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Abstract

The high cost of maintenance and the demand for sustainable systems drive the need for a deeper
understanding of software maintainability. Therefore, this study aims to map the latest trends, from evaluation
metrics to solutions for code smells and technical debt. We applied the Systematic Literature Review (SLR)
method based on the PRISMA guidelines to critically examine eight primary studies. The extracted data were
then analyzed thematically to find common threads across the studies and identify underexplored areas. Our
analysis highlights an interesting duality: classic metrics remain a relevant foundation, but the dominance of
machine learning in predicting maintainability is increasingly undeniable, despite the accompanying
imbalanced data constraints. The literature consistently confirms that code smells and technical debt are
major bottlenecks to code quality, which can now be mitigated through automated refactoring strategies and
prioritizing the handling of bad smells. Another crucial finding is the vital role of historical data on code
evolution for prediction accuracy, as well as the emergence of a new perspective linking maintainability to
energy efficiency. This study enriches the literature by consolidating empirical evidence, which not only
validates previous theories but also identifies remaining research gaps. From a practical perspective, the
results of this analysis can serve as a strategic reference for practitioners and academics in sharpening
maintainability predictions and mitigations—key steps to reduce costs and improve software quality. As a
future agenda, we recommend focusing research on developing more adaptive predictive models and deeper
investigations into non-technical factors.
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l. Introduction

The dominance of software in the modern industrial ecosystem—from enterprise infrastructure to embedded
systems—places code quality as a non-negotiable priority. In this landscape, software maintainability is not
just an optional attribute, but a key determinant of system sustainability [1]. This aspect defines how flexible
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a software is in adapting to bug fixes, feature modifications, and changes in the operational environment. In
the increasingly complex digital era, software has become the backbone of nearly every industrial sector, from
enterprise systems to mobile and embedded applications. High software quality is crucial, and one of the most
vital quality characteristics is software maintainability [2]. Therefore, a predictive strategy to maintain
maintainability levels from the early stages of development is no longer just an option, but a strategic
imperative to ensure long-term efficiency.

The urgency of this issue is clearly reflected in the cost structure; the literature consistently highlights that
the maintenance phase consumes the largest share of resources, often exceeding 60% of the total lifecycle
cost. However, software has a natural tendency to experience entropy, or quality degradation, over time. The
accumulation of unmanaged modifications leads to a surge in complexity, a situation often exacerbated by a
buildup of technical debt and code smells—the residue of pragmatic design decisions made to meet deadlines
[3].

In the software engineering ecosystem, maintainability defines a system's flexibility to accommodate
corrections, adaptations, and feature enhancements without destroying its underlying structure [4]. The
importance of this aspect cannot be underestimated; literature notes that the maintenance phase consistently
monopolizes resource allocation, even consuming up to 70% of the total development lifecycle budget [5].
Unfortunately, software is subject to the phenomenon of 'software aging'; without disciplined intervention,
system complexity will continue to creep up as changes accumulate. This situation is often exacerbated by
technical debt and code smells [6]. Therefore, the ability to predict code quality degradation early is no longer
just an option, but a strategic imperative to ensure efficient system continuity [7].

Managing software maintainability effectively is not only a technical requirement but also a significant
business strategy to continuously strive for more accurate metrics, models, and approaches to measure and
predict maintainability [8]. In the academic realm, according to T. Besker, A. Martini, and J. Bosch, the focus
of research is increasingly focused on finding evaluation models that are able to capture code dynamics
precisely, both through static and dynamic analysis [9]. Many studies have explored the use of machine
learning techniques to predict maintainability based on various aspects of source code, but often focus on the
current state of the code and ignore its evolutionary history [10]. On the other hand, the discourse on the
correlation between maintainability and energy efficiency (Green IT) is still dominated by theoretical
hypotheses with minimal empirical validation. [11]. Although the importance of maintainability to software
energy efficiency has been highlighted theoretically, empirical evidence to test this relationship is still limited
[12].

Despite numerous attempts to predict software maintainability, significant gaps in its understanding and
practical application remain that need to be addressed by further research. For example, several studies have
highlighted the impact of bad smells on software quality, but few have proposed methods for prioritizing bad
smells based on their impact on maintainability [13]. Furthermore, while the use of historical data for
maintainability prediction is intuitive, empirical research examining the contribution of historical software
metric changes to predicting future maintainability trends is limited. Automated refactoring approaches
utilizing fuzzy genetic methods have been introduced to address code smells and improve maintainability, but
their implementation and validation on a larger scale require further exploration. [14]. This gap indicates the
need for more adaptive predictive models, considering code evolution, addressing data imbalance, and
providing clear guidance for prioritizing maintenance efforts. Based on this background and gap, the core
question that will guide this research is: How can we identify research trends in software maintainability that
are significant for improving the maintainability of large-scale software systems.
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Il. Related Work

Research on software maintainability initially centered on structural code metrics as objective indicators of
internal quality. Classical object-oriented metrics such as the Chidamber & Kemerer suite and Lines of Code
(LOC) remain widely validated predictors of complexity, coupling, and structural stability. Although these
metrics were introduced decades ago, empirical studies consistently confirm their relevance, demonstrating
that fundamental structural characteristics continue to shape maintenance effort and system evolution.

Subsequent research expanded beyond static measurement toward qualitative degradation factors,
particularly code smells and technical debt. Empirical investigations show that unmanaged code smells
significantly increase maintenance complexity, prompting the development of prioritization models and
automated refactoring techniques, including optimization-based and fuzzy genetic approaches. In parallel,
machine learning—driven predictive models have become dominant in estimating maintainability levels,
leveraging ensemble algorithms such as Random Forest variants. However, class imbalance within software
datasets remains a persistent limitation, requiring resampling strategies to enhance predictive robustness and
reduce bias toward majority classes.

More recent studies introduce a dynamic and sustainability-oriented perspective by incorporating historical
software evolution data and exploring maintainability’s relationship with energy consumption. Evolution-
aware models demonstrate that historical metric changes across releases provide stronger predictive power
than snapshot-based approaches, recognizing maintainability as a temporal property shaped by cumulative
modifications. Additionally, exploratory empirical evidence suggests that structural characteristics such as
LOC may influence energy usage, extending maintainability implications beyond technical quality toward
green software engineering. Despite significant advances across metrics, predictive analytics, refactoring
automation, and sustainability research, existing studies remain fragmented. An integrative framework that
unifies structural metrics, historical evolution, imbalance-aware prediction, and environmental considerations
therefore represents a critical research opportunity

I11. Research Methodology

The empirical foundation of this study employs a Systematic Literature Review (SLR) protocol as the
primary research design to identify, evaluate, and interpret all available studies relevant to the formulated
research questions. The SLR design, specifically following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines, was chosen for its ability to provide a transparent,
replicable, and comprehensive method for gathering scientific evidence. [15], [16]. This approach
systematically minimizes bias and increases the reliability of findings by establishing a rigorous search
protocol, clear inclusion and exclusion criteria, and a multi-step study selection process [17], [18]. Thus, this
design is well suited to achieve the research objective of building an adaptive predictive model for software
maintainability, as it allows for a thorough identification of best practices, relevant metrics, and challenges
that already exist in the extensive literature.

A. Characteristics and Reference Selection

The study identification and selection process was conducted through several systematic stages. First, an
initial search was conducted in major academic databases such as IEEE Xplore, ACM Digital Library, Scopus,
and SpringerLink using a combination of keywords relevant to software maintainability and maintainability
prediction. The number of references screened in this initial stage was substantial, reflecting the breadth of
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research in the field of software maintainability. The initial search resulted in 118 articles published in
international journals from 1981 to 2025. However, the SLR process typically involves thousands of initial
results that are then filtered through inclusion and exclusion criteria.[19], [20], [21]

Inclusion criteria focused on studies published between 2014 and 2025 that: (1) explicitly discussed software
maintainability or its influencing factors (e.g., technical debt, code smells), (2) proposed or evaluated
models/metrics/approaches for predicting or improving maintainability, (3) used empirical research
methodologies (case studies, experiments, surveys) or systematic reviews, and (4) were published in peer-
reviewed scientific journals. Exclusion criteria included studies that: (1) only discussed software quality in
general without focusing on maintainability, (2) were in gray literature (e.g., theses, dissertations, blog posts)
without peer review, (3) were non-systematic review articles or opinion pieces, and (4) were not relevant to
the context of predicting or improving software maintainability, (5) or were reputable conference proceedings
in English.

The study selection method was conducted in two stages: first, screening based on titles and abstracts to
identify potentially relevant studies; second, reading the full text of the studies that passed the first stage to
thoroughly verify their relevance. This process ensures that only the most relevant and high-quality studies
are included in this review, reflecting current and relevant research trends on software maintainability.

B. Validity and Reliability

The validity and reliability of an SLR depend heavily on thoroughness at every stage of the process. To
ensure internal validity, the research protocol was explicitly designed and documented, including a
comprehensive search strategy, objective selection criteria, and standardized data extraction procedures. This
helps minimize study selection and data extraction bias. External validity was achieved by ensuring broad
coverage of relevant databases and publications, so that the synthesized findings can be generalized to various
research contexts and practices in the field of software maintainability.

The reliability of this study was enhanced through the PRISMA guidelines, which mandate a systematic and
transparent approach. The interpretation and data extraction of selected studies will be achieved by involving
at least two researchers independently in the screening and data extraction process, then resolving
discrepancies through discussion and consensus. The use of a reference manager also ensures consistency and
accuracy of citations and bibliographies. Although some studies may have limitations in their own internal
validity or reliability (e.g., imbalanced data in predictive models that could impact accuracy), this SLR will
critically evaluate and address these limitations in the synthesis of findings. Focusing on empirical studies that
have gone through a rigorous peer-review process also inherently supports the reliability of the data collected.

The data collection procedures in this study were systematically designed to ensure transparency and
replicability. The preparation phase involved designing a detailed SLR protocol, including a clear definition
of the research question, a comprehensive keyword search strategy, and specific inclusion and exclusion
criteria, similar to the practice in other SLR studies. [22], [23]. The data collection period will cover the period
from the protocol drafting date to the completion of the study selection process, with an estimated duration of
several weeks to allow for careful screening of the significant volume of literature. The data collection will be
conducted online through access to the sci-hub database, which is standard practice in systematic literature
reviews. The specific technique applied for data collection is data extraction from each article that has passed
the inclusion criteria, where relevant information such as the year of publication, the metrics used (e.g.,

https://journal.uinjkt.ac.id/index.php/itdm 56



ITDM: Information Technology Development And Management
Volume 1, (1) 2025, p. 53-62

E-ISSN: XXXX-XXXX

©2025. The Author(s). This is an open acces article under cc-by-sa

Chidamber & Kemerer, lines of code), the methodology (e.g., machine learning, refactoring), the main results,
and the limitations of the study are recorded in a structured manner. For example, data regarding the impact
of code smells and the prioritization of bad smells on maintainability will be extracted from related studies.
[24]. In addition, information regarding the handling of imbalanced data in maintainability prediction is also
a focus of data extraction, considering its significance in improving model accuracy.

The data analysis methods used in this study are narrative and thematic synthesis, chosen due to their
relevance in processing diverse qualitative and quantitative data from the included studies. The thematic
approach allows for the identification of recurring patterns, trends, and research gaps across the collected
literature. Quantitative data, such as maintainability metrics or predictive model accuracy from the surveyed
studies, will be analyzed descriptively to identify the most frequently used metrics and the effectiveness of
various machine learning algorithms. Qualitative data, such as findings on maintainability challenges or
proposed solutions to address code smells, will be synthesized to build a comprehensive understanding of the
current research landscape. This approach will also make it possible to identify how previous studies addressed
issues such as imbalanced data in maintainability predictions or the relationship between maintainability and
energy consumption, as well as the limitations they faced [25]. By comparing findings from various sources,
this thematic analysis aims to understand and formulate recommendations for robust and relevant adaptive
predictive models.

V. Result
A. Result

The literature shows that metrics and tools for measuring software maintainability have become a significant and
systematic area of research on tool-based maintainability metrics and finds that the Chidamber & Kemerer Suite
(C&K) is one of the most well-known and widely used sets of metrics, designed specifically for object-oriented
approaches. Metrics in the C&K suite include Weighted Method per Class (WMC), which measures class
complexity, and Coupling Between Objects (CBO), which measures dependencies between classes, both of which
have a significant impact on maintainability. Furthermore, Lines of Code Modified (LOC) is also an important
metric, as ongoing changes to a class can be an indicator of low maintainability. These findings underscore that
despite the variety of metrics available; C&K and LOC remain relevant in evaluating maintainability.

Literature consistently recognizes code smells and technical debt as crucial factors affecting software
maintainability. Alshammari and Alshayeb (2021) emphasize that bad smells are indicators of potential problems
in software, and refactoring is generally performed to address them. Their research proposes a model for
prioritizing bad smells based on their impact on software maintainability, which can help practitioners allocate
efforts and resources more effectively. Saheb Nasagh et al. (2020) introduce an automated method for identifying
and refactoring code smells using a fuzzy genetic approach, demonstrating how fixing code smells can improve
software maintainability and flexibility. These findings reinforce the understanding that code smells are directly
correlated with maintenance difficulty and that intervention through refactoring can mitigate this.

A prominent trend in maintainability research is the application of machine learning (ML) techniques for
prediction. Malhotra and Lata (2020) show that numerous predictive models have been developed using various
ML techniques to predict the maintainability of software modules or classes. However, they highlight the challenge
of imbalanced data, where an imbalanced dataset can bias ML techniques in their predictions toward the majority
class, ignoring instances of the minority class that may have high maintenance effort. To address this issue, their
research shows that data resampling methods, including oversampling, under sampling, and hybrid resampling,
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can improve the performance of maintainability prediction models (SMPs) developed with ML techniques. Gupta
and Chug (2020) also support the use of ML approaches by proposing the Enhanced Random Forest Algorithm
(Enhanced-RFA) for maintainability prediction, demonstrating significant improvements in predictive
performance compared to the standard Random Forest method. This suggests that optimizing data and ML
algorithms is a crucial focus in achieving accurate maintainability predictions.

Historical aspects and code evolution are also a focus in maintainability research. Gradi$nik et al. (2020)
examined the impact of historical software metric changes in predicting future maintainability trends. They found
that the additional layer of historical changes in software metrics from previous releases contributes to better
predictions of future software maintainability. This challenges the common approach of focusing solely on the
current state of the code and ignoring its evolutionary history, demonstrating that historical data has significant
predictive value. This study emphasizes the importance of considering code evolution for more accurate
maintainability predictions.

Beyond internal technical aspects, maintainability is also beginning to be linked to broader external factors, such
as energy consumption. Mancebo et al. (2021) conducted an empirical study to test whether there is a relationship
between energy consumption and software maintainability. While previous theoretical studies have reinforced the
idea that maintainability may influence energy use, their study aimed to empirically demonstrate this. Preliminary
results indicate that metrics such as lines of code (LOC) can influence process energy consumption, suggesting a
correlation between maintainability-related code characteristics and energy efficiency. While this research is more
exploratory, it opens new dimensions in understanding the impact of maintainability beyond the purely technical
realm. Overall, the findings from the reviewed literature indicate that the field of software maintainability continues
to evolve, with a focus on developing more accurate metrics and predictive tools, addressing code smells and
technical debt, as well as leveraging historical data and considering the impact on other non-functional aspects.

The finding that metrics such as the Chidamber & Kemerer Suite (C&K) and Lines of Code (LOC) remain
important indicators of software maintainability strongly supports the existing literature on code quality
measurement. Ardito et al. (2020) explicitly highlights C&K as one of the most well-known and widely used metric
sets, consistent with the notion that complexity and coupling are fundamental factors in determining the
maintainability of object-oriented systems. The modified LOC, as an indicator of change frequency, also reinforces
the theory that instability or constant change in a component is often inversely related to its optimal maintainability.
The relevance of these metrics, despite being introduced decades ago, demonstrates that the fundamental principles
underlying software maintainability remain relevant and provide a solid foundation for further research. These
findings reinforce the belief that maintainability evaluation should begin with the analysis of basic code metrics,
which can provide an initial snapshot of the software's internal health. This reinforcement is crucial for practitioners
seeking early indicators to identify areas requiring maintenance attention.

The application of machine learning (ML) techniques to software maintainability prediction has become a
dominant trend, confirming the ongoing efforts to automate and improve the accuracy of the estimation process.
However, findings regarding the imbalanced data challenge raised by Malhotra and Lata (2020) identify crucial
limitations in many existing prediction models. This demonstrates a discrepancy between the potential of ML and
real-world data challenges, where imbalanced datasets can lead to model bias and neglect of minority classes, often
cases with high maintainability effort. Solutions through data resampling methods, such as those proposed by
Malhotra and Lata (2020), or the use of enhanced algorithms such as the Enhanced Random Forest Algorithm
(Enhanced-RFA) by Gupta and Chug (2020), directly address this issue. The consistency between these two studies
in acknowledging the problem and offering solutions based on data preprocessing or more robust algorithms
suggests that research is moving towards more accurate and reliable predictions, even under challenging data
conditions. The theoretical implication is that maintainability prediction models should explicitly account for data
distribution, and the practical implication is that developers need to consider resampling techniques when applying
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ML models for maintainability estimation.

The findings confirm the negative impact of code smells and technical debt on software maintainability align
with broad consensus in the software engineering literature. Alshammari and Alshayeb (2021) specifically
proposed a model for prioritizing bad smells based on their impact on maintainability, which is an important
development because it not only identifies the problem but also offers strategies to address maintenance resource
constraints. This approach expands understanding beyond simply recognizing the presence of code smells to
providing actionable insights about which bad smells should be prioritized for refactoring to maximize
maintainability improvements. Meanwhile, the fuzzy genetic automatic refactoring method introduced by Saheb
Nasagh et al. (2020) provides an automated solution for addressing code smells, demonstrating how technology
can assist practitioners in improving code maintainability and flexibility. The theoretical implication of these
findings is the importance of integrating code smell impact analysis into a more comprehensive maintainability
prediction model, and the practical implication is the recommendation to adopt automated tools that can support
efficient code smell identification and refactoring.

Gradisnik et al.'s (2020) study, which highlights the contribution of historical software metric changes in
predicting future maintainability trends, marks an important shift from a static to a dynamic focus in maintainability
evaluation. This contrasts with previous studies that tended to ignore code history and rely solely on current
conditions. This finding is particularly relevant because maintainability is not a static property; it continuously
evolves as code changes occur. By demonstrating that "an additional layer of historical changes in software metrics
from previous releases contributes to better predictions of future software maintainability,” this study fills an
important gap in the literature. The theoretical implication is that any robust maintainability prediction model
should integrate the temporal dimension and historical nature of code changes, not just snapshot analysis. For
practitioners, this means that version control systems (VCSs) and the historical data they contain should be more
actively utilized for predictive maintainability analysis.

Mancebo et al.'s study (2021) exploring the relationship between software maintainability and software energy
consumption opens an important new dimension in the literature. While this study is exploratory and represents an
initial attempt to empirically test a relationship previously only theoretically established, the preliminary finding
that Lines of Code (LOC) can affect process energy consumption suggests an interesting correlation. This expands
the understanding of maintainability's impact beyond internal quality metrics and development efficiency, reaching
the increasingly important areas of sustainability and green computing. While there is no broad consensus or strong
empirical evidence in the reviewed literature regarding this relationship, these findings point to a promising future
research direction, where maintainability can be viewed as a determining factor in software energy efficiency. The
practical implication is that efforts to improve maintainability can indirectly contribute to reducing the carbon
footprint of software, adding economic and environmental value to the initiative.

For future research, it is recommended to:

1. Conduct large-scale empirical studies that directly test adaptive predictive models for maintainability that
integrate historical data and imbalanced data handling methods on real-world datasets from large-scale
systems.

2. Develop and validate automated tools that can identify and prioritize code smells based on their specific
maintainability impact, considering different programming languages and architectures.

3. Further investigate the relationship between software maintainability and energy consumption, with more
controlled experimental studies to identify causal correlations and environmental implications.

4. Explore the role of non-technical factors, such as team development practices and organizational culture,
in influencing software maintainability, which may be understudied in the current literature.

5. Expand the literature review to include other types of technical debt beyond code smells, as well as
mitigation strategies. These recommendations aim to fill the identified gaps and deepen our understanding
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of software maintainability from multiple perspectives, both theoretical and practical.

B. Discussion

This study conducted a systematic review of the literature on software maintainability, identifying key trends,
metrics, and approaches used for its prediction and improvement. Key findings confirm that classic metrics
such as the Chidamber & Kemerer Suite (C&K) and Lines of Code (LOC) remain relevant as fundamental
maintainability indicators, providing a strong foundation for code quality analysis. Significantly, the study
shows that the application of machine learning (ML) techniques has become the dominant method for
maintainability prediction, although the challenge of imbalanced data in datasets often reduces model
accuracy. To address this, the use of resampling methods or enhanced ML algorithms has been shown to
improve prediction performance. Furthermore, the study highlights the crucial impact of code smells and
technical debt on maintainability, with automated refactoring approaches and bad smell prioritization models
emerging as effective solutions. The importance of historical data and code evolution in predicting future
maintainability is also emphasized, challenging the exclusive focus on current code conditions. Finally, the
study highlights the emerging relationship between maintainability and broader aspects such as energy
consumption, opening up new research areas. This study's significant contribution lies in its comprehensive
synthesis of these trends, providing a more structured understanding of the software maintainability research
landscape. Theoretically, it strengthens existing frameworks on software metrics and re-informs predictive
models by emphasizing the importance of historical dynamics and data imbalance management. Practically,
these findings provide valuable guidance for practitioners to proactively identify and mitigate maintainability
risks. The ability to predict maintainability early through optimized metrics and ML can save substantial
maintenance costs, allocate resources more efficiently, and improve overall software quality. Prioritizing code
smells and automated refactoring strategies offers practical tools for development teams to effectively and
sustainably manage technical debt.

While this review provides insightful insights, several limitations should be acknowledged, particularly due
to its nature as a SLR that relies on existing data. Therefore, recommendations for future research include: (1)
Development and validation of new adaptive predictive models that explicitly integrate historical data and
imbalance management techniques on large-scale datasets. (2) Larger empirical studies to test the causal
relationship between software maintainability and energy consumption. (3) Exploration of the role of non-
technical factors such as team practices and organizational culture on maintainability. (4) In-depth
investigation of the effectiveness of various existing automated tools for code smell identification and
refactoring. These recommendations aim to fill the identified research gaps, deepen understanding, and
facilitate the development of more practical solutions to improve software maintainability in the future.

V. Conclusion

This study systematically synthesized contemporary research on software maintainability to map the
transition from traditional metric-based evaluation toward predictive intelligence—driven approaches. The
findings confirm that classical structural indicators such as the Chidamber & Kemerer (C&K) metrics and
Lines of Code (LOC) remain foundational in assessing internal software quality. However, maintainability
research has significantly evolved beyond static measurement, incorporating machine learning—based
prediction models, automated refactoring strategies, and historical evolution analysis. The dominance of
predictive analytics demonstrates a paradigm shift in which maintainability is no longer assessed solely as a
descriptive property but increasingly treated as a forecastable and manageable attribute of large-scale software
systems.

The review also highlights critical challenges that shape the current research landscape. Class imbalance in
maintainability datasets continues to undermine prediction reliability, necessitating resampling strategies and
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enhanced ensemble algorithms to improve model robustness. Additionally, the persistent impact of code
smells and technical debt underscores the importance of prioritization frameworks and automated mitigation
techniques to allocate maintenance resources effectively. The integration of historical metric changes further
reveals that maintainability should be conceptualized as a dynamic and temporal characteristic rather than a
static condition. These findings collectively reinforce the need for adaptive predictive models capable of
capturing structural complexity, evolutionary trends, and data distribution constraints simultaneously.

In a broader perspective, the emerging linkage between maintainability and energy consumption expands
the conceptual boundaries of the field, positioning maintainability within the broader discourse of sustainable
and green software engineering. Although empirical validation remains limited, preliminary evidence suggests
that improving structural quality may contribute not only to reduced maintenance costs but also to enhanced
energy efficiency. Future research should therefore focus on developing integrated, evolution-aware, and
imbalance-sensitive predictive frameworks, while also exploring interdisciplinary connections with
sustainability and organizational factors. By consolidating fragmented streams of research, this study
contributes a structured understanding of the maintainability paradigm and offers strategic direction for both
researchers and practitioners seeking long-term software sustainability.
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