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Abstract: Microservices architecture has emerged as a dominant approach for developing
scalable and modular software systems, driven by the need for agility and independent
deployability. However, designing these architectures poses significant challenges, par-
ticularly in service decomposition, inter-service communication, and maintaining data
consistency. To address these issues, artificial intelligence (Al) techniques, such as machine
learning (ML) and natural language processing (NLP), have been applied with increas-
ing frequency to automate and enhance the design process. This systematic literature
review examines the application of Al in microservices design, focusing on Al-driven tools
and methods for improving service decomposition, decision-making, and architectural
validation. This review analyzes research studies published between 2018 and 2024 that
specifically focus on the application of Al techniques in microservices design, identifying
key Al methods used, challenges encountered in integrating Al into microservices, and the
emerging trends in this research area. The findings reveal that Al has effectively been used
to optimize performance, automate design tasks, and mitigate some of the complexities
inherent in microservices architectures. However, gaps remain in areas such as distributed
transactions and security. The study concludes that while Al offers promising solutions,
further empirical research is needed to refine Al’s role in microservices design and address
the remaining challenges.

Keywords: microservices design; artificial intelligence; service decomposition;

machine learning; natural language processing; Al in software architecture; microservices
performance optimization; Al-driven decision-making; distributed systems; generative Al

1. Introduction

In recent years, microservices have emerged as the architectural style of choice
for building scalable, modular, and independently deployable software systems. This
paradigm shift from monolithic to microservices architectures is driven by the need for
agility, scalability, and continuous deployment in cloud-based environments [1]. Microser-
vices enable the decomposition of large, complex applications into smaller, autonomous
services that can be developed, deployed, and scaled independently, facilitating faster
iterations and reduced time-to-market [2].

However, designing microservices architectures presents significant challenges that
traditional software engineering methodologies do not fully address. Key activities in
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microservices design include identifying individual services, defining their responsibil-
ities and boundaries, and determining their interactions. These tasks involve critical
decisions related to service decomposition, communication protocols, and overall architec-
tural structure [3]. Building systems from scratch requires balancing appropriate service
granularity with minimizing inter-service communication. Poorly managed designs risk ar-
chitectural smells, such as excessive coupling or God classes, which hinder maintainability
and scalability [4,5].

While approaches such as Domain-Driven Design (DDD) [6] have been widely adopted
for defining microservices, practical tools and methodologies remain limited, particularly
for architects working on complex, large-scale systems [7,8].

Additionally, the inherent distribution of systems in microservices architectures intro-
duces challenges such as fault tolerance, scalability, and the orchestration of distributed
transactions, further complicating the design process [9].

Artificial intelligence (Al) has emerged as a promising tool to address these challenges
by automating and enhancing the design of microservices architectures, particularly for
new software developments. Al techniques, such as machine learning (ML) and natural
language processing (NLP), assist in critical design tasks such as requirement analysis,
service identification, and architectural decision-making. Tools like GreenMicro [10], SEM-
GROMI [11], and GTMicro [12] employ clustering and semantic analysis to enhance service
cohesion and reduce coupling during early-stage design in greenfield projects. Similarly,
PF4MD [3] uses problem frames and complexity metrics to support informed service
decomposition.

Natural language processing (NLP) is fundamental for analyzing unstructured textual
data, such as requirements, user stories, and technical specifications, by identifying key
entities, relationships, and semantic patterns [13,14]. This process transforms raw text into
actionable design insights, as exemplified by SEMGROMI, which leverages NLP to seman-
tically group user stories and facilitate the definition of coherent service boundaries [11].
In parallel, clustering algorithms, such as k-means, are employed to partition data into
homogeneous groups, revealing latent structures within monolithic systems that can guide
microservice decomposition [10,12]. However, the effectiveness of these techniques heav-
ily depends on the clarity and quality of the input data, and the precise calibration of
the optimal number of clusters is critical to achieving meaningful segmentation. This
technical foundation underscores the pivotal role of Al in automating and optimizing
microservices design.

Al-driven methods leverage diverse design artifacts—such as textual requirements,
UML diagrams, and source code—to generate insights and recommendations for architects.
For instance, PF4AMD [3] integrates problem frames and complexity metrics to support
semi-automated service decomposition, while tools like GreenMicro [10], SEMGROMI [11],
and GTMicro [12] analyze user stories and use cases to enhance cohesion, reduce coupling,
and refine service boundaries. By leveraging these artifacts, Al not only streamlines the
design process but also addresses key challenges such as optimizing service granularity
and validating architectural decisions. However, issues such as distributed transaction
handling, resilience testing, and aligning Al-generated solutions with real-world demands
remain areas in need of further empirical investigation [1,15].

Given these limitations, this systematic literature review aims to bridge the gap by
analyzing how Al techniques are applied to improve the design and management of
microservices in new software developments. Specifically, it explores tools and methods
for decomposition, decision-making, and architecture validation. By addressing these
gaps, this review contributes to advancing scalable, robust, and adaptable microservices
architectures, outlining practical pathways for their implementation in real-world scenarios.
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Research Questions

To guide this systematic literature review, we formulated the following research
questions (Q) along with their respective motivations (M):

Q1. What specific Al techniques and methods have been used in the design of
microservices for new software developments? M1. This question aims to understand the
various Al techniques applied in the design of microservices, identifying the methodologies
being used. By becoming aware of these techniques, developers and software architects can
make more informed decisions when selecting tools, which may contribute to enhancing
efficiency and scalability from the conception of the software.

Q2. What are the main challenges encountered when applying Al techniques to the
design of microservices for new software developments? M2. Identifying the challenges
associated with applying Al techniques to microservices design is crucial for developing
strategies to mitigate these issues. This includes technical aspects, such as integrating Al
models into microservices architectures, and methodological aspects, such as adapting
agile processes to effectively incorporate Al

Q3. What benefits have been reported when using Al in microservices design from
scratch compared to traditional design methodologies that do not employ Al techniques?
M3. Evaluating the benefits of using Al in microservices design provides a clear view of the
potential advantages, such as improvements in design automation, performance optimiza-
tion, and cost reduction. This is valuable for justifying investment in these technologies.

Q4. What are the emerging trends in the research on using Al for microservices design
in new software developments? M4. Identifying emerging trends allows academics and
professionals to stay up to date with the latest and most promising developments in the
field. It also helps highlight areas of opportunity for future research and applications,
ensuring the continued evolution of microservices design.

Q5. What specific artifacts, such as textual requirements, source code, or design
diagrams, are used as inputs when applying Al techniques in microservices design? M5.
This question seeks to identify the types of artifacts commonly used as inputs when
applying Al techniques in microservices design. Understanding which artifacts are most
effectively utilized will help software architects adopt a more structured and efficient
approach when incorporating Al into microservices design processes.

The rest of the paper is organized as follows: In Section 2, we briefly survey the
main problems of microservices design. Section 3 discusses some related work (e.g., other
similar reviews). Section 4 presents our review, including the methodology and selection of
relevant papers. In Section 5, we discuss the results and how they align with the research
questions. Section 6 addresses the threats to the validity of this review. Finally, Section 7
concludes our paper and presents some further work we are pursuing.

2. The Problems of Microservices Design

The transition from building monolithic systems to using the microservices architec-
tural style offers significant advantages, such as improved scalability, agility, and indepen-
dent deployability. However, this architectural shift also creates several challenges that
impact both the technical and operational aspects of software development. One of the
most significant challenges in this shift is the decomposition of existing monolithic appli-
cations (or for new applications partitioning the application domain) into microservices,
which requires that appropriate service boundaries be identified and that inter-service
communication be managed. The process is often complex and context-specific, with
development teams struggling to avoid high coupling between services. According to a
systematic review by Li et al. [3], many organizations find it challenging to define service
boundaries, particularly in tightly integrated monolithic systems. Similarly, a review by
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Vural et al. [1] highlights the lack of standardized metrics for assessing the quality-of-service
decomposition, complicating the evaluation process.

A survey by Liu et al. [16] further elaborates on the difficulties faced during the
migration from monolith to microservices, including the need for effective patterns like
the Strangler Pattern, which allows for incremental migration. However, managing the
complexity of a hybrid system during the transition phase adds another layer of difficulty,
often resulting in performance degradation and maintenance challenges.

Another major issue in microservices design is inter-service communication. In dis-
tributed systems, services communicate with each other through APIs or message brokers,
introducing new complexities like distributed transactions. The work of Nitin et al. [17]
states that managing transactions across multiple services often leads to performance issues
and increased latency, especially when the system lacks proper coordination mechanisms.
The paper by Baskarada et al. [18] highlights that effective API management and secu-
rity are essential for maintaining the integrity of a microservices architecture, yet these
aspects are frequently overlooked during the design phase, leaving systems vulnerable to
security breaches.

Data consistency is another significant challenge in microservices design. In a mono-
lithic system, data are typically managed centrally, ensuring consistency across the ap-
plication. However, in microservices architectures, each service may manage its own
data, leading to issues with data synchronization and eventual consistency. According
to Alshuqgayran et al. [9], the decentralization of data management in microservices can
result in conflicting states, especially in systems with high transaction volumes, and these
inconsistencies can be exacerbated by failures in communication between services.

Scalability and performance optimization are often cited as major benefits of microser-
vices, but they also present their own challenges. Goli et al. [19] demonstrate that traditional
scaling mechanisms, such as the Horizontal Pod Autoscaler (HPA), often fail to consider
interdependencies between services, leading to inefficient resource use. The integration
of machine learning techniques, as discussed by the authors of “Microservices and API
Deployment Optimization using Al” [20], has been proposed as a solution for optimizing
both the deployment and performance of microservices by dynamically adjusting resource
allocation and predicting workload patterns.

Security and API management are additional concerns. As highlighted by
Ierache et al. [21], microservices architectures expose multiple APIs, which can become
a point of vulnerability if not properly secured. The decentralized nature of microser-
vices complicates the implementation of centralized security policies, increasing the risk
of unauthorized access and data breaches. Ensuring robust security measures across all
microservices is critical, but often challenging, as each service operates independently.

Lastly, the lack of specialized skills in microservices architecture can hinder successful
implementation. According to a survey conducted by Baskarada et al. [18], many organiza-
tions face difficulties in acquiring the necessary expertise to manage distributed systems,
DevOps practices, and container orchestration, which are crucial for running microservices
efficiently. This skills gap often leads to misconfigurations, over-complicated architectures,
and operational inefficiencies.

Building new applications from scratch adds additional complexity, especially in
unfamiliar domains where decomposition into meaningful microservices is challenging.
Even proven approaches like Domain-Driven Design (DDD) [6] may fall short, requiring
architects to balance service granularity and minimizing inter-service communication. SEM-
GROMI [11] automates service identification by grouping user stories based on semantic
similarity using natural language processing (NLP). While this approach shows promise in
enhancing microservices design, it encounters challenges with regard to maintaining low
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coupling between services when user stories are ambiguously defined. Approaches such
as GreenMicro [10] and GTMicro [12] aim to enhance service identification by clustering
use cases and related database entities. However, they face challenges when use case
definitions overlap or are ambiguous, which can lead to imprecise service boundaries.

All these problems escalate when building new applications, particularly for new ap-
plication domains or when developers are not familiar with the domain. Decomposing the
domain in meaningful and proper microservices might not be straightforward even when
using proven approaches like DDD [7]. Finding the “correct” microservices (i.e., defining
their proper boundaries) might be even more difficult in Agile approaches [22], since their
incremental and iterative nature makes it difficult to obtain all necessary information at
the beginning of the process; as a consequence, the resulting microservices might become
“smelly” [4].

In this context, we think that personal assistants, using Al concepts and tools, such
as [15] might play an important role helping designers during the process.

3. Related Work

The transition from monolithic systems to microservices has significantly transformed
software architecture, offering flexibility, scalability, and independent deployability. How-
ever, this shift presents challenges such as service decomposition, optimization, and system
adaptability, leading researchers to explore artificial intelligence (AI) techniques to address
these complexities. Several studies have examined the application of Al in microservices,
with a particular focus on service decomposition, performance optimization, and fault
detection.

Li et al. [3]. Presented PFAMD, which enhances service decomposition by combining
problem frames with complexity metrics, allowing architects to visualize dependencies and
make informed decisions. Similarly, CARGO, an Al-guided tool for migrating monolithic
applications to microservices, leverages context-sensitive label propagation to reduce
distributed transactions and improve system performance by minimizing cross-service
communication, thus enhancing throughput and reducing latency [17]. Although CARGO
addresses migration challenges, it concentrates on a particular solution without exploring
the general application of Al in designing new microservices architectures.

Vural et al. [1], in their systematic literature review, highlighted the use of clustering
techniques, such as Word Embeddings and k-Means, to automate the identification of
service boundaries in monolithic codebases. These methods aim to enhance modularity
and maintain service cohesion during the decomposition process. Clustering remains one
of the most widely used machine learning techniques for identifying service candidates and
refining service granularity. However, their review primarily focuses on existing methods
and does not specifically address the use of Al techniques in the design phase for new
software developments.

Building upon NLP techniques, SEMGROMI [11] clusters user stories based on seman-
tic similarity to facilitate microservice identification with improved cohesion and reduced
inter-service coupling. However, its effectiveness depends on the clarity and definition of
the user stories, facing difficulties when boundaries are unclear or ambiguous.

GreenMicro offers an alternative method by clustering related use cases and database
entities to guide microservice identification in greenfield projects, focusing on early design
stages [10].

GTMicro [12] presents a methodology for identifying microservices in greenfield
development by using hierarchical clustering based on functional decomposition of use
cases and their database entities.
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Al’s role in optimizing microservices’ performance, particularly in autoscaling, has
also been extensively studied. Traditional autoscalers, such as the Horizontal Pod Au-
toscaler (HPA), often fail to account for inter-service dependencies, leading to inefficient
resource utilization. Goli et al. [19] proposed Waterfall, an ML-based autoscaling solution
that predicts the necessary replicas for each microservice while considering interdepen-
dencies. This approach outperforms traditional autoscalers, reducing resource waste and
improving system throughput. While this contributes to performance optimization, it
focuses on runtime resource management rather than design methodologies.

In terms of adaptive resource allocation, Alshuqayran et al. [9] identified that machine
learning techniques such as Support Vector Machines (SVMs), reinforcement learning,
and neural networks are frequently employed to dynamically adjust resource allocation,
optimizing both cost and performance. These adaptive techniques are crucial in DevOps
practices, where Al-driven approaches reduce human intervention and enable real-time
decision-making to enhance system resilience and scalability. Their study, however, empha-
sizes operational aspects over the initial design considerations of microservices using AL

Security and fault detection in microservices have also benefited from Al-driven
methods. lerache et al. [21] discussed the use of machine learning for intrusion detection
in software-defined networks (SDNs), which can be adapted to detect anomalous service
behaviors in microservices. This work focuses on enhancing security through Al at the
operational level, not directly addressing the design phase of microservices architectures.

Despite the significant advancements in Al applications for microservices, there are
still notable gaps in the research. Nitin et al. [17] pointed out the lack of empirical stud-
ies assessing the practical impact of Al-driven service decomposition and optimization
techniques. Additionally, more research is needed in areas like security and compliance,
particularly in industries with strict regulatory requirements. The integration of Al in
early design stages, such as architectural decision-making and requirement analysis, also
remains underexplored. Diaz-Pace et al. [15] proposed an LLM-based assistant to help
novice architects in making design decisions, but further validation is required to assess its
effectiveness in real-world scenarios.

Overall, while these studies contribute valuable insights into the application of Al
in microservices, they often focus on specific tools, operational optimizations, or lack
emphasis on the design phase for new software developments. Our systematic literature
review addresses this gap by providing a comprehensive analysis of how Al techniques are
applied specifically in the design of microservices from scratch, highlighting challenges,
benefits, and emerging trends in this area.

4. Research Methodology

This systematic literature review (SLR) follows the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) guidelines [23] to ensure transparency
and rigor in reporting the review process. Additionally, we adopt the stages outlined
by [24] for conducting systematic reviews in software engineering, ensuring comprehensive
coverage of the most relevant research in the field. The review was conducted to identify
and analyze the application of Al techniques in the design—such as the identification
and definition of microservices and their responsibilities—and optimization—such as
performance enhancement and scalability improvements—of microservices architectures.
Our review includes the stages of identification, screening, eligibility, and inclusion of
relevant studies, as outlined in the PRISMA flow diagram (Figure 1).
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1. Define Research 2. Determination 3.1. Screening by
Cuestions of Search Strategy Title and Abstract

5. Extractionand 4. Quality 3.2, Screening by
Analysis Venfication Crteria

Figure 1. Steps in the formulated review protocol.

4.1. Source Selection

We conducted our search across three major academic databases: IEEE Xplore, ACM
Digital Library, and Google Scholar. Google Scholar was included to ensure comprehensive
coverage and to minimize the risk of omitting relevant studies, given its broad indexing of
academic materials. To maintain quality and rigor, strict exclusion criteria were applied,
limiting the selection to peer-reviewed studies and excluding non-peer-reviewed works,
such as white papers or unpublished studies. These databases were selected for their
relevance to software engineering and computer science, as well as their global impact
through highly cited publications. The search was restricted to papers published between
2018 and 2024 to capture recent advances. The starting year of 2018 reflects the emergence
of significant developments in applying Al to microservices design, particularly with the
rise of deep learning techniques and the widespread adoption of microservices in industry.

4.2. Search Strategy

The search strategy employed a combination of Boolean operators and key terms
in English to ensure comprehensive coverage of the topic. The following search string
was used: (“microservices design” OR “microservices architecture” OR “microservices
development” OR “microservice architecture” OR “microservice design” OR “microservices
decomposition” OR “service-oriented architecture”) AND (“artificial intelligence” OR
“machine learning” OR “deep learning” OR “AI” OR “ML” OR “DL” OR “large language
models” OR “LLM").

To ensure precision, the search string was refined using wildcard characters supported
by the selected databases, allowing for the inclusion of term variations. Additionally, stud-
ies focusing exclusively on service-oriented architecture (SOA) without specific references
to microservices were excluded during the selection process.

This search string was applied across the selected databases to retrieve studies that
focus on the intersection of microservices architecture and Al techniques. The search aimed
to capture both theoretical and practical advancements in this area.

4.3. Search Items and Selection Criteria
e Inclusion Criteria:

O Scientific papers that directly address the application of Al in the design, devel-
opment, or optimization of microservices.

O Studies published between 2018 and 2024.

O Peer-reviewed journal articles and conference papers.

O Studies available in English.

e  Exclusion Criteria:

O Papers focusing on service-oriented architecture (SOA) without specific refer-
ence to microservices.



Software 2025, 4, 6

8 of 18

O Articles published before 2018, except for foundational work.
O Non-peer-reviewed articles, white papers, or unpublished studies.
O Studies without empirical data or validation.

4.4. Study Selection Process

After removing 200 duplicate records, 10,621 studies were excluded because their
titles did not align with the scope of this research. Titles were considered irrelevant if they
focused on software engineering topics unrelated to the application of Al techniques for
microservices design, such as testing, maintenance, or runtime performance. For example,
many studies addressed Al in the operational phase of microservices but not during their
design. The screening was conducted manually by the authors, Daniel Narvdez and
Gustavo Rossi, ensuring a rigorous and consistent selection process.

Subsequently, 875 studies were excluded because they did not meet the inclusion
criteria, leaving 117 studies for retrieval. Of these, 20 could not be accessed, resulting in
97 studies being selected for full-text review. During this stage, 54 studies were excluded
because they did not provide sufficient information to answer the research questions. For
instance, some papers discussed Al techniques but lacked a clear focus on their applica-
tion in defining microservice boundaries or decision-making during design. Ultimately,
43 studies met all criteria and were included in the final analysis.

To further enhance the methodological rigor, two widely recognized papers on sys-
tematic review methodologies were deliberately included. Although unrelated to Al or
microservices design, these studies strengthen the transparency and reproducibility of this
review. They do not contribute to the primary analysis or influence the results, serving
only as methodological references.

The selected studies provide insights into Al-driven microservices design, focusing
on service decomposition, architectural decision-making, and optimization techniques.
The PRISMA flow diagram (Figure 2) illustrates the full selection process. A detailed list
of selected studies, including authors, publication dates, and key findings, is publicly
available at https://ing-mat-comp.web.app/ms-and-ai, accessed on 18 October 2024.
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Google Scholar {n = 990)
ACM (n=4269)
Registers (n = 11,811)

!

Records remaoved before screening:

Duplicate records removed (n = 200)
Records removed due to irelevant

tittes (n =10 621}

Records marked as ineligible by

automation tools (n = 0)

Records removed for other reasons

(n=0)

Records screened
(n=1992)

w

Records excluded:
Did not meet inclusion criteria
(n =875)

Reports sought for retrieval

Reports not retrieved
(n=20)
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'
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Did not provide information relevant

to the research guestions (n = 54)

Studies included in review
(n=43)

Figure 2. PRISMA 2020 workflow of the identification, screening, eligibility, and inclusion of the
studies in the systematic review.

5. Results

Our systematic review analyzed 43 studies focused on the application of artificial
intelligence (AI) in microservices design. Al was a key component in all of the studies
(100%), while 53.5% specifically employed machine learning (ML) techniques, such as
clustering algorithms like k-Means and Word Embeddings, to define service boundaries.
Natural language processing (NLP) was used in 32.6% of the studies, primarily to ana-
lyze textual requirements and assist in the identification of microservices. Tools such as
Mono2Micro, PFAMD, GreenMicro, SEMGROMI, and GTMicro were highlighted across
the studies, with an average usage of 1.1 tools per study, reflecting their importance in
automating key design tasks. Furthermore, challenges such as data consistency and dis-
tributed transactions were mentioned in 95.3% of the studies, emphasizing their critical role
in the successful implementation of Al-driven microservices architectures. These findings
illustrate the widespread adoption of Al techniques while highlighting the areas where
further advancements are needed.
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5.1. Overview of Selected Studies

The selected studies apply various Al techniques to different aspects of microservices
design, primarily focusing on service decomposition, system optimization, and architec-
tural decision-making. Many studies concentrate on the initial stages of microservices
adoption, with particular focus on how Al can assist in decomposing monolithic archi-
tectures into microservices. Mono2Micro [25] and PFAMD [3] improve service boundary
definition by employing clustering algorithms and evaluating complexity metrics, facilitat-
ing a smoother transition from monolithic to microservices architectures.

Other studies explore the optimization of microservices systems through machine
learning models that enhance resource allocation and autoscaling. By predicting workload
patterns and dynamically adjusting resources, these models improve system performance
and scalability. Additionally, recent research emphasizes the potential of large language
models (LLMs) in guiding architectural decision-making processes. These works investigate
how Al can support architects by analyzing textual requirements and suggesting design
patterns or architectural solutions, thereby assisting in complex decision-making tasks.

Overall, these studies demonstrate that Al techniques are being applied across various
stages of the microservices design process, from initial decomposition to system optimiza-
tion and architectural planning. While they hold great promise for automating design tasks
and addressing architectural challenges, they also highlight ongoing limitations, particu-
larly in handling distributed transactions and ensuring scalability in large-scale systems.

5.2. Answers to the Research Questions

This systematic review focuses on exploring the application of Al techniques during
the design phase (design time) of microservices architectures, addressing key challenges
such as service decomposition, architectural decision-making, and optimization. While the
primary emphasis is on design-time applications, the review also identifies studies that
address runtime aspects, including autoscaling, fault tolerance, and system monitoring.
These works, although not directly related to design time, are included to provide a
comprehensive view of the broader role of Al in microservices development. This approach
highlights the interconnected nature of design-time and runtime considerations, offering
valuable insights into how Al can support the full lifecycle of microservices architectures.

Q1. What specific Al techniques and methods have been used in the design of
microservices for new software developments?

Throughout the microservices lifecycle, various artificial intelligence (AI) techniques
have been applied to improve the design and optimization of microservices. One of the
most common is machine learning (ML), especially in the context of monolithic system
decomposition into microservices. Techniques like clustering (e.g., k-Means and Word
Embeddings) have been used to automatically identify service boundaries in monolithic ap-
plications [1,3]. Natural language processing (NLP) has also been effective in transforming
textual requirements into formal models and design decisions [13,14]. Mono2Micro [25]
applies Al to analyze application behavior, providing recommendations for partitioning
monolithic systems into microservices. Other approaches include deep learning for self-
adaptive distributed microservices, where reinforcement learning models improve the
system’s efficiency and performance [26]. Additionally, SEMGROMI [11] employs seman-
tic grouping of user stories through NLP to aid in microservice identification, aiming to
enhance service cohesion and minimize inter-service coupling. By leveraging semantic
similarity across user stories, SEMGROMI enables a more automated approach to service
decomposition from textual artifacts, complementing tools like Mono2Micro in refining
service boundaries.
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Advanced techniques such as large language models (LLMs) are being used to assist
architects in making design decisions based on textual descriptions [27]. Furthermore,
the Al-Driven Partitioning Framework provides a dynamic approach for partitioning
monolithic applications by analyzing interdependencies between system components,
making the partitioning process more efficient and adaptable [28]. In addition to these
Al-based methods, GreenMicro [10] offers a clustering approach to identify microservices
from use cases in greenfield development. This method concentrates on grouping related
use cases and database entities during the early design stages. Although GreenMicro does
not directly employ traditional Al techniques, it provides an alternative for initial service
decomposition by using use case clustering to provide guidance. In parallel, GTMicro [12]
utilizes BERT-based deep learning models to analyze use cases in greenfield projects,
focusing on semantic similarity to group related use cases into microservices.

In the context of orchestration and scalability, machine learning techniques such as
Long Short-Term Memory (LSTM) and Bidirectional LSTM (Bi-LSTM) networks have
been applied for workload prediction in distributed microservices, optimizing resource
allocation in cloud environments [29-31].

Q2. What are the main challenges encountered when applying Al techniques to the
design of microservices for new software developments?

The primary challenge identified in integrating Al into microservices design is the
management of data consistency in distributed systems. Microservices architectures, where
each service manages its own data storage, pose synchronization challenges and issues
with eventual consistency. Decomposition tools such as PF4AMD often fail to fully address
these challenges, leaving architects responsible for ensuring consistency across services [3].

Another significant challenge is inter-service communication. In distributed systems,
coordinating distributed transactions is complex, increasing the risk of transaction fail-
ures or latency issues [17,18]. Additionally, integrating Al into microservice monitoring
presents challenges in anomaly detection and identifying issues before they impact system
performance [30,32]. Approaches like the one presented in [33] focus on proactive and
reactive fault tolerance mechanisms, in which real-time monitoring and predictive analytics
based on machine learning can mitigate system failures before they cascade.

Furthermore, the complexity of translating high-level requirements into concrete ser-
vice boundaries can introduce architectural smells, such as over-coupling between services.
While SEMGROMI [11] is advantageous for automating service decomposition using se-
mantic grouping of user stories, it struggles to ensure low coupling and high cohesion
when user stories are not well defined or lack clear boundaries. Although GreenMicro
is not Al-driven, it encounters challenges in establishing service boundaries when use
case definitions are overlapping or unclear, potentially leading to imprecise microservice
delineation [10].

GTMicro [12], utilizing a BERT-based approach to cluster use cases, faces difficulties
in identifying semantically distinct services when textual descriptions are vague or when
there are insufficient training data for the Al models to fully grasp the domain. While
promising for greenfield developments, this method encounters challenges when complex
domain knowledge needs to be integrated into the clustering process.

Al-based autoscaling also faces difficulties when service interdependencies are not ad-
equately considered. Models like Waterfall optimize scaling, but rely on accurate workload
predictions, which may not always reflect real-time system conditions [29]. Sage, a system
proposed in [34], leverages advanced machine learning models like Bayesian Networks
and Graphical Variational Autoencoders to identify performance bottlenecks in complex
microservices architectures. It allows for scalable and practical performance debugging,
which is a key benefit in handling interdependent microservices systems efficiently.
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Q3. What benefits have been reported when using Al in microservices design from
scratch compared to traditional design methodologies that do not employ Al techniques?

The benefits of using Al in microservices design from scratch are numerous and
impactful, particularly when it comes to automating complex tasks and optimizing early
architectural decisions.

Al in the design phase: A key advantage is the automation of service decomposition,
which significantly reduces the time and effort required by architects to identify service
boundaries. Tools such as Mono2Micro and PF4MD enhance the accuracy of decomposi-
tion, minimize manual intervention, and streamline the creation of modular and cohesive
architectures [3,25]. Frameworks like the Al-Driven Partitioning Framework further con-
tribute by dynamically analyzing and recommending efficient partitions. Although initially
developed to support the migration of monolithic systems to microservices, these frame-
works offer principles—such as dependency analysis and modular decomposition—that
are equally beneficial for designing microservices in greenfield projects, enabling architects
to achieve optimized service granularity and improved modularity [28].

Al in the runtime phase: Another advantage lies in addressing runtime challenges
through design. For example, Al-driven designs can incorporate features that enhance
runtime scalability and resilience. Al-based autoscaling techniques, which dynamically
adjust resources to maximize efficiency, demonstrate how foundational design decisions
enable microservices to handle real-time demands more effectively [29,35]. Similarly,
fault tolerance mechanisms benefit from Al-enhanced designs, as machine learning mod-
els proactively detect and manage failures, reducing downtime and improving system
resilience [33]. Furthermore, predictive analytics and real-time monitoring data inform
these designs, allowing architects to anticipate and mitigate potential operational issues
during the early stages of planning [36,37].

These benefits demonstrate the dual role of Al in microservices: as a tool for automat-
ing and enhancing the design process, and as a foundation for long-term runtime scalability,
fault tolerance, and cost optimization. By integrating Al-driven approaches, architects can
achieve modular, scalable, and resilient architectures that reflect the value of informed
design decisions.

Q4. What are the emerging trends in the research on using Al for microservices
design in new software developments?

Emerging trends in Al research for microservices design highlight innovative tech-
niques and tools that enhance the architectural process for new software developments.
One notable trend is the use of generative Al models, such as large language models (LLMs),
which assist architects in automating complex design tasks. These models can generate
architectural patterns, recommend service decompositions, and suggest alternative system
configurations based on existing design knowledge [38]. For instance, they enable architects
to explore various communication protocols or identify optimal microservice boundaries
tailored to specific project requirements, significantly reducing manual effort and improv-
ing design consistency. In line with this, recent work [39] demonstrates a prompt pattern
sequence approach that harnesses generative Al to assist in software architecture decision-
making. Moreover, studies such as [40,41] underscore the importance of effective prompt
engineering, illustrating that well-crafted prompt patterns can significantly enhance the
reliability and applicability of Al-generated outputs in architectural contexts.

Another critical trend is the integration of deep learning and reinforcement learning
techniques for optimizing the adaptability and scalability of microservices. These methods
are increasingly used to refine resource allocation and improve system performance in
distributed environments. By learning from iterative feedback, these models adapt to
real-time conditions, ensuring robust and flexible system designs [26,42]. This trend is
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particularly valuable for addressing scalability challenges in greenfield projects, where
workload patterns may be unpredictable [1].

Frameworks like the Al-Driven Partitioning Framework demonstrate how automation
of partitioning processes has become essential for both migration and greenfield strategies.
While initially designed for monolithic to microservices transitions, their principles are
increasingly relevant for designing new systems, enabling precise service granularity and
optimized architectures [28].

The use of machine learning models to predict workloads and enable dynamic au-
toscaling is also gaining attention. Techniques such as these allow microservices systems to
adjust their resource allocation in real time, optimizing performance and reducing opera-
tional costs. For instance, studies such as [43] highlight the role of online machine learning
in resource provisioning, showcasing its potential to enhance scalability and efficiency in
distributed environments.

The role of Al in documenting and analyzing architectural decisions has also gained
traction. Research emphasizes structured decision documentation, where Al tools auto-
mate the analysis of trade-offs and suggest configurations aligned with project goals. For
example, the use of decision space analysis supports scalable APl management and ensures
maintainability in complex microservices architectures [44]. These approaches not only
enhance decision-making but also establish a repository of reusable architectural patterns,
facilitating the design of future systems.

Additionally, Al-driven tools continue to innovate in areas such as service decomposi-
tion and fault tolerance. Techniques that combine problem frames with complexity analysis
enable more granular decomposition strategies, reducing inter-service communication and
improving maintainability [3]. Similarly, the integration of real-time monitoring data with
Al models provides architects with actionable insights, bridging the gap between design
and runtime. For instance, data from execution traces and system logs help identify poten-
tial bottlenecks or high-coupling areas that can inform refined service boundaries [30,31,37].

These trends underscore a paradigm shift in how Al is applied to microservices design.
By combining advanced learning models with decision-making frameworks, researchers
and practitioners are redefining the possibilities of scalable, adaptable, and efficient archi-
tectures for new software developments.

Q5. What specific artifacts, such as textual requirements, source code, or design
diagrams, are used as inputs when applying Al techniques in microservices design?

Al techniques applied in microservices design primarily rely on artifacts that pro-
vide structured and unstructured information about system requirements and architecture.
Textual requirements, such as user stories, software specifications, or functional descrip-
tions, are critical inputs. Tools like Mono2Micro analyze these artifacts using natural
language processing (NLP) to extract meaningful information and propose decomposition
strategies [25]. Similarly, SEMGROMI employs semantic grouping of user stories to identify
microservices, enhancing cohesion and reducing coupling [11].

For greenfield projects, use case descriptions and domain-specific entities are fre-
quently leveraged. Tools like GreenMicro and GTMicro cluster these artifacts into meaning-
ful microservices, enabling structured designs in scenarios where domain knowledge is
limited [10,12]. Despite their utility, challenges arise when textual artifacts are ambiguous
or incomplete, which can impact the precision of service boundaries.

Formal models, such as UML diagrams and architectural design documents, are also
crucial in tools like PFAMD, which integrate these models with complexity metrics to
optimize service partitioning [3,25]. These models provide structured representations that
Al tools can analyze to guide early-stage design decisions. Architectural patterns like CQRS
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and SAGA further serve as templates for orchestrating microservices and maintaining
consistency [35].

While studies have primarily focused on design, some studies suggest that runtime
data—such as execution traces and performance metrics—can inform design refinement.
These artifacts provide insights into system behavior, such as identifying bottlenecks or
high coupling, which can guide architects in optimizing service boundaries and improving
scalability [30,32,45]. However, their role remains secondary to primary design artifacts.

Generative Al tools further extend the utility of design artifacts by incorporating his-
torical architectural knowledge and patterns. These tools support architects in automating
design processes, ensuring consistency, and bridging gaps in manual expertise [38].

5.3. Discussion

The reviewed studies demonstrate that Al is playing an increasingly critical role in
the design and optimization of microservices. These tools showcase how Al can automate
complex tasks like service decomposition and system performance optimization, reducing
the cognitive load on architects and developers. SEMGROMI, in particular, offers an
innovative approach by leveraging semantic grouping of user stories, addressing challenges
related to service cohesion and inter-service coupling in ways that traditional methods
struggle to achieve.

At the same time, the incorporation of Al in microservices exposes persistent chal-
lenges that are yet to be fully resolved. Managing distributed transactions, ensuring data
consistency across services, and defining precise service boundaries remain intricate tasks,
especially when input artifacts such as user stories or use cases are poorly defined. Ap-
proaches like GreenMicro, which focus on clustering use cases in greenfield development,
add value to early-stage design processes but require clearer guidance when addressing
ambiguous or overlapping use cases.

Moreover, recent trends, such as the use of generative Al models like large language
models (LLMs), highlight new opportunities in microservices design. These models
can assist architects by providing actionable recommendations for service decomposi-
tion and suggesting alternative architectural patterns based on textual inputs. However,
their practical application in real-world scenarios remains limited and requires further
empirical validation.

Al’s role in performance optimization through autoscaling mechanisms, as seen in
models like Waterfall, reveals its potential in dynamic resource management. Similarly,
integrating real-time data, such as execution traces or system logs, with Al models allows
for continuous refinement of service boundaries and improved scalability. However,
the scalability and robustness of these solutions in real-time environments still require
additional validation to ensure effectiveness under unpredictable workloads and inter-
service dependencies.

Although Al-driven tools have made significant strides, there remain notable gaps
in handling non-functional requirements such as security, fault tolerance, and compliance.
Current research has largely focused on functional decomposition, while critical aspects
like ensuring system resilience under failure conditions are underexplored. Future efforts
must integrate non-functional requirements into Al-based design tools to achieve more
holistic microservices architectures.

To provide a clearer comparative overview of these emerging trends, Table 1 sum-
marizes the key techniques currently explored, their applications in microservices design,
their advantages, and their limitations.
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Table 1. Comparison of emerging Al techniques in microservices design.

Technique/Model Application Advantages Limitations

Analyzes historical

el ot ot complx g 41 gty o
Generative AI/LLMs q tasks; provides multiple y P yr

generate design
recommendations and
propose decompositions.

design options.

needs domain-specific
fine-tuning.

Deep Learning for
Autoscaling

Predicts workload patterns
and dynamically adjusts
resource allocation in
distributed microservices.

Enhances performance;
minimizes manual
intervention; adapts to
dynamic loads.

Requires extensive training
data; may struggle with
unforeseen scenarios.

Reinforcement Learning
for Resource Allocation

Optimizes real-time
resource allocation and
improves fault tolerance by
continuously learning from

Continuously improves
performance; adapts to
changing conditions.

Complexity in modeling;
potential training
instability; requires careful
reward design.

operational feedback.

Hybrid Models
(Traditional + AI)

Combines rule-based
architectural decision
frameworks with
Al-driven insights to
support both design and
runtime optimization.

Integrates strengths of
traditional methods and
data-driven approaches.

Increases overall system
complexity; poses
integration challenges.

These trends signal a paradigm shift in microservices design, from static, rule-based
approaches to dynamic, data-driven, and generative methodologies. However, further em-
pirical validation and interdisciplinary research are necessary to fully harness the potential
of these emerging techniques in practical, large-scale deployments.

The findings suggest that while AI has the potential to transform microservices de-
sign, a more comprehensive approach is needed—one that combines Al’s strengths in
automation with careful consideration of architectural and operational complexities. The
development of frameworks capable of addressing both functional and non-functional re-
quirements, as well as adapting to evolving scenarios, will be critical for the next generation
of microservices design tools.

6. Threads to Validity

Several threats to the validity of this review must be acknowledged. First, the search
strategy may have missed relevant studies that were not indexed in the selected databases or
were published outside the chosen timeframe, potentially limiting the comprehensiveness
of the review. Additionally, the exclusion of non-English studies may have restricted the
scope by omitting relevant research published in other languages. The selection process also
introduces a potential bias, as the criteria used to assess the relevance of studies may have
inadvertently excluded valuable insights. Moreover, the quality of the studies included
in the review was not formally assessed, which may affect the overall reliability of the
findings. Finally, the rapidly evolving nature of both microservices architecture and Al
techniques means that the findings of this review may quickly become outdated as new
research continues to emerge.

7. Conclusions

This systematic literature review has underscored the significant potential of artificial
intelligence (AI) in addressing the inherent complexities in microservices design. Al-driven
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tools such as Mono2Micro and PF4AMD have shown substantial promise by automating
critical processes like service decomposition, resource scaling, and fault detection. These
advancements reduce manual intervention, improve system performance, and enhance
the scalability and reliability of microservices architectures. Additionally, newer tools like
SEMGROMI, GreenMicro, and GTMicro have further expanded the landscape by incorpo-
rating semantic grouping and clustering techniques to identify microservices from textual
artifacts or use cases, providing valuable assistance in greenfield development scenarios.

However, significant challenges remain. Managing distributed transactions, ensur-
ing data consistency, and addressing inter-service communication remain complex tasks,
especially in large-scale, distributed environments. The precision of Al-driven service
decomposition is still influenced by the quality and clarity of input artifacts, such as user
stories or use case descriptions, which can lead to poorly defined service boundaries if
ambiguities are present. While Al has made strides in optimizing these areas, it has not fully
resolved intricate issues related to fault tolerance, security, and real-time decision-making
in microservices architectures.

Emerging trends, such as the use of generative Al models for architectural decision-
making and the integration of deep learning techniques for scalability optimization, hold
great promise. Tools like GTMicro, which employ deep learning models to analyze use
cases, offer novel approaches for early-stage service decomposition in greenfield projects,
enhancing the overall design process. These developments signal a future where Al will
not only automate routine design tasks but also drive innovation in system architecture,
pushing the boundaries of what is possible in microservices design.

To fully leverage Al’s potential in microservices design, future research should focus
on refining Al models for more seamless integration into real-world systems, particularly
addressing challenges like distributed data management, security, and compliance. Addi-
tionally, it is crucial to further investigate how Al-driven tools can handle non-functional
requirements, such as system resilience and fault tolerance, which are critical for maintain-
ing robust and secure microservices systems. Empirical studies are also needed to validate
the effectiveness of Al tools across diverse industry applications and ensure their scalability
in large, complex systems.

As the field continues to evolve, Al is poised to become an indispensable component
in the toolkit of software architects and developers working with microservices, driving
both the automation and innovation of microservices design.
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