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Abstract: Advances in Artificial Intelligence (AI), particularly through Machine Learning (ML)

and Deep Learning (DL), have enabled innovative solutions in industries including automotive,

healthcare, and transportation. These technologies address complex problems by leveraging data at

large scale for decision making. Nonetheless, their widespread adoption has also exposed critical

technical challenges that can impact system performance in real world environments. Software

Engineering (SE), a foundational discipline in Computer Science, provides methodological sup-

port to oversee the complete software development lifecycle, encompassing planning, design,

implementation, testing, and maintenance. This renders SE relevant for developing reliable and

maintainable systems based on AI. This paper conducts a Systematic Mapping Study (SMS) that

analyzes 89 Primary Studies (PS) to investigate the current state of methodological support for SE

in software development based on ML. Our findings reveal significant gaps in how SE practices

are integrated into ML projects, with most research focusing narrowly on testing activities and

overlooking other critical development stages. The study identifies core challenges and proposes

recommendations organized according to the four dimensions of SE: process, product, project,

and people. The results highlight the pressing need to refine and expand SE methodological sup-
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port to address the distinct requirements of systems driven by AI, thereby enhancing reliability,

maintainability, and ethical accountability in software development based on ML.

Keywords: Artificial Intelligence, Machine Learning based Software, Software Engineering,
Systematic Mapping Study
Categories: H.3.1, H.3.2, H.3.3, H.3.7, H.5.1
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1 Introduction

AI is revolutionizing various sectors, including agriculture, education, healthcare, finance,
transportation, defense, and manufacturing [Afzaal et al. 2024, Anastasiou et al. 2024,
Huang et al. 2024, Kshetri 2024, Manta-Costa et al. 2024, Pasero 2024, Rettore et al.
2024]. The integration has resulted in substantial progress in work automation, data
analysis, risk management, predictive maintenance, and decision-making processes
[Gurjar et al. 2024, Rashid and Kausik 2024]. Organizations that utilize AI-driven
solutions report enhancements in operational efficiency, service customization, and
competitive advantage [Carleton et al. 2020]. Recent reports, likeAccenture’s Technology
Vision 2025 [Accenture 2025], highlight the rapid acceleration of AI deployment and
stress the increasing demand for digital systems that are dependable, transparent, and
traceable.

Notwithstanding these advantages, the advancement of AI-based systems presents
significant technical challenges that require robust engineering approaches. These chal-
lenges are particularly evident in systems powered by ML and DL technologies, which
are extensively employed in fields such as autonomous vehicles, robotics, computational
biology, and the Internet of Things (IoT) [Benton 2020, Nazir et al. 2024]. Principal
concerns are data quality, model interpretability, overfitting, fairness, transferability, and
legal and ethical considerations [IEEE 2024].

Although promising, ML-based systems can present challenges in testing, validation,
and maintenance. They present unique issues such as limited model explainability,
high computational demands for training, and unpredictable behavior under changing
conditions [Deng 2018, Kumeno 2020, Ozkaya 2020]. These difficulties extend beyond
the algorithmic level, affecting system architecture, development processes, quality
assurance, and long-term maintenance [Dalpiaz and Niu 2020, Nazir et al. 2024].

SE plays a critical role in addressing these challenges by offering systematic method-
ologies for software specification, design, implementation, testing, and maintenance
[Carbin 2019]. However, the degree to which SE practices are applied in the development
of AI-based systems remains unclear. There is a pressing need to understand how SE
can evolve to effectively support the development of ML-based systems, given their
increasing complexity and impact [Busquim et al. 2024, Carbin 2019, Menzies 2020].

This paper presents an SMS to provide a comprehensive overview of SE methodologi-
cal support in ML-based software development. Given ML’s central role in contemporary
AI systems, it is fundamental to identify the SE approaches currently employed and their
limitations in order to improve system quality, reliability, and maintainability.

Our results indicate that, although substantial advancements have been made in
SE for conventional software, their application in ML-based software development
remains constrained. Most studies focus narrowly on testing, with other phases such
as requirements engineering, system architecture, and maintenance receiving limited
attention.
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Through this study, we identify current structured methodological support used to
develop ML-based software, structured around the four foundational dimensions of SE:
Process, Product, Project, and People. Our analysis emphasizes the need for customized
SE approaches that cater to the distinct characteristics of ML-based software.

The remainder of this paper is structured as follows: Section 2 reviews related work;
Section 3 details the research methodology; Section 4 presents the main findings; Sec-
tion 5 discusses key insights and implications; Section 6 addresses threats to validity;
and Section 7 concludes the paper.

2 Background and related work

In recent years, an increasing number of research studies have examined the convergence
of SE and AI, with a specific emphasis on the creation of ML-based software. This section
examines 20 systematic literature reviews and surveys published between 2018 and 2022,
which evaluate SE approaches used in AI/ML development and related problems.

2.1 General reviews on software engineering and artificial intelligence

A multitude of reviews offer comprehensive analyses of the interplay between SE and AI
technologies [Colomo-Palacios 2020, Shehab et al. 2019, Syahputri et al. 2020, Martínez-
Fernández et al. 2022, Ferreira et al. 2021, Kolltveit and Li 2022]. These studies generally
focus on identifying overarching issues in implementing SE in ML-based systems,
encompassing quality assurance, testing, and the integration of ML pipelines within
software development processes. For example, [Kolltveit and Li 2022] analyzes the
relevance of SE approaches in industrial settings and provides pragmatic suggestions for
future endeavors. Likewise, [Martínez-Fernández et al. 2022] categorizes SE techniques
using the SWEBOK framework [Bourque and Fairley 2014] and identifies 94 problems,
noting that numerous challenges lie beyond existing SE standards, such as ISO/IEC 25010.
Additional reviews focus on particular concerns, such as enhancing the interpretability
of DL systems [Shehab et al. 2019] or tackling the challenges of testing and certifying
ML applications [Colomo-Palacios 2020]. Furthermore, certain studies investigate the
application of agile methodologies to ML projects, highlighting both their ubiquity and
constraints, especially for data management and effectiveness evaluation [Ferreira et al.
2021, Syahputri et al. 2020].

2.2 Studies focused on technical challenges

A separate set of studies focuses on the technical problems related to ML-based software
development [Kumeno 2020, Lwakatare et al. 2020, Saeed et al. 2021, Shivashankar and
Martini 2022, Woehrle et al. 2019]. These efforts emphasize challenges about safety,
security, verification, and explainability. For instance, [Saeed et al. 2021] examines
difficulties in data management, model troubleshooting, deployment, and sustainability,
whereas [Woehrle et al. 2019] focuses on testing challenges in safety-critical systems
utilizing deep neural networks (DNNs). Other studies categorize obstacles based on
development workflows or quality attributes, highlighting persistent issues such as
adaptability, scalability, privacy, and usability [Lwakatare et al. 2020, Shivashankar and
Martini 2022].
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2.3 Domain-specific reviews and emerging topics

Certain studies focus on specialized areas within the SE and ML intersection. This
includes evaluations of federated learning and its influence on software quality [Lo
et al. 2021], equity in AI system development [Balayn et al. 2021], and the aspects
of verification, explainability, and data quality in ML systems [Gezici and Tarhan
2022, Masuda et al. 2018]. Furthermore, several evaluations suggest design patterns
and anti-patterns pertinent to ML software, emphasizing architectural and operational
procedures [Washizaki et al. 2019, Washizaki et al. 2022]. Additional domain-specific
research investigates requirements engineering for collaborative AI systems [Odong et
al. 2022, Villamizar et al. 2021] and embedded systems, particularly in the context of
IoT and TinyML [Lakshman and Eisty 2022].

2.4 Synthesis and research gaps

Several common themes arise across these investigations. Numerous studies focus on
overarching difficulties, publication trends, or the categorization of SE operations within
the framework of ML-based systems. Although some focus on particular concerns, such
as quality assurance, explainability, or fairness, few offer comprehensive critiques of
specific SE processes or methodological frameworks designed for ML or DL develop-
ment.

A significant deficiency is the absence of detailed process models or lifecycle ap-
proaches tailored explicitly for ML-based software. Most current research either concen-
trates on particular development phases or remains at a theoretical level, lacking practical
frameworks for practitioners.

This work comprehensively delineates the methodological support for SE utilized in
ML-based software development. This paper presents a structured analysis of specific
SE practices and methodological support employed throughout the ML software life-
cycle, in contrast to previous evaluations that primarily address generic challenges or
isolated topics. Additionally, it delineates significant research deficiencies and technical
obstacles from a specific SE viewpoint, establishing a basis for forthcoming empirical
investigations and practical progress in this field.

3 Research methodology

This study adopts the methodology and procedures described by [Petersen et al. 2008]
to conduct a SMS. The primary objective of this SMS is to provide a structured and
comprehensive overview of the existing literature regarding the application of SE prac-
tices and methodological support such as practices, methods, techniques or tools in the
development of ML-based software.

3.1 Research questions and scope

The Research Questions (RQs) were formulated to explore both the extent and the
characteristics of SE methodological support documented in the literature for ML-based
software development. This includes identifying SE practices applied in real-world
projects and cataloging the available methodological resources designed to guide such
efforts. We distinguish between (i) Software Engineering practices, which are concrete,
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repeatable activities empirically employed in ML projects (e.g., metamorphic testing,
requirements modeling for ML, agile monitoring), and (ii) prescriptive methodological
supports, which are formal artifacts that guide engineering work (models, methods,
processes, standards, frameworks/guidelines/tools), regardless of current adoption.

In this study, “software” is broadly defined to include systems, applications, or
services that incorporate AI technologies, such as ML or DL [Deng 2018, Quiñonez
2021].

The General Research Question (GRQ) guiding this SMS is: What Software Engi-
neering methodological supports have been applied or proposed to develop ML-based
software?

To address this overarching question, two specific RQs were defined:

– RQ1. Which SE practices have been empirically used in developing ML-based
software, and how are they distributed across lifecycle phases and contexts?

Motivation: This question seeks to identify the empirical practices observed in PS
on ML-based software development. A substantial amount of literature suggests
methodological supports; however, the actual practices of teams remain ambiguous.
Mapping reported concrete activities, including requirements modeling, testing
techniques, agile ceremonies, and quality validation, allows for the identification of
effectively covered lifecycle phases and areas of limited empirical adoption. This
distinction offers insight into the current state of practice and identifies gaps in
existing adoption.

– RQ2.What prescriptive SE methodological supports have been proposed or tailored
for ML-based software, and what validation do they report?

Motivation:This question seeks to characterize the prescriptive landscape ofmethod-
ological supports (models, methods, processes, standards, frameworks, guidelines,
and tools) that were specifically developed or modified for ML-based SE. These sup-
ports, while not yet widely adopted, provide structured guidance aimed at addressing
identified challenges in requirements, design, testing, deployment, and maintenance.
Mapping these elements enables an assessment of their scope, type, and reported
validation, such as conceptual proposals, proofs of concept, and empirical studies.
This offers a systematic overview of the state of prescription and facilitates compari-
son with the actual practices identified in RQ1, thereby revealing the adoption gap
between available resources and their application.

To guarantee methodological rigor, the study employed the PICOC framework
[Kitchenham and Charters 2007] to guide the formulation of research questions and the
creation of the search strategy. Table 1 presents the application of the PICOC framework
in this study.

3.2 Identifying the relevant literature

3.2.1 Search strategy for primary studies

To identify relevant PS, we designed a search strategy based on established guidelines for
systematic mapping studies. The SWEBOK Guide informed the selection of SE terms,
Version 3.0 [Bourque and Fairley 2014], while the AI terms were derived from a group
discussion that focused on ML and its associated categories. Table 2 lists the SE and AI
terms considered in this study.
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Population

Studies focusing on ML-based software, or those involving SE frameworks,

approaches, processes, standards, models, methods, guidelines, lifecycle stages,

and tools applied to the development of AI/ML components.

Intervention
The application, adaptation, or proposal of SE methods, practices, tools,

processes, or standards for the development of AI/ML-based software.

Comparison

Not applicable. This review does not aim to compare interventions but to

identify and categorize existing SE practices and methodological support in the

AI/ML domain.

Outcome

Identification and synthesis of: (i) SE practices tailored or proposed for

AI/ML-based development, (ii) technical challenges reported in the literature,

(iii) relevant system properties and quality attributes.

Context
Studies conducted within the domains of SE and AI, with an emphasis on the

development lifecycle of AI/ML systems.

Table 1: Application of the PICOC framework used in this study

SE Terms

Software engineering, software requirements, software design, software

construction, software testing, software maintenance, software configuration

management, software quality, software project, software process.

AI Terms
Artificial intelligence, machine learning, supervised learning, unsupervised

learning, reinforcement learning, deep learning, evolutionary learning.

Table 2: Relevant SE and AI-related terms used in the search string.

We then combined these terms using the logical operator OR within their respective
categories and the AND operator between categories to ensure comprehensive coverage
of the intersection between SE and AI. The resulting search strings are summarized in
Table 3.

SE Terms

“software engineering” OR “software requirements” OR “software design” OR

“software construction” OR “software testing” OR “software maintenance” OR

“software configuration management” OR “software quality” OR “software

project” OR “software process”.

AI Terms

“artificial intelligence” OR “machine learning” OR “supervised learning” OR

“unsupervised learning” OR “reinforcement learning” OR “deep learning” OR

“evolutionary learning”.

Table 3: Search strings for SE and AI terms combined with the OR operator.

The search was executed in three widely recognized digital libraries: IEEE Xplore,
ACM Digital Library, and Scopus. Table 4 presents the exact search strings adapted for
each database and the number of retrieved records.

The inclusion and exclusion criteria were derived directly from the PICOC elements.
Specifically, the “population,” defined as ML-based software and SE practices guided
the selection of studies that addressed concrete SE processes or methods applied to AI
development (see criteria IC1, IC7, and EC1). The “Outcome” informed the selection
of studies reporting challenges, properties, or recommendations (IC7, EC6), while the
“Context” justified the focus on studies within the SE and AI domains.
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Database String Records

IEEE Xplore

(”Abstract”:”software engineering” OR ”Abstract”:”software requirements”

OR ”Abstract”:”software design” OR ”Abstract”:”software construction” OR

”Abstract”:”software testing” OR ”Abstract”:”software maintenance” OR ”Ab-

stract”:”software configuration management” OR ”Abstract”:”software quality”

OR ”Abstract”:”software project” OR ”Abstract”:”software process”) AND

(”Abstract”:”artificial intelligence” OR ”Abstract”:”machine learning” OR

”Abstract”:”supervised learning” OR ”Abstract”:”unsupervised learning” OR

”Abstract”:”reinforcement learning” OR ”Abstract”:”deep learning” OR ”Ab-

stract”:”evolutionary learning”)

1954

ACM DL

[[Abstract: ”software engineering”] OR [Abstract: ”software requirements”]

OR [Abstract: ”software design”] OR [Abstract: ”software construction”] OR

[Abstract: ”software testing”] OR [Abstract: ”software maintenance”] OR [Ab-

stract: ”software configuration management”] OR [Abstract: ”software quality”]

OR [Abstract: ”software project”] OR [Abstract: ”software process”]] AND

[[Abstract: ”artificial intelligence”] OR [Abstract: ”machine learning”] OR

[Abstract: ”supervised learning”] OR [Abstract: ”unsupervised learning”] OR

[Abstract: ”reinforcement learning”] OR [Abstract: ”deep learning”] OR [Ab-

stract: ”evolutionary learning”]]

433

Scopus

((”software engineering” OR ”software requirements” OR ”software design”

OR ”software construction” OR ”software testing” OR ”software maintenance”

OR ”software configuration management” OR ”software quality” OR ”software

project” OR ”software process”) AND (”artificial intelligence” OR ”machine

learning” OR ”supervised learning” OR ”unsupervised learning” OR ”reinforce-

ment learning” OR ”deep learning” OR ”evolutionary learning”)) Refined by

research area: (COMPUTER SCIENCE)

1954

Table 4: Search strings and number of records retrieved from each digital library.

Boolean expressions were adapted to the syntax of each database.

3.2.2 Primary and secondary search process

The search procedure to identify relevant studies followed a systematic and structured ap-
proach, conducted using the search engines and filters provided by the selected databases.
The process included the following steps:

1. Execute searches in the Title, Abstract, and Keywords fields of the databases.

2. Refine searches by limiting results to the Abstract field to enhance precision.

3. Restrict the search to the publication period from 2010 to 2023, in alignment with
prior systematic reviews in this area [Martínez-Fernández et al. 2022].

4. Apply search strings and relevant filters in the IEEE Xplore, ACM Digital Library,
and Scopus databases.

3.3 Paper selection criteria

3.3.1 Inclusion and exclusion criteria

To ensure the relevance and rigor of the selected studies, we defined a set of inclusion
and exclusion criteria aligned with the PICOC framework. These criteria guided the
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Inclusion Criteria Exclusion Criteria

IC1. The paper addresses approaches,

frameworks, standards, processes, activities,

tasks, methods, models, guidelines, tools,

lifecycle stages, and practices to develop

ML-based software. (SEforAI).

EC1. The paper addresses the topic of Arti-

ficial Intelligence for Software Engineering

(AIforSE).

IC2. The paper is a conceptual paper or an

empirical paper.

EC2. The paper does not address any topic

defining approaches, frameworks, stan-

dards, processes, activities, tasks, methods,

models, guidelines, tools, lifecycle stages,

and practices.

IC3. The paper is a secondary study (sys-

tematic literature review, mapping study, or

literature survey).

EC3. The paper is written in a language dis-

tinct from English.

IC4. The paper is written in English. EC4. The paper was published before 2010.

IC5. The paper is peer-reviewed (journal,

conference, workshop).

EC5. The paper is an editorial, thesis, book,

poster, and extended abstract, among other

non-peer-reviewed documents.

IC6. The paper is published between 2010

and 2023.

EC6. The paper does not address a specific

topic of ML.

IC7. The paper analyzed challenges, barri-

ers, and issues related to using or develop-

ing SE approaches, frameworks, standards,

processes, activities, tasks, methods, mod-

els, guidelines, tools, lifecycle stages, and

practices to develop ML-based software.

EC7. The full paper is not available in the

consulted databases.

Table 5: Inclusion and Exclusion Criteria

filtering process at both the title and abstract screening stages. The specific criteria used
in this study are summarized in Table 5.

Papers focused on using AI or ML to improve SE practices (AIforSE) were excluded,
as our focus is specifically on the application of SE practices in ML-based software
development (SEforAI).

3.3.2 Filtering of the papers

The paper selection process consisted of multiple filtering stages, as follows:

– Initial Screening: A total of 505 papers were retrieved from the databases and
imported for screening.

– First Review: Secondary studies (systematic literature reviews, mapping studies,
and surveys) were identified and retained, resulting in 483 papers.

– Second Review: Duplicate records were removed, leaving 399 unique papers.



592 MuñozM., Garcia-Mireles G., Mejia J., Quiñonez Y., Gasca-Hurtado G., Peña A. ...

– Third Review: Inclusion and exclusion criteria were applied to titles, abstracts, and
keywords. Papers clearly not meeting the criteria were excluded. If relevance was
unclear, the full text was reviewed. After this step, 212 papers were retained.

– Fourth Review: During the data extraction phase, some papers were excluded
because they failed to adequately address the research questions. The final selection
consisted of 89 PS.

3.4 Quality checklist and procedures

3.4.1 Quality assessment of primary papers

To guarantee the rigor and dependability of our SMS, we implemented a systematic
quality assessment procedure for all chosen primary research. This process aimed to
assess the methodological rigor and reporting clarity of the included studies.

The evaluation was performed autonomously by the six co-authors of this study.
Each manuscript was assessed by two evaluators utilizing a predetermined checklist.
Disagreements were addressed in review meetings to achieve consensus. In the absence
of a consensus, a third reviewer acted as an adjudicator.

Although no formal inter-rater reliability measure (e.g., Cohen’s Kappa) was calcu-
lated, we maintained consistency through systematic discussions and recorded consensus
judgments during the review process.

The quality checklist was adapted from established guidelines for empirical SE
research [Hidellaarachchi et al. 2022], and included six evaluation items. The items
evaluated critical elements, including the clarity of study aims, methodological rigor,
data collection and analysis techniques, and the comprehensiveness of the presented
findings.

Each study was evaluated using a five-point Likert scale, with ratings from 1 (poor)
to 5 (excellent) for each criterion, as seen in Table 6. Studies having an average score
below 3.0 across all criteria were excluded from the synthesis to maintain methodological
rigor and reliability.

Item Evaluation Criterion Score (1 to 5)

1 Is the paper highly applicable to our SMS research focus?

2 Is there a clear statement of the aim of the research?

3 Is there a review of key past work?

4 Is there a clear methodology for the research that is aligned with
key research questions claimed for the research?

5 Does the paper provide adequate information regarding the data
collection and data analysis of the research?

6 Are the research findings clearly stated and supported by the
research questions?

Table 6: Instrument for quality assessment of selected PS (adapted from

[Hidellaarachchi et al. 2022]).
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3.5 Data extraction strategy

To ensure traceability, reproducibility, and consistency throughout the review process,
we adopted a structured and collaborative approach to data management. All metadata
and extracted data from the selected PS were organized in a shared Google Spreadsheet,
allowing collaborative editing, version control, and centralized access for all authors.
The spreadsheet was structured with predefined columns corresponding to the twelve
data extraction items listed in Table 7, such as reference, publication year, contribution
type, and SWEBOK knowledge area.

No. Field Description

1 Reference Complete citation of the study (authors, title, venue, year).

2 Publication Year Year in which the primary study was published.

3 Source Type and title of the publication venue (e.g., journal, conference,

workshop).

4 Objective Stated goal or research aim of the study.

5 Contribution Category Nature of the study’s contribution (e.g., challenge, taxonomy, model,

guideline, process).

6 Specific Contributions Concrete outcomes or proposed methods/models described in the

study.

7 SWEBOK KA Mapped SE knowledge areas (e.g., software requirements, testing,

quality).

8 AI Technology Type of AI used or discussed (e.g., ML, DL, fuzzy logic, or general

AI).

9 Paper Type Classification based on the type of publication (e.g., review, empirical,

conceptual).

10 Research Method Methodology used in the study (e.g., case study, survey, experiment).

11 Contextual Data Domain, application area, and participant details if applicable.

12 Results Summary of main findings, insights, or conclusions.

Table 7: Data extraction fields used for metadata management and synthesis.

Each entry was independently reviewed and validated by at least two authors to
minimize bias and ensure consistency. Any discrepancies were resolved through regular
consensus meetings. The spreadsheet also served as the central repository for recording
quality assessment scores, classification tags, and summary notes for each study.

4 Findings

Data from the final set of 89 filtered PS were extracted for analysis and presentation. All
chosen PS were released from 2011 to 2023. The studies show a particular preference for
conference publications over journal articles during this period. Specifically, 46 papers
(51.89%) were published in conference proceedings, while 29 (32.58%) appeared in
journals. Other publication types had lower representation, comprising workshops (4
papers, 4.49%), symposium (6 papers, 6.74%), and book chapters (4 papers, 4.49%).
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The following subsections present the main findings about the research questions.

4.1 Which SE practices have been empirically used in developing ML-based soft-
ware, and howare they distributed across lifecycle phases and contexts? (RQ1)

Among the 89 PS, eight explicitly report SE practices for ML-based software develop-
ment (9%). Table 8 summarizes these practices by software development phase. Testing-
oriented practices predominate (five PS), focusing on differential testing, metamorphic
testing, and property-based testing for DL components. Only one study addresses re-
quirements modeling (RE4ML/RE4AL), while another discusses the application of agile
monitoring artifacts, including daily stand-ups and sprint retrospectives, to solve chal-
lenges in ML projects. No studies reported SE practices for deployment or maintenance
activities. These findings highlight a significant gap in post-deployment phases, which
future research should aim to address.

In addressing RQ1, the current literature primarily focuses on testing practices, while
practices related to requirements engineering, project monitoring, and ethics are still in
their early stages of development. Practices for deployment, maintenance, and software
evolution are virtually absent.

Software

Development phase
Practice Target

Requirements
– Requirements Modeling for ML and Actors-with-Learning

(RE4ML) [Yu 2021] Modeling ML systems

Testing

– Differential testing and Metamorphic testing [Ahuja et al.

2020]

– A set of heuristics to help detect faulty gradients,

Property-based testing, Metamorphic testing, Mutation

testing, Coverage-Guided Fuzzing, and Proof-based testing

(mentioned in [Braiek and Khomh 2020])

– Proof-based testing (mentioned in [Braiek and Khomh

2020])

– White-box testing [Trujillo et al. 2020]

– Testing DL

– Testing ML programs

– Testing deep neural

networks

Monitoring and

control

– Daily stand-up meetings, sprint planning meetings [Singla et

al. 2018]

– Sprint retrospective [Singla et al. 2018]

Analyze project issues for

several ML projects

Quality
– Quality validation approach/method meetings [Tao et al.

2019]

– Validate the quality of

ML systems

Other – Fairway method [Chakraborty et al. 2020]

– Detection and

mitigation of

discrimination or ethical

bias

Table 8: Practices summary.
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As observed, most practices focus on testing ML-based software, as reported in
[Ahuja et al. 2020, Braiek and Khomh 2020, Trujillo et al. 2020]. One study proposed
a practice centered on modeling ML systems [Yu 2021]. At the same time, another
addressed monitoring and controlling ML software issues by applying agile methods,
such as stand-up meetings and retrospectives [Singla et al. 2018]. Additional work
proposed an approach for improving the quality of ML systems [Tao et al. 2019]. Lastly,
one study introduced practices for detecting and mitigating discrimination or ethical bias
in ML systems [Chakraborty et al. 2020].

4.2 What prescriptive SE methodological supports have been proposed or tai-
lored for ML-based software, and what validation do they report? (RQ2)

To address this question, we classified the contributions identified in the selected stud-
ies into four categories, based on the type of methodological support applied in the
development of ML-based software:

1. Models: Conceptual descriptions that define relationships among elements to facili-
tate understanding or to support the development of SE artifacts.

2. Methods: Specific procedures or techniques designed to accomplish a particular task
or objective within the software development process.

3. Processes: Structured sequences of activities, tasks, and steps used to develop, oper-
ate, maintain, and evolve software.

4. Other Resources: Additional contributions such as frameworks, approaches, and
methodologies that provide practical guidance for supporting ML software develop-
ment.

4.2.1 Models

Among the 89 PS analyzed, only ten propose models specifically designed to address
challenges associated with the introduction of ML systems. Most of these models em-
phasize quality assurance, while others focus on code optimization or address specific
aspects of ML software behavior.

Quality models constitute the majority of these proposals. Several studies suggest
leveraging or extending the ISO 25010 standard to guide quality evaluation in ML-
based systems [Gu et al. 2020, Kuwajima and Ishikawa 2019, Nakamichi et al. 2020].
These models highlight the necessity of adapting traditional quality frameworks to the
distinct characteristics of ML components. Additional contributions in this category
include practical guidelines for quality assurance derived from empirical experience in
AI software testing [Gao et al. 2019], recommendations from quality assurance engineers
for AI systems [Fujii et al. 2020], and a training data quality model that extends the
SQuaRE data quality model to account for training data characteristics [Nakajima 2019].
Another study proposes a meta-model-based verification approach, Neutralist, which
aims to improve the verification of DL programs [Nikanjam and Khomh 2021].

In the area of code optimization, three studies propose models focused on enhancing
the efficiency of data-driven applications [Carbin 2019]. One study explores the automatic
identification and traceability of links between data, code, and ML components using
mining software repositories techniques [Njomou et al. 2021], while another introduces
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the AI-SEAL taxonomy, which classifies AI usage in SE according to application context,
automation level, and technology [Feldt et al. 2018].

Additionally, one study presents a behavior mutation model for benchmarking bias
mitigation methods in ML systems [Hort et al. 2021]. This contribution highlights the
growing interest in addressing the ethical dimensions of ML, although it is currently
underrepresented in the literature.

In summary, although these models address important issues such as quality assur-
ance, optimization, and bias mitigation, the findings suggest that research on modeling
practices for ML-based software is still in its early stages of development. Most pro-
posals focus on narrow, domain-specific concerns rather than providing comprehensive
frameworks suitable for broad adoption across many ML development contexts. Further-
more, the limited number of studies proposing models highlights an important gap in the
current literature, highlighting the need for further research to develop generalizable and
integrative modeling approaches for ML-based software.

4.2.2 Methods

Seven PS in our SMS propose specific methods aimed at improving the quality of ML-
based software. These methods focus on different phases of the software development
lifecycle, including requirements engineering, risk management, testing, and quality
evaluation.

In the area of requirements engineering, one study introduces a two-layer data re-
quirements modeling method designed to specify the data needs of ML systems during
the early requirements analysis phase [Shao and Wang 2022]. This method addresses
a critical gap, as traditional requirements engineering approaches often overlook the
importance of data characteristics in ML systems.

Regarding risk management, one study proposes a method for analyzing product,
service, and system risks, with an emphasis on ML-related uncertainties [Uchihira 2022].
This contribution reflects the growing need for systematic risk analysis frameworks
capable of addressing the stochastic characteristics of ML components.

Testing represents the most extensively covered area among the identified methods.
Several studies present novel techniques for improving testing processes in ML systems.
These include methods for generating effective datasets using combinatorial testing
approaches [Gladisch et al. 2020], the development of test scenarios and oracles to assess
model robustness in industrial environments [Chatterjee et al. 2022], and metamorphic
testing methods tailored for neural network models [Nakajima 2019]. One particularly
innovative approach involves using a test transformation bandit technique to optimize
the selection of follow-up test cases in metamorphic testing [Spieker and Gotlieb 2021].
Collectively, these methods demonstrate the community’s emphasis on enhancing the
reliability and robustness of ML systems using improved testing methodologies.

Finally, one study addresses the challenge of deriving quality characteristics and
measurement methods for ML systems [Nakamichi et al. 2020]. This method emphasizes
that quality attributes must be defined in accordance with the specific goals and contexts
of the systems under development, which aligns with the need for flexible and adaptable
quality models in ML-based software projects.

The identified methods demonstrate significant progress in various aspects of ML-
based software development. However, the research remains fragmented, with most
methods focusing on specific lifecycle stages, particularly testing, while other phases,
such as maintenance and deployment, are inadequately examined. This observation
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stresses the need for more comprehensive and integrated methodological frameworks
that can support the entire development lifecycle of ML-based systems.

4.2.3 Processes

Aprimary challenge in the development of AI-based software is the absence of established
lifecycle models or standardized processes, as numerous projects continue to be produced
without formal guidance. This study makes a significant contribution by identifying
procedures and lifecycle models designed explicitly for ML-based software development.
We identified 12 key publications that address this gap, highlighting the necessity to
modify traditional SE processes, tasks, and workflows to meet the specific requirements
of ML-based systems. Table 9 summarizes the recommended methodologies, which are
classified according to validation levels as follows: Conceptual, PoC (Proof of Concept),
Experimental, Empirical, and combined labels (e.g., Conceptual/PoC) indicate that the
contribution exhibits characteristics of more than one validation type.

4.3 Other identified resources

This SMS also revealed some supplementary resources suggested to facilitate ML-based
software development. In total, we found seven frameworks, five approaches, and one
methodology, each addressing distinct aspects of the development process.

Several frameworks concentrate on testing activities. For example, the Quote Frame-
work aims to enhance robustness and fairness during testing [Chen et al. 2023]. In
contrast, RobOT and MTGAN focus on testing and retraining DL models, particularly in
image classification [Liu et al. 2020, Wang et al. 2021]. Alternative frameworks address
broader concerns, including data requirements engineering, process lifecycle manage-
ment, and transition from experimental pilots to practical implementations [Castellanos
et al. 2021, Dey 2022, Jafari et al. 2021]. These resources illustrate an increasing ac-
knowledgment of the necessity for specialized tools and organized processes to manage
the complexity of ML-based systems [Ekmefjord et al. 2022].

Approaches identified in the studies tend to focus on design and monitoring activities
[Kourouklidis et al. 2021]. Some utilize model-driven engineering (MDE) principles to
specify intended ML behavior or to include analytics into software design, particularly
in specialized fields like IoT or healthcare [Moin et al. 2022, Stirbu et al. 2022, Zhu et al.
2022]. Alternative methodologies focus on testing automation and lifecycle management
through agile practices, highlighting the adaptability required for ML-centric projects
[Das et al. 2021].

Furthermore, we identified a single methodology, Systems/Software Engineering
Guided Machine Learning (SEGML), which proposes a five-step process for integrating
SE and data science activities, covering feasibility analysis, requirements elicitation,
model design, testing, and contractual specifications for ML components [Alharbi and
Bhattacharyya 2021].

Collectively, these 13 resources offer a fragmented but growing body of knowledge
aimed at systematizing the development of ML-based software. Nonetheless, the domain
remains devoid of cohesive lifecycle models or comprehensive process frameworks.
Most approaches focus on isolated stages, such as testing or data management, rather
than comprehensively addressing the entire development lifecycle.

Three principal themes emerged from the proposals: the necessity for structured
models that guide ML development activities, robust data management practices, and
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Author Proposal Pointed out/remarks Validation

[Amershi et al.

2019]

Process based on the ML sys-

tem architecture and require-

ments that should be considered

during the ML design.

ML workflows are highly non-

linear and contain several feed-

back loops.

Empirical (validated with indus-

trial case studies)

[Nakamichi et al.

2020]

Method focused on identifying

requirement definition issues to

derive the quality characteristics

and measurement methods for

ML systems.

The quality characteristics de-

pend on the system’s goals

under development.

Conceptual (proposed frame-

work, no empirical validation)

[Poth et al. 2020]
Product risk evaluation ques-

tionnaire named EvAla.

Validate the AI software quality

and to evaluate products or

services risks.

Proof of Concept (tested

through case examples, limited

validation)

[Spieker and

Gotlieb 2021]

Process resulting from conduct-

ing an empirical study on actual

ML bugs.

Examine patterns of bugs and

how they evolve.

Empirical (validated via bug

analysis in real projects)

[Gao et al. 2019]

Test process and a

classification-based test model-

ing for AI classification func-

tion testing.

Evaluating AI software quality.

Proof of Concept/Experimental

(tested in controlled test envi-

ronments)

[Nascimento et al.

2019]

Four-stage process for ML

systems development.

Lack of a typical development

process for ML systems.

Conceptual (proposed only, no

validation reported)

[Falcini et al.

2017]

A process development life

cycle for automotive software.

V model of Automotive SPICE

3.0 on the W model.

PoC (applied to the automotive

domain, illustrative example)

[Falcini and Lami

2017, Hesenius et

al. 2019]

A process for developing Data-

Driven Applications that inte-

grate tasks for ML/AI solutions.

V Overall software develop-

ment effort.

Conceptual/Example (described

approach, limited practical

validation)

[Angel and

Namin 2022]

Stages identified for AI/ML-

based application development

life cycle.

It uses an agile methodology

establishing an instantiable, iter-

ative, and incremental process

model.

Conceptual/PoC (framework

described, some examples re-

ported)

[Kohl et al. 2021]

A process model adjusted for

developing NLP applications:

Standardized Modeling Process

for Natural Language Process-

ing (STAMP 4 NLP) that pro-

vides a development process,

including roles, tasks, artifacts,

and best practices.

It uses an agile methodology

establishing an instantiable, iter-

ative, and incremental process

model.

PoC (validated in NLP applica-

tion case)

[Granlund et al.

2021]

A pipeline for Continuous De-

livery for Machine Learning

(CD4ML).

Using this pipeline, a cross-

functional team produces ML

applications based on code,

data, and models in small and

safe increments that can be

reproduced and reliably released

at any time, in short adaptation

cycles.

Empirical/PoC (validated with

prototype implementation and

industrial examples)

Table 9: Primary studies proposed a resource to solve the lack of ML development

processes.

rigorous testing and risk assessment mechanisms. These themes closely correspond with
the unique challenges of ML-based software, where data dependency, model uncertainty,
and system complexity often exceed the scope of traditional SE methodologies. The
evidence from PS indicates that modifying and enhancing traditional SE practices remains
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a critical priority for forthcoming research in this domain.

4.3.1 Technological context of the selected studies

Although the primary focus of this SMS is on SE practices and other methodological
support in ML-based software development, we also examined the technological context
of the selected studies. Specifically, we analyzed the AI tools and technologies reported
within the PS to provide additional context for understanding the SE practices described.

Among the 89 studies, only seven explicitly reported the use of specific AI tools or
frameworks. These tools can be classified into four main categories: libraries, algorithms,
programming languages, and ML experiment management tools, as summarized in
Table 10.

AI tools type AI Tools

Library

PyTorch, Jupyter Notebooks, Keras, TensorFlow, CNTK, Theano, Torch,

Caffe, Scikit-Learn, Pandas, NumPy and SciPy [Reimann and Kniesel-

Wünsche 2020, Santhanam 2020, Zhang et al. 2022]

Algorithms

Classification, regression, clustering, dimensionality reduction, decision tree

algorithms, convolutional Neural Network and Recurrent Neural Network

architectures are the most used [Ferenc et al. 2020, Reimann and Kniesel-

Wünsche 2020, Santhanam 2020].

Language
Python [Nakajima 2019, Njomou et al. 2021, Reimann and Kniesel-Wünsche

2020].

ML experiment

management

tools

Neptune.ai, MLflow, DVC and GitHub.

Table 10: AI technologies presented in PS.

Our analysis indicates that while specialized ML libraries such as TensorFlow,
PyTorch, Keras, and Scikit-Learn are widely known, their reported use in SE-focused
studies remains limited. Instead, most studies continue to rely on fundamental algorithms
such as classification and clustering, which remain foundational across various AI
applications.

Python stands out as the predominant programming language due to its extensive
support for AI development, ease of use, and integration with a wide range of libraries
and tools. However, despite its popularity, few studies have addressed challenges related
to integrating these technologies into SE processes.

Additionally, we observed low adoption of ML experiment management tools such
as MLflow, DVC, and Neptune.ai within the reviewed studies. These platforms, while
offering valuable features for experiment tracking, reproducibility, and collaborative
development, are not yet widely reported in the SE research addressing ML-based
systems.

This analysis suggests that there is an opportunity for future studies to explore the
intersection of SE practices with emergingMLOps tools and AI technologies, particularly
in areas related to reproducibility, version control, and collaborative workflows.
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5 Discussion

This SMS identifies several critical aspects that influence the evolution of SE practices
in the context of ML-based software development. In particular, we identified several
fundamental gaps in current research that present opportunities for future studies.

The analysis of validation levels indicates that the majority of methodological sup-
ports are confined to the Conceptual or Proof of Concept stage, with few demonstrations
or illustrative examples available. A limited number achieved the Experimental level,
and only a few presented Empirical evidence in practical settings. This gap highlights
the limited adoption in practice, particularly in the areas of requirements engineering
and maintenance.

One of themost evident gaps lies in the lack of robust models to guide the development
of ML-based software products. Despite attempts to adapt existing standards, such as ISO
25010, to encompass quality aspects specific to ML systems, a clear need remains for
standardized models that provide actionable guidance for quality assurance throughout
the ML software lifecycle. This gap is particularly significant in small development
teams, which often lack the resources and expertise to develop high-quality ML solutions.

Likewise, we noted a limited presence of well-definedmethods that provide structured
procedures for the development of ML software. Although numerous frameworks and
tools are available for training models and deploying them in production, there is a lack
of comprehensive methodological guidance covering the entire software lifecycle, from
requirements to maintenance.

At the process level, we did not identify any generic processes that provide a cohesive
set of interrelated activities for developing ML software products. Considering the
complexity of ML systems, a generic process model must integrate key aspects, including
risk management, short development cycles, continuous feedback, and thorough quality
management, that address data, models, development artifacts, and runtime behavior.

Furthermore, it is fundamental to systematically map and adapt SE practices that
can effectively support ML software development. Such practices must encompass all
phases of development, including data management, model design and training, software
integration, validation, and quality assurance.

Our analysis of challenges and recommendations revealed that the difficulties en-
countered in ML-based software projects encompass the traditional dimensions of SE,
commonly referred to as the ”4 Ps”: Process, Product, Project, and People, along with
an additional dimension, Ethics. Process-related challenges primarily involve the com-
plexity of managing iterative, data-driven operations and maintaining quality in rapidly
evolving systems. Product-related challenges center on the unique technical character-
istics of ML solutions, including their reliance on data quality and the complexity of
maintaining consistent system behavior. Project-related concerns highlight the man-
agement of development effort, resources, and risks in environments characterized by
uncertainty and rapid technological change. People-related challenges point to the need
for interdisciplinary teams with skills in both SE and AI, as well as the importance of
training and communication practices to facilitate collaboration. Ultimately, while ethical
considerations are often overlooked, they reveal the pressing need for greater attention
to fairness, accountability, and transparency in ML-based systems.

These findings reveal the urgent necessity for an integrated research agenda that con-
nects SE and ML by developing models, methods, processes, and practices, particularly
designed for the context of ML-driven software development.
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5.1 Technical challenges reported in the primary studies

Among the 89 PS examined, 20 specifically addressed technical challenges related
to the development of ML-based software. These challenges were grouped into five
categories: Process, Product, Project, People, and Ethics, with the majority of challenges
concentrated in the Process and Product categories.

The process category encompasses the most extensive set of challenges. Many studies
emphasize the difficulty of ensuring quality assurance throughout the development
lifecycle, particularly in requirements engineering and testing phases [Arpteg et al.
2018, Belani et al. 2019, Marijan et al. 2019,Wan et al. 2021]. Common issues include the
absence of standardized lifecycle models for ML-based systems and the lack of integrated
frameworks to guide development [Balayn et al. 2021, Fischer et al. 2021, Haakman et
al. 2021]. Research indicates challenges in implementing feature-based modeling [Apel
et al. 2022] and establishing development guidelines [Fischer et al. 2020, Nguyen-Duc
et al. 2020]. Moreover, human-related factors such as team decision-making, project
scheduling, and version control pose considerable problems [Ahuja et al. 2020, Njomou
et al. 2022, Wolf and Paine 2020].

In the product category, the challenges revolve around technical aspects of ML
systems, such as handling high-dimensional data, ensuring prediction accuracy, and
addressing fault localization [Ahuja et al. 2020, Apel et al. 2022, Balayn et al. 2021, Chen
et al. 2020]. Additional concerns include the trustworthiness of model outputs, managing
unexpected behavior, incompatibilities between ML libraries, and the limited portability
of code across environments [Kim 2020, Lenarduzzi et al. 2021]. Furthermore, some
studies discuss difficulties in integrating learning components with traditional system
modules and challenges in using visual tools that align with strict system specifications
[Bennaceur and Meinke 2018]. Deployment challenges in specialized domains, such as
vision-based systems, were also noted [Ahuja et al. 2022, Hains et al. 2018].

The Project category focuses on the complexity of managingML projects, which often
require highly specialized solutions and computational resources [Bennaceur and Meinke
2018, Renggli et al. 2019, Wan et al. 2021]. Key challenges encompass establishing
sufficient quality assurance processes, selecting effective testing methods, and integrating
sensemaking practices to improve decision-making and system reliability [Hesenius et
al. 2019, Marijan et al. 2019, Wolf and Paine 2020]. The maintenance of ML models,
particularly in dynamic environments, was recognized as a significant concern [Sculley
et al. 2015].

In the People category, the most frequently cited challenges relate to organizational
and human factors [Arpteg et al. 2018, Khomh et al. 2018, Serban et al. 2020]. Studies
consistently report a shortage of skills, training, and knowledge among software develop-
ment teams, particularly in the context of AI technologies [Hill et al. 2016, Lenarduzzi
et al. 2021, Nahar et al. 2022]. Further challenges include the absence of clear guide-
lines for integrating ML models into existing development processes and difficulties in
team collaboration, particularly in areas such as communication, documentation, and
engineering practices.

Although fewer studies addressed the ethics category, those that did highlighted
significant gaps in ensuring the correctness and trustworthiness of ML and DL systems
[Ahuja et al. 2020, Marijan et al. 2019]. Issues such as explainability, fairness, and
accountability remain largely unresolved, posing risks for the implementation of these
systems in practical environments [Fischer et al. 2020].

Our analysis shows that these challenges are not isolated to a specific phase of the
software development lifecycle; instead, they recur throughout various stages, from
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requirements engineering and design to testing, deployment, and maintenance. One of
the most pressing concerns identified is ensuring the quality of ML models, which is
particularly challenging due to the complexity and lack of interpretability inherent in
these models. This points to an urgent need for more effective testing and validation
approaches to ensure the reliability of ML-based systems prior to their deployment.
Numerous research studies suggest methodologies, like metamorphic testing [Braiek
and Khomh 2020] and differential testing [Ahuja et al. 2020], which enable error detec-
tion and behavioral verification under controlled conditions. Moreover, tools such as
MLflow, which facilitate experiment tracking and model lifecycle management, are seen
as essential for addressing traceability and supporting the continuous evolution of ML
models over time.

5.2 Recommendations

Of the 89 PS examined, only 11 specifically offered recommendations for addressing
challenges in the development of ML-based software. The recommendations were catego-
rized into five categories: process, product, project, people, and ethics. The predominant
recommendations are categorized under process, product, and project.

The Process category contains the most significant number of recommendations.
Several studies emphasize the importance of incorporating feedback loops [Carleton et
al. 2020, Hesenius et al. 2019, Ishikawa and Yoshioka 2019, Wan et al. 2021] into the
development process to better manage the iterative nature of ML systems. Recommenda-
tions also include the adoption of mechanisms for quality control [Fujii et al. 2020] and
for handling unexpected system behaviors [Ishikawa and Yoshioka 2019]. Additionally,
some studies advocate for the integration of model-based and data-driven approaches
[Harel et al. 2022, Wan et al. 2021] to enhance decision-making and process adaptability.

In the Product category, the recommendations primarily focus on the need to consider
new types of requirements specific to ML solutions, as explicitly stated in [Carbin
2019, Sram 2011]. These include both functional and non-functional aspects, such as
explainability and traceability. Furthermore, the development of tools for monitoring,
tracing, and improving ML systems is highlighted as a critical need to ensure system
robustness and transparency [Nascimento et al. 2019].

The Project category includes recommendations centered on applying established
SE practices to ensure the quality of AI systems [Chakraborty et al. 2020, Dam et al.
2018, Gao et al. 2019, Nguyen-Duc et al. 2020, Menzies 2020]. Several studies suggest
adapting traditional SE principles and integrating them into AI project workflows to
enhance process reliability and product quality [Carleton et al. 2020]. There is also an
emphasis on defining clear development guidelines tailored to the specific characteristics
of AI projects.

The People category, although less frequently addressed, highlights the need for
forming multidisciplinary teams. Studies recommend involving SE, data scientists, do-
main experts, and other specialists to ensure diverse perspectives and expertise [Hesenius
et al. 2019]. Additionally, the importance of employing configuration management tools
[Carleton et al. 2020] and providing adequate training for stakeholders to understand
ML models and frameworks is emphasized [Sothilingam and Yu 2020].

No recommendations were found in the Ethics category among the examined papers.
This absence highlights a substantial deficiency in the existing research landscape, as
ethical considerations such as justice, accountability, and transparency are increasingly
critical in AI development.
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Based on the analysis of challenges and recommendations, it becomes evident that
future research should prioritize developing resources and methodologies that support
testing, quality evaluation, and assurance of ML-based systems. Such efforts are essential
to ensure that ML solutions are not only practical but also reliable, maintainable, and
aligned with both SE standards and ethical considerations.

6 Threats to validity

Despite the rigorous methodology applied in this study, several potential threats to
validity must be acknowledged and carefully considered when interpreting the findings.

One potential source of bias is the selection process. Although we followed the
established guidelines proposed by Kitchenham and Charters and conducted systematic
searches in the most widely used digital libraries for SE and AI research, it is still
possible that some relevant studies were inadvertently excluded. This could result from
limitations in the search strings, indexing issues in the databases, or the inherent difficulty
of retrieving studies from such an evolving and interdisciplinary field.

Another potential threat arises from reviewer bias during the study selection, data ex-
traction, and quality assessment stages. To minimize this risk, we adopted a collaborative
review process in which each study was independently evaluated by pairs of reviewers
using standardized templates. However, subjective judgments may still have influenced
the classification and interpretation of specific studies, particularly in cases where the
scope or methodology was unclear.

Additionally, there is a risk of bias in data extraction and interpretation. Although
we applied structured extraction forms and held regular calibration meetings to align our
understanding, the analysis of complex studies may have been affected by the reviewers’
academic backgrounds or disciplinary perspectives. Such influences could shape how
specific findings were categorized or interpreted.

Limitations also exist regarding the quality assessment procedure. While we sys-
tematically applied a predefined quality checklist and resolved disagreements through
consensus discussions, we did not compute formal statistical measures of inter-rater
reliability, such as Cohen’s Kappa. Consequently, although the assessment process was
consistent and transparent, the level of agreement between reviewers was not quantified
statistically.

Lastly, there are limitations related to the generalizability of this study. Our review
focused exclusively on peer-reviewed literature published up to December 2023. As a
result, industrial reports, grey literature, and emerging research that has not yet undergone
formal peer review were excluded. This may limit the applicability of our findings to
practical settings, especially given the rapid evolution of AI and ML technologies.

These considerations highlight the importance of interpreting our results with caution
and stress the need for future empirical studies that can complement this mapping by
exploring SE practices and challenges in real-world ML development contexts.

7 Conclusions

This SMS provides a structured overview of how SE practices have been applied to the
development of ML-based software and identifies key technical challenges that arise
across the software development lifecycle.
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Our findings reveal that although all classical SE knowledge areas, such as require-
ments engineering, testing, quality management, and project management, are in principle
adaptable to ML-based development, their practical application remains limited. Only
9% of the PS describe concrete SE practices used in real-world ML projects, with most
efforts concentrated on testing. Practices associated with the early stages (such as re-
quirements elicitation) and the later stages (including maintenance and evolution) are
notably underrepresented, highlighting a considerable gap in the end-to-end integration
of SE in ML-based systems.

The studies also reveal technical challenges that span multiple stages of the devel-
opment lifecycle. These include the complexity of managing data dependencies, the
stochastic nature of model behavior, difficulties in achieving reproducibility, and the lack
of seamless integration between ML components and traditional SE workflows. Such
challenges make evident the need for SE methodologies that are specifically tailored
to the unique demands of ML-based systems and supported by appropriate tools and
practices.

Regarding the tooling landscape, fewer than 10% of the studies report using special-
ized libraries or tools for experiment tracking, version control, or continuous delivery.
Python is the dominant implementation language due to its ecosystem of AI libraries;
however, the limited adoption of MLOps platforms and SE automation tools indicates a
broader maturity gap in SE practices for ML development.

An additional layer of insight emerged when the findings were interpreted through
the lens of the four foundational dimensions of SE: People, Product, Process, and Project,
alongside ethical considerations. Three critical needs stand out. First, SE processes must
be adapted to handle the evolving nature of data and model behavior. Second, iterative
and feedback-driven development cycles are essential to align ML experimentation with
structured SE practices. Third, a comprehensive approach to quality assurance is required,
one that considers not only the software functionality but also ethical and non-functional
attributes such as fairness, explainability, and trustworthiness.

This study highlights important implications for future research. There is a pressing
need to build empirical evidence around the actual effects of SE practices on ML develop-
ment outcomes. Future work should involve conducting in situ studies to assess how SE
interventions influence the development of AI projects. Furthermore, the development
of hybrid lifecycle models that bridge MLOps practices with traditional SE standards
is necessary. Ethical principles should also be more tightly integrated into SE quality
models, addressing current gaps in governance, bias mitigation, and transparency.

This SMS is subject to certain limitations. The review focused exclusively on peer-
reviewed literature published up to December 2023, which may exclude recent industrial
advancements or grey literature. As such, the results must be interpreted as indicative
rather than exhaustive.

In future work, we plan to collaborate with both industry practitioners and academic
researchers to document real-world SE practices in ML development. This effort will
enable us to validate and refine the findings of this SMS, ultimately contributing to the cre-
ation of a grounded and actionable research agenda for developing reliable, maintainable,
and ethically sound AI systems.
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