some smells are strongly linked to faults even
when they occur infrequently, suggesting that frequency alone
is not a reliable measure of their impact [38]. Since this pattern
is observed both in systematic reviews and in independent
empirical datasets, the evidence for the differences in risk
among smell types is strong [23], [38].

3) Severity and intensity as predictive amplifiers: A major
shift in research after 2010 has been the move from sim-
ply detecting the presence of code smells to modeling their
severity. Many prediction studies show that including smell
intensity as a feature improves bug and change prediction
models compared to using only binary smell presence [33],
[14], [39].

Quantitatively, these studies usually report improvements
in AUC and F-measures of about 5% to 16%, depending on
the dataset and model design [33], [14], [39]. This shows that
considering severity provides a meaningful improvement in
prediction, not just a small or marginal gain.

Related work on severity classification using machine
learning also supports the idea that severity is a useful concept
for prioritizing work, even when defects themselves are not di-
rectly predicted [13], [16], [35]. Overall, evidence for severity

www.ijacsa.thesai.org 866 | P a g e



(IJACSA) International Journal of Advanced Computer Science and Applications,
Vol. 17, No. 8, 2026

as a meaningful predictive amplifier is strong in prediction
contexts.

4) Co-occurrence and agglomeration effects: Across dif-
ferent studies, software artifacts that contain more than one
code smell tend to be riskier than those with just a single smell.
Research also shows that code smells often appear together,
and when they do, they are linked to a higher chance of faults
and future changes [40].

Evidence from both experiments and real industry settings
shows that relationships between multiple code smells can
significantly increase maintenance effort, suggesting that their
combined impact is greater than just the sum of individual
smells [18]. Recent studies on code smell agglomerations
further support this idea, showing that groups of related smells
can reduce code stability across several Java systems [41].

Since these findings are reported in both software mining
studies and maintainability-focused research, the evidence for
clustering effects can be considered moderate to strong, de-
pending on how the studies were conducted.

5) Smell persistence and survivability: Longitudinal stud-
ies show that smells frequently persist once introduced and are
not consistently removed through explicit refactoring actions
[42]. Survivability analysis further shows that smells and
vulnerabilities tend to remain longer than bugs, suggesting they
represent durable technical debt signals rather than transient
noise [43]. Since lifecycle and survivability findings depend on
detection thresholds and operational definitions, the strength of
evidence here is moderate, but directionally consistent.

6) Smells and measured maintenance effort: When the
dependent variable shifts from defect or change risk to directly
measured maintenance effort in controlled experiments, results
become less consistent. Controlled in vivo studies show limited
independent smell effects after controlling for size and change
characteristics [4]. Activity-based effort decomposition shows
that smell impact may vary across reading, editing, searching,
and navigation activities, meaning aggregated effort metrics
can mask localized cognitive costs [21].

Thus, evidence linking smell presence to defect-proneness
is strong, whereas evidence linking smell presence to direct
measured maintenance effort is mixed to moderate, and highly
sensitive to confounding and operationalization. These findings
suggest that the distinction matters practically: teams relying
solely on smell presence to forecast maintenance workload
may find predictions unreliable unless size and churn are
carefully controlled. This also implies that smell-aware effort
models need to be designed with explicit confound manage-
ment rather than treating smell counts as standalone predictors.

Overall, the empirical evidence suggests that smell type
and severity are reliable indicators of software quality risk
and change-proneness, while their independent effect on direct
maintenance effort remains context-dependent and sensitive to
confounding factors such as size and churn. That said, this
does not diminish the value of smell-based analysis. Rather,
it refines how practitioners should interpret smell signals: as
early warning indicators of structural risk that tend to co-occur
with costly maintenance contexts, rather than as direct and
isolated causes of effort. Moving forward, research designs that
separate structural risk signals from size-related noise will be

essential for building more trustworthy and actionable smell-
aware quality models.

To provide a concise overview of the empirical evidence
discussed above, Table II summarizes key studies on the impact
of different smell types and severity on software quality risk
and maintenance effort. It highlights the focus of each study,
the main findings, and the limitations reported by the authors,
allowing readers to quickly compare and interpret the strength
of evidence across multiple investigations.

B. RQ2: To What Extent have Existing Approaches Integrated
Code Smell Information Into Defect Prediction, and What
Methodological Gaps Prevent the Development of Unified
Predictive Models?

1) Multi-task learning within the defect workflow: Recent
work has tried combining defect tasks into single models rather
than treating each one separately. Studies show that prediction,
categorization, localization and repair can run together in
one framework without badly hurting individual task results
[37], [44]. Shared training helps because all these tasks draw
from similar information about code structure anyway. When
multiple related objectives are learned together, the model can
pick up on patterns that would be harder to detect if each
task were handled in isolation, and this tends to produce more
robust representations of code quality overall.

But the scope of what gets combined is limited. Effort
prediction is not part of it. These models identify and describe
defects but they do not try to estimate how much work fixing
them will require [37], [44]. From a synthesis perspective, that
is a significant omission, because knowing a defect exists and
knowing how expensive it is to address are both necessary for
practical prioritization decisions. In real development settings,
teams rarely have the luxury of addressing every issue that
gets flagged, so understanding the likely cost of resolution is
just as important as knowing where the problems are.

Code smells are similarly absent as deliberate inputs.
Indicators like God Class, Long Method and Feature Envy
have established connections to fault density and maintenance
difficulty but they do not appear as intentional feature cat-
egories in multi-task defect architectures. At best they get
bundled into general metric collections without any specific
consideration of what they contribute beyond other complexity
measures. Across the reviewed studies, this appears to be
a missed opportunity, given how much empirical evidence
already supports their predictive value.

2) Effort-aware defect prediction: The motivation for
effort-aware prediction is straightforward. Inspection takes
time and not every flagged module can be checked so models
should reflect that constraint [28]. This direction has attracted
considerable research and has produced evaluation methods
built around inspection budgets. The underlying idea is sen-
sible and practically grounded, which is probably why it has
gained traction in the research community over the past several
years.

A central difficulty is that effort has no agreed definition.
Lines of code, churn and complexity proxies are all used and
the choice affects results significantly [28]. Model rankings
shift depending on which definition a study adopts, which
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TABLE II. RQ1: COMPARATIVE SUMMARY OF KEY STUDIES ON SMELL TYPE AND SEVERITY IMPACTS

Author Focus Area Key Findings Reported Limitations QA (/4) Effect
Strength

Olbrich et al. [7] Longitudinal historical
analysis of design-
level smells

Smelly code showed more changes and defects
in raw analysis. However, after adjusting for
size, the relationship could reverse, showing
that smell effects are strongly influenced by
class size.

Strong confounding effect of
code size; only a small num-
ber of systems and smell types
were examined.

3.5 Strong

Palomba et al. [17] Large-scale empirical
mining of smell diffu-
sion and impact

Code containing long or complex smells was
found to be more change-prone and fault-
prone across 395 releases and 30 projects.

Mainly observational evidence;
code size and churn may still
influence the findings.

4 Strong

Palomba et al. [40] Lifecycle and co-
occurrence analysis of
code smells

Multiple smells were found to commonly co-
occur, and code with several smells showed
higher risk than code with only one smell.

Findings depend on the detec-
tion tools and threshold values
used to identify smells.

3.5 Moderate to
Strong

Yamashita and
Moonen [18]

Inter-smell relations
and maintenance effort

Certain combinations of smells were shown to
significantly increase maintenance effort, sug-
gesting compounding effects between smells.

Results depend on project con-
text and how maintenance ef-
fort was operationalized.

3 Moderate to
Strong

Sjøberg et al. [4] Controlled in vivo
maintenance study
with professionals

After controlling for size and number of
changes, code smells showed only a weak
independent effect on time-based maintenance
effort.

Based on only a few systems
and limited maintenance tasks.

3 Mixed to
Moderate

Soh et al. [21] Activity-based mainte-
nance effort analysis

The effect of code smells differed depending
on the maintenance activity being measured,
such as reading, editing, searching, or naviga-
tion.

Study setting and measurement
approach may limit generaliz-
ability.

3 Mixed to
Moderate

Palomba et al. [14] Prediction modeling
using smell intensity

Adding smell intensity (severity) improved the
performance of bug prediction models com-
pared to simpler smell representations.

Results are highly dependent
on the datasets and prediction
models used.

4 Strong

Palomba et al. [33] Smell-aware bug pre-
diction using severity
information

Models that incorporated smell severity out-
performed basic binary smell detection models
in bug prediction tasks.

Effectiveness depends on accu-
rate smell detection and reli-
able severity measurement.

4 Strong

Tufano et al. [42] Longitudinal smell
lifecycle analysis

Once introduced, code smells were found to
persist for long periods and were rarely re-
moved directly through refactoring.

Cause-and-effect relationships
are difficult to establish clearly.

3.5 Moderate

Zabardast et al. [43] Survivability analysis
of technical debt items

Code smells and vulnerabilities were found to
survive longer in systems than bugs, indicating
long-term persistence.

Results vary depending on how
technical debt items are defined
and categorized.

3 Moderate

Rahman et al. [38] Smell-frequency
and fault-proneness
correlation study

Specific smells such as Anti-Singleton, Blob,
and Class Data Should Be Private showed
strong associations with fault-proneness.

Mostly correlational evidence;
results depend on how smells
and faults were mapped.

3.5 Strong

means comparisons across papers are unreliable. What looks
like a strong model in one study may look weak in another
that used different effort assumptions, and there is currently no
standard to resolve the disagreement. This makes it genuinely
difficult to know whether a proposed improvement reflects a
better model or simply a more favorable effort definition.

Size conflation makes this worse. When effort is proxied
mainly by lines of code the prediction task becomes partly
about file size rather than actual correction cost [28]. These
are related but not equivalent and treating them as equivalent
distorts what the model is actually learning. Composite proxies
combining churn and difficulty have been proposed as a
fix [45], but adoption is inconsistent. Studies incorporating
smell metrics face additional complications here, because smell
density correlates with complexity, which in turn correlates
with size-based effort proxies, making it difficult to isolate the
smell contribution from size-related noise.

3) Direct effort prediction models: A separate research
thread models effort directly as a prediction target. Work exists
on estimating defect correction effort and maintenance effort
using project history and code metrics [5], [46] and some
defect prediction studies include effort metrics as predictor
variables [47]. This body of work confirms that effort is
measurable and predictable, which is a necessary foundation
for any unified approach. The fact that reasonably accurate
effort estimates can be produced from available project data
is encouraging and suggests the raw material for integration

already exists.

The two areas remain disconnected in practice though.
Defect models and effort models are developed and evaluated
independently. Smell features, when present, serve as inputs
within one stream rather than as shared features across a
joint model that outputs both defect risk and effort estimates
simultaneously. Evidence for effort predictability is reasonably
strong but evidence for integrated defect plus effort modeling
using smell information as structured input is essentially absent
from current literature. Bridging this gap would require not
just combining the two streams technically but also agreeing
on how smells should be represented and weighted within a
joint prediction objective.

4) Evaluation standardization as prerequisite for unifica-
tion: The sensitivity of results to effort definition further com-
plicates matters [28]. Without shared operationalizations of
effort and agreed baseline comparators, individual studies can-
not build on each other reliably. For unified models targeting
both defect risk and effort prediction this problem is especially
damaging because inconsistency affects both components and
their combination produces results that are even harder to
interpret across different evaluation contexts. The reviewed
evidence therefore indicates a need for more careful and
consistent reporting practices, standardized effort definitions,
and shared benchmark datasets across the community.

5) Synthesis and Identified Gap: Across these four areas
the literature shows that joint defect learning works, effort-
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TABLE III. RQ2: SUMMARY OF JOINT AND UNIFIED MODELING APPROACHES RELEVANT TO DEFECT RISK AND EFFORT

Author Focus Area Key Findings Reported Limitations QA (/4) Effect
Strength

Dai et al. [45] Effort-aware just-in-time
defect prediction and op-
timization

Proposed an improved effort-aware defect
prediction approach by ranking defect-prone
changes under effort constraints. Effort was
explicitly modeled as difficulty × churn.

Findings depend heavily on how ef-
fort is defined and modeled; does not
directly predict overall maintenance
effort.

3.5 Moderate

Lavazza et al. [28] Evaluation and metric
analysis for effort-aware
prediction

Showed that evaluation outcomes can
change significantly depending on the effort
model applied, highlighting the sensitivity of
results to effort assumptions.

Lack of standardized effort defini-
tions makes it difficult to compare
models fairly across studies.

4 Strong

Hassouna et al. [46] Bug-fix effort prediction
using kNN

Introduced a framework for predicting de-
fect correction effort, where effort was
treated as the final outcome and measured
in person-hours.

Focused only on bug-fix effort and
not on predicting defects earlier in
the software lifecycle.

3 Moderate

Haldar et al. [5] Interpretable
maintenance and support
effort prediction

Identified the most influential drivers of
maintenance and support effort using SHAP,
improving interpretability of effort predic-
tion models.

Applied mainly at project level and
did not integrate defect risk predic-
tion into a unified model.

3.5 Moderate

Haldar et al. [47] Interpretable defect pre-
diction using effort and
static metrics

Demonstrated reliable cross-project defect
prediction and model interpretability by
combining project effort metrics with static
code metrics.

Defect prediction and maintenance
effort prediction were still handled
separately rather than within a unified
framework.

3.5 Moderate

aware evaluation is a meaningful framing, and maintenance
effort is predictable from project data.

A unified model that uses code smell information as struc-
tured input to jointly predict defect risk and maintenance effort
does not exist in any validated form. Smell data is relevant
to both outputs but has not been embedded in a framework
that targets both simultaneously. The barriers are definitional
inconsistency in how effort is operationalized and the absence
of standardized evaluation conditions that would allow such a
model to be meaningfully compared against alternatives.

Table III summarizes representative effort-aware and uni-
fied defect prediction studies and their reported limitations.

V. DISCUSSION

The findings from RQ1 and RQ2 show that research
on code smells has developed considerably over time, but
there are still important gaps that prevent a fully integrated
understanding of how code smells affect software quality risk
and maintenance effort. Overall, the evidence suggests that
the impact of code smells cannot be understood through a
simple yes or no detection alone. Instead, factors like smell
type, severity, co-occurrence, and the way in which software
outcomes are measured all influence how strongly code smells
are related to software quality problems.

To represent these relationships in a single view, the evi-
dence synthesized in Section IV is summarized as a conceptual
framework, as illustrated in Fig. 3.

The framework in Fig. 3 is a conceptual synthesis rather
than a new empirical model, and each element of it corre-
sponds to a finding already reported in Section IV. The three
input categories reflect the distinction between design-level
smells, method-level smells, and co-occurring smells, which
the reviewed studies report as carrying different levels of risk
[7], [17], [10], [38], [40], [41]. The severity scoring stage
reflects the operationalizations used in the reviewed severity
literature, namely metric-based intensity, ranking indices, and
context-aware measures [13], [15], [16], [35]. The separation
between binary detection models and severity-aware models,

together with the reported 5–16% improvement, is taken from
the prediction studies reviewed under RQ1 [33], [14], [39].
The two outcome nodes correspond to the two outcome types
examined throughout this review, and the figures shown for
them are those reported in the reviewed studies for defect
density [3], [32] and for code changes required in smelly
classes [7], [12]. The final node is not an empirical result.
It represents the unified defect-effort model that RQ2 found
to be absent from the current literature, and it is included to
show where the reviewed evidence converges rather than what
has already been validated. The arrows in the figure therefore
indicate the direction of evidence reported across the reviewed
studies, and should not be read as causal claims, particularly
on the maintenance effort path, where Section IV shows the
evidence to be mixed.

A. From Binary Detection to Severity-Aware Modeling

Prior studies mainly focused on whether a code smell was
present or absent, and these studies helped in identifying that
smelly code is generally more fault-prone than clean code [3],
[6], [7]. However, this binary view is limited because it treats
all smell instances as equally important, even though some
are clearly more harmful than others. This becomes especially
important in practice, where developers need to decide which
smells should be fixed first.

The findings of this review show that when smell severity
is included as a predictive feature rather than a simple binary
indicator, prediction models generally perform better [33],
[14], [39]. Across the reviewed studies, severity-aware models
reported improvements of around 5–16% in AUC and F-
measure. This suggests that the intensity of a smell provides
useful information that binary detection alone cannot capture.
For example, a slightly long method may not be as problematic
as a highly complex long method inside a God Class [13], [16],
[35].

At the same time, the review also shows that there is still no
consistent way of defining or measuring smell severity across
studies. Different tools and studies use different thresholds and
operationalization, making it difficult to compare findings or
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Smell type

Design-level smells
God Class, Brain Class

Method-level smells
Long Method, Feature Envy

Co-occurring smells
Compound degradation

Severity assessment

Severity scoring
Metric-based intensity · Ranking indices · Context-aware measures

Predictive modeling

Binary detection models
Smell present / absent only

Severity-aware models
+5–16% prediction accuracy

Software quality risk
2–3× higher defect density

Maintenance effort
2× more code changes needed

Unified severity-aware framework
Integrated risk + maintenance modeling

Fig. 3. Severity-aware code smell impact framework, derived from the
findings of the reviewed studies.

apply severity consistently in practice. This shows that future
research should move toward more standardized severity def-
initions if severity-aware models are to become more reliable
and practically useful.

B. Smell Type as a Differential Risk Predictor

Another important pattern is that not all code smells carry
the same level of software quality risk. The studies reviewed
consistently show that design-level smells like God Class,
Brain Class, and Blob tend to be stronger predictors of fault-
proneness and change-proneness than method-level smells [7],
[17], [10], [38].

A possible reason is that design-level smells usually show
deeper structural problems in the system. For example, a
God Class usually centralizes too many responsibilities and
increases coupling, which can then spread risk across several
parts of the codebase. In contrast, a smell such as Long Method
may affect maintainability and readability, but its impact is
often more localized. Olbrich et al. found that components
affected by the God Class smell tended to evolve differently
over time, showing different patterns in both code changes
and defect occurrence [7], and Palomba et al. similarly found
that different smell types have different levels of impact on
software quality outcomes across a large number of releases
[17].

This means that in practice, developers should not treat all
smells as equally urgent. Some smell types, especially design-
level smells, may deserve higher priority because they are more
strongly linked to future software quality problems.

C. The Maintenance Effort Paradox

One of the most interesting findings of this review is the
difference between software quality risk results and mainte-
nance effort results. Large-scale repository-based studies often
show that smelly code is changed more frequently and is asso-
ciated with higher fault-proneness and structural degradation
over time [7], [17], [40]. At first glance, this would suggest that
code smells should also directly increase maintenance effort.

However, the evidence is less clear when it comes to
actual maintenance effort. Sjøberg et al. observed that when
factors like file size and the number of changes were taken
into account, the effect of code smells on maintenance time
was weaker [4]. This shows that smells do not always directly
lead to higher maintenance effort. Instead, they usually appear
with other challenging or costly areas of the software, and act
more like warning signs than direct causes. Therefore, code
smells are more useful as indicators of structural risk than as
predictors of how much effort maintenance will require.

This pattern becomes even clearer when maintenance effort
is examined more closely. Soh et al. showed that the impact
of smells depends on the type of maintenance activity being
performed [21]. For example, smells may create more diffi-
culty during editing or navigation tasks than during reading
or searching tasks. As a result, studies that use broad or
aggregated effort measures may not fully capture how smells
affect real maintenance work.

D. Compounding Effects and Smell Persistence

The findings also show that code smells often do not appear
alone. Instead, they frequently co-occur with other smells,
creating a more complex and risky structural context. Palomba
et al. found that a large proportion of smelly classes contain
more than one smell type [40], and other studies show that
code with multiple smells tends to be more fault-prone and
change-prone than code with only one smell [40], [18], [41].

The findings indicate that co-occurring smells may be
associated with greater software quality risk than individual
smells considered separately. Certain smell combinations may
amplify software quality risk and make maintenance more
difficult beyond what individual smells would predict on their
own [18], [41]. Therefore, smell co-occurrence should not
be treated as a secondary issue. It should be considered an
important part of software quality analysis, especially when
prioritizing refactoring or building predictive models.

Another related issue is smell persistence. Longitudinal
studies show that once code smells are introduced, they often
remain in the system for many releases and are rarely removed
through direct refactoring [42]. Similarly, smells and other
technical debt items may survive longer than bugs in software
history [43]. This suggests that developers often respond faster
to visible faults than to deeper structural quality problems. As
a result, high-severity and co-occurring smells may continue
to accumulate and influence software quality over time if they
are not addressed early.

E. Towards Unified Defect-Effort Modeling

The findings from RQ2 show that although there has
been progress in defect prediction, effort-aware modeling, and
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interpretable machine learning, these areas are still not well
integrated. Existing studies have explored effort-aware just-
in-time defect prediction [45], multi-task learning [37], [44],
and interpretable prediction models [5], [46], [47], but no
validated model was found that jointly predicts both defect risk
and maintenance effort using code smell severity as structured
input.

One major reason for this gap is the inconsistency in how
maintenance effort is measured. Some studies use developer
time, some use lines modified, and others use effort proxies
based on complexity or churn [4], [45]. Lavazza et al. showed
that differences in effort definitions can significantly change
evaluation outcomes [28]. This makes it difficult to compare
models fairly or build unified prediction frameworks.

Another important gap is that current predictive approaches
rarely incorporate the combined role of smell type, severity,
and smell co-occurrence within the same model. This is
important because the findings of RQ1 show that these factors
do not operate independently. A severe design-level smell that
appears together with other smells may carry much higher
software quality risk than an isolated low-severity smell. Yet
most existing models still simplify smell information into
isolated features or binary indicators.

The sensitivity of evaluation outcomes to how effort is
defined further highlights that, before unified models can be
developed effectively, the field first needs more consistent
evaluation practices, standardized effort definitions, and shared
benchmark datasets [28]. Future work should therefore focus
on building interpretable multi-output models that integrate
smell type, severity, and co-occurrence in a way that can jointly
support defect risk and maintenance effort prediction.

F. Limitations

This review has multiple limitations which have to be
considered when interpreting the findings. Firstly, the reviewed
large-scale empirical studies are based mainly on open-source
Java systems, from Apache and Eclipse ecosystems [17],
[38]. This can limit the generalizability of the findings to
industrial systems, proprietary software, other programming
languages, or different development environments. Secondly,
smell detection itself is not fully consistent across studies.
Different tools and detection rules use different thresholds in
identifying the same smell type, which may affect the findings
and reduce comparability between studies. This is important
for severity-based analysis, where inconsistent thresholds can
directly influence how severity is interpreted. Finally, this
review provides a synthesis of the evidence rather than a formal
meta-analysis. While this allows for broad comparison across
study types and research designs, it also means that the findings
should be interpreted as an evidence-based synthesis without
a statistical aggregation of effect sizes.

VI. THREATS TO VALIDITY

As with any literature review, there are a few limitations
in the review process that should be considered. One possible
issue is that some relevant studies may have been missed, even
though the search was carried out using multiple academic
databases and carefully chosen keywords. To reduce this as

much as possible, the references and citations of important
papers were also checked to identify additional studies.

Another possible limitation is publication bias, since this
review mainly included peer-reviewed studies. This means that
some useful findings from grey literature or unpublished work
may not have been captured. However, focusing mainly on
peer-reviewed sources helped improve the reliability of the
studies included in the review.

There is also a chance of interpretation bias, as the selected
studies were manually reviewed and summarized. To make this
process more consistent, the relevant details from each study
were recorded in a data extraction table and examined based
on the research questions.

A further limitation concerns the reporting of the review
process itself. The screening was carried out in the stages
described in Section III, and the number of records remaining
after each stage is reported in the PRISMA flow diagram
(Fig. 1). The methodological quality of the selected studies was
assessed using the QA1–QA4 criteria listed in Section III, with
each criterion scored 0, 0.5, or 1 per study; the resulting quality
scores for the key studies are reported alongside Tables II
and III. To further support transparency, the screening stages
and the inclusion and exclusion criteria were also stated
explicitly, as summarized in Table I.

In addition, the reviewed studies did not all use the same
definitions or measurements for code smells, smell severity,
maintenance effort, and software quality outcomes. Since dif-
ferent datasets, tools, thresholds, and evaluation methods were
used across studies, comparing the findings was not always
straightforward. Because of this, the results of this review
should be understood with these differences in mind.

VII. CONCLUSION

The review examined 38 empirical studies on understand-
ing how code smell type and severity are linked to software
quality risk and maintenance effort. The findings show that
code affected by smells is more likely to contain faults and
require more changes than clean code. Among the different
types of smells, design-level smells such as God Class and
Brain Class were found to be stronger indicators of risk than
method-level smells. The review also found that models that
consider smell severity perform better than those that only
detect whether a smell is present or not. Another important
finding is that many code smells often come together, and
their combined effect increases software risk further. However,
the direct connection between code smells and maintenance
effort becomes less clear when other factors like code size
and code churn are taken into account. This shows that code
smells may be more useful as warning signs of poor software
quality rather than direct causes of higher maintenance effort.
Overall, the review shows that while code smells are important
indicators of software risk, there is still no well-established
unified model that predicts both defect risk and maintenance
effort using smell severity. The primary barriers identified
are inconsistent effort operationalization and the absence of
standardized evaluation conditions.

Future research will focus on standardized severity op-
erationalization, integrated datasets, and interpretable unified
modeling frameworks to advance software quality analysis.
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exploratory study of the impact of antipatterns on class change- and
fault-proneness,” Empir. Softw. Eng., vol. 17, no. 3, pp. 243–275, Jun.
2012.

[9] R. Peters and A. Zaidman, “Evaluating the lifespan of code smells
using software repository mining,” in 2012 16th European Conference
on Software Maintenance and Reengineering, Szeged, Hungary: IEEE,
Mar. 2012, pp. 411–416.

[10] C. Politowski et al., “A large scale empirical study of the impact of
Spaghetti Code and Blob anti-patterns on program comprehension,” Inf.
Softw. Technol., vol. 122, p. 106278, Jun. 2020.

[11] N. Bessghaier, A. Ouni, and M. W. Mkaouer, “A longitudinal ex-
ploratory study on code smells in server side web applications,” Softw.
Qual. J., vol. 29, no. 4, pp. 901–941, Dec. 2021.

[12] D. Cedrim et al., “Understanding the impact of refactoring on smells: a
longitudinal study of 23 software projects,” in Proceedings of the 2017
11th Joint Meeting on Foundations of Software Engineering, Paderborn,
Germany: ACM, Aug. 2017, pp. 465–475.

[13] F. Arcelli Fontana and M. Zanoni, “Code smell severity classification
using machine learning techniques,” Knowl.-Based Syst., vol. 128, pp.
43–58, Jul. 2017.

[14] F. Palomba, M. Zanoni, F. A. Fontana, A. De Lucia, and R. Oliveto,
“Smells like teen spirit: Improving bug prediction performance using
the intensity of code smells,” in 2016 IEEE International Conference
on Software Maintenance and Evolution (ICSME), Raleigh, NC: IEEE,
Oct. 2016, pp. 244–255.

[15] A. Gupta, R. Gandhi, N. Jatana, D. Jatain, S. K. Panda, and J. V. N.
Ramesh, “A severity assessment of Python code smells,” IEEE Access,
vol. 11, pp. 119146–119160, 2023.

[16] A. Abdou and N. Darwish, “Severity classification of software code
smells using machine learning techniques: A comparative study,” J.
Softw.: Evol. Process, vol. 36, no. 1, p. e2454, Jan. 2024.

[17] F. Palomba, G. Bavota, M. Di Penta, F. Fasano, R. Oliveto, and A. De
Lucia, “On the diffuseness and the impact on maintainability of code
smells: a large scale empirical investigation,” Empir. Softw. Eng., vol.
23, no. 3, pp. 1188–1221, Jun. 2018.

[18] A. Yamashita and L. Moonen, “Exploring the impact of inter-smell
relations on software maintainability: An empirical study,” in 2013
35th International Conference on Software Engineering (ICSE), San
Francisco, CA, USA: IEEE, May 2013, pp. 682–691.

[19] J. Zheng, L. Williams, N. Nagappan, W. Snipes, J. P. Hudepohl, and M.
A. Vouk, “On the value of static analysis for fault detection in software,”
IEEE Trans. Softw. Eng., vol. 32, no. 4, pp. 240–253, Apr. 2006.

[20] A. Adewumi, S. Misra, N. Omoregbe, B. Crawford, and R. Soto, “A
systematic literature review of open source software quality assessment
models,” SpringerPlus, vol. 5, no. 1, p. 1936, Dec. 2016.

[21] Z. Soh, A. Yamashita, F. Khomh, and Y.-G. Guéhéneuc, “Do code
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