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ABSTRACT

Software architecture plays a critical role in determining the performance, maintainability, and scalability of
software systems. However, selecting an appropriate architecture is often a challenging task due to the
complexity and variety of software requirements. This paper explores the application of artificial intelligence
(Al) techniques to automate the recommendation of software architectures based on project-specific
requirements. We present a framework that leverages machine learning algorithms, knowledge-based systems,
and pattern recognition to suggest optimal architectural styles and patterns. The approach is evaluated on
multiple case studies to demonstrate its effectiveness, accuracy, and potential to reduce development time while
improving system quality. The results highlight the promise of Al-driven tools in assisting software architects
and developers in making informed design decisions.
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1. INTRODUCTION

1.1. Importance of software architecture in modern software development

Software architecture serves as the backbone of any software system, defining the
fundamental structure, components, and interactions that determine how a system functions and
evolves over time. In modern software development, where applications are expected to be scalable,
maintainable, and robust, architecture plays a crucial role in ensuring that the system can meet
current and future requirements. A well-designed architecture enables efficient communication
between components, supports performance optimization, facilitates integration with other systems,
and reduces technical debt. Moreover, with the increasing complexity of software systems —ranging
from enterprise applications to cloud-native and microservices-based solutions—architecture
provides a roadmap that guides developers, testers, and stakeholders in building reliable, high-
quality systems. Without proper architectural planning, software projects risk poor maintainability,
unanticipated performance bottlenecks, and increased development costs.

1.2. Challenges in selecting appropriate architectures

Selecting the right software architecture is a complex and often subjective task. Developers
and architects must consider numerous factors, including functional requirements, non-functional
requirements such as scalability, performance, and security, as well as business constraints like
budget, timeline, and team expertise. The diversity of available architectural styles, such as
microservices, layered, event-driven, or client-server, further complicates the decision-making
process. Each style has its own trade-offs and suitability for specific types of applications.
Additionally, rapidly changing requirements in agile and continuous delivery environments make it
difficult to finalize an architecture early in the development cycle. Traditional methods for
architecture selection often rely on human expertise and experience, which may introduce biases,
inconsistencies, and errors. This complexity underscores the need for systematic, data-driven
approaches to recommend architectures that align with both technical and business goals.

1.3. Motivation for Al-based recommendations

Artificial intelligence offers a promising solution to the challenges of architecture selection by
automating the process of analyzing project requirements, mapping them to suitable architectural
patterns, and predicting potential trade-offs. Al-driven recommendations can leverage historical
data, patterns from existing successful projects, and machine learning algorithms to provide
informed suggestions for software architecture. This approach can help reduce human biases, save
development time, and enhance the overall quality of the system. By automating part of the decision-
making process, Al enables software architects to focus on higher-level strategic decisions and
validation rather than manually evaluating every architectural option. The motivation for integrating
Al into architecture recommendation is therefore to create a system that can handle complexity,
adapt to varying requirements, and provide reliable guidance for both new and evolving software
projects.

Automated Software Architecture Recommendation Using Al
Dr. Rohit Malhotra & Dr. Sneha Banerjee

02



A
WCRG

o st ISSN: 3142-788X
PP: 01-10.

1.4. Paper objectives and contributions

This paper aims to explore and present an Al-based framework for automated software
architecture recommendation. The primary objectives are to design a system that can analyze project-
specific requirements, leverage knowledge of architectural patterns, and provide accurate
recommendations tailored to a project’s constraints and goals. The contributions of this work include
the conceptual design of a recommendation framework, integration of machine learning and
knowledge-based techniques for architectural decision-making, and validation through case studies
or experimental evaluations. Additionally, this research highlights how Al can improve the software
development process by reducing reliance on subjective decision-making and providing actionable
insights into architecture selection.

2. BACKGROUND AND RELATED WORK
2.1. Overview of software architecture styles and patterns (MVC, microservices, layered, event-
driven, etc.)

Software architecture encompasses a variety of styles and patterns that guide the organization
of a system’s components and their interactions. Common architectural styles include Layered
Architecture, which separates concerns into distinct layers to enhance maintainability and flexibility;
Microservices Architecture, which structures applications as loosely coupled, independently
deployable services to improve scalability and fault isolation; Event-Driven Architecture, which uses
events to trigger communication between decoupled components, supporting real-time processing
and responsiveness; and Model-View-Controller (MVC), which separates user interface logic from
business logic to promote modularity and ease of testing. Each pattern addresses specific design
challenges and is suited to particular types of applications. Understanding the characteristics,
advantages, and limitations of these architectures is essential for making informed recommendations.

2.2. Traditional approaches for architecture selection

Traditionally, architecture selection has relied heavily on expert knowledge and manual
analysis. Architects typically examine requirements documents, stakeholder goals, and system
constraints to select an architecture style that they deem most appropriate. Techniques such as
scenario-based analysis, quality attribute workshops, and architectural trade-off analysis methods
(ATAM) are commonly used to evaluate potential architectures. While effective in certain contexts,
these approaches are often time-consuming, subjective, and dependent on the availability of
experienced architects. They also struggle to scale when dealing with complex or large-scale systems
where numerous architectural options and trade-offs exist.

2.3. Existing Al-based approaches in software engineering

In recent years, Al and machine learning have been applied to various aspects of software
engineering, including bug prediction, code generation, requirements analysis, and architecture
recommendation. Existing Al-based approaches for software architecture include the use of
classification algorithms to map project requirements to suitable architectural patterns, knowledge-
based systems that encode architectural rules and best practices, and reinforcement learning methods
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that optimize architectural decisions based on feedback from simulations or historical projects. These
approaches aim to reduce reliance on human intuition, improve decision consistency, and accelerate
the architecture selection process. Despite these advancements, most existing methods are limited in
scope, often addressing only specific types of systems or relying on small datasets.

2.4. Gaps and limitations in current research

Despite promising results, current research on Al-based architecture recommendation has
several limitations. Many approaches do not adequately account for multi-criteria decision-making,
where trade-offs between performance, scalability, security, and maintainability must be balanced.
Existing systems often rely on curated datasets that may not reflect real-world diversity or evolving
project requirements. Furthermore, integration of Al recommendations into actual software
development workflows is limited, reducing practical applicability. These gaps highlight the need for
more comprehensive frameworks that combine machine learning, knowledge-based reasoning, and
decision support mechanisms to provide reliable, adaptable, and actionable architecture
recommendations.

3. PROBLEM DEFINITION

3.1. Definition of the architecture recommendation problem

The architecture recommendation problem can be defined as the task of automatically
suggesting suitable software architectures for a given project based on its functional and non-
functional requirements, constraints, and objectives. It involves analyzing the project’s characteristics,
matching them with known architectural patterns and best practices, and providing ranked
recommendations that maximize the system’s performance, maintainability, and scalability. The goal
is not to replace human architects but to assist them in making more informed and data-driven
decisions, reducing the effort and subjectivity involved in architecture selection.

3.2. Inputs (requirements, constraints, non-functional requirements)

The inputs to the recommendation system typically include detailed functional requirements
that describe what the system should do, non-functional requirements such as performance, security,
reliability, and maintainability, as well as project-specific constraints like budget, timeline,
technology stack, and team expertise. These inputs provide the necessary context for the system to
evaluate architectural alternatives and identify solutions that align with both technical and business
objectives. Proper representation of these inputs is crucial, as the accuracy and relevance of the
recommendations depend on the quality and completeness of the input data.

3.3. Expected outputs (recommended architecture styles, trade-offs)

The expected outputs of the system are a set of recommended architectural styles or patterns,
often ranked based on suitability for the given project. Each recommendation may include an
analysis of trade-offs, highlighting strengths and weaknesses with respect to specific quality
attributes. For instance, a microservices architecture may be recommended for scalability and fault
tolerance but may incur additional complexity in deployment and communication overhead.
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Providing such insights allows architects to make informed decisions, balancing competing
requirements and selecting an architecture that best fits the project’s needs.

3.4. Challenges (diversity of projects, dynamic requirements, multi-criteria decision making)

The architecture recommendation problem is complicated by several challenges. Projects vary
widely in domain, scale, and complexity, making it difficult to create a one-size-fits-all solution.
Requirements are often dynamic, evolving throughout the development lifecycle, which necessitates
adaptable recommendations. Additionally, architecture selection involves multi-criteria decision-
making, requiring trade-offs between conflicting goals such as performance, cost, scalability, and
maintainability. Handling these challenges requires a system that is flexible, data-driven, and capable
of reasoning about multiple factors simultaneously.

4. PROPOSED AI-BASED FRAMEWORK

4.1. Overall architecture of the recommendation system

The proposed Al-based architecture recommendation system is designed as a modular
framework that integrates requirement analysis, knowledge-based reasoning, machine learning, and
decision support components. At a high level, the system takes project requirements and constraints
as input, processes them through an Al engine that evaluates suitable architectural patterns, and
outputs a ranked list of recommendations. The system is intended to be adaptive, learning from
historical projects and feedback to improve future recommendations. Its modular design ensures
scalability, allowing additional Al techniques or architectural styles to be incorporated as needed.

4.2. Components
4.2.1. Requirements analysis module

The requirements analysis module is responsible for parsing, interpreting, and formalizing
both functional and non-functional requirements. This module may use natural language processing
(NLP) techniques to extract key features from textual requirements and transform them into
structured data. It also identifies dependencies, constraints, and quality attributes critical to
architecture selection. By converting unstructured requirements into a standardized format, this
module ensures that the Al engine can accurately evaluate architectural alternatives.

4.2.2. Knowledge base of architectures and patterns

The knowledge base stores information about architectural styles, patterns, and design
principles, along with their strengths, weaknesses, and suitability for different scenarios. It can
include historical data from previous projects, documented best practices, and expert rules. This
knowledge base acts as a reference for the Al engine, providing context for pattern matching and
trade-off analysis. By incorporating both empirical and expert knowledge, the system can generate
recommendations that are grounded in proven architectural practices.
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4.2.3. Machine learning / Al module for recommendation

The AI module applies machine learning algorithms to map project requirements to potential
architectures. Supervised learning methods can classify projects based on historical data, while
unsupervised learning may identify similarities between new and existing projects. Reinforcement
learning or hybrid approaches can be used to optimize recommendations based on feedback. The
module evaluates multiple candidate architectures, scores them according to suitability, and
considers trade-offs between competing quality attributes. This approach allows the system to
provide evidence-based, adaptive recommendations.

4.2.4. Decision support and ranking mechanism

The decision support module ranks the recommended architectures based on predefined
criteria, such as alignment with functional requirements, non-functional performance, and project
constraints. It may also present trade-off analyses, highlighting potential advantages and drawbacks
of each recommendation. This helps software architects understand the reasoning behind the
suggestions and make informed decisions, integrating Al insights with human expertise.

4.3. Data sources and representation (case studies, open-source repositories)

To train and validate the Al module, the system relies on diverse data sources, including case
studies from industry projects, open-source repositories, and academic datasets. Requirements,
architectural patterns, and project outcomes are extracted, standardized, and stored in structured
formats suitable for machine learning. Rich and diverse data enables the system to learn generalized
patterns, improving the accuracy and relevance of its recommendations across different project types
and domains.

5. MACHINE LEARNING AND AI TECHNIQUES USED
5.1. Supervised learning (e.g., classification models)

Supervised learning is a fundamental Al technique in which models are trained on labeled
datasets, allowing them to learn the mapping between input features and desired outputs. In the
context of software architecture recommendation, supervised learning can classify projects into
categories corresponding to suitable architectural patterns based on historical data. For example,
features such as the number of modules, expected load, and security requirements can be used to
predict whether a project is best suited for a layered, microservices, or event-driven architecture.
Common algorithms include decision trees, support vector machines, and neural networks. The
advantage of supervised learning is its ability to produce highly accurate predictions when a large,
well-labeled dataset of prior projects is available, thereby providing data-driven guidance to software
architects.

5.2. Unsupervised learning (e.g., clustering similar projects)

Unsupervised learning is used when labeled datasets are unavailable or incomplete.
Techniques such as clustering or dimensionality reduction help group projects with similar
characteristics or identify hidden patterns in requirements and constraints. In architecture
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recommendation, clustering can reveal which types of projects naturally align with certain
architectural patterns. For instance, projects with high concurrency requirements might cluster
together and be associated with event-driven or microservices architectures. Unsupervised learning
is particularly useful for exploratory analysis, discovering trends in project data, and providing
recommendations for novel or previously unseen project types.

5.3. Reinforcement learning (optional, for adaptive recommendations)

Reinforcement learning (RL) provides a dynamic approach to architecture recommendation
by enabling the system to learn through feedback and adapt its suggestions over time. In this context,
an RL agent can propose architectural decisions, observe their outcomes in terms of performance,
maintainability, or developer satisfaction, and iteratively improve future recommendations. The
reward function can be designed to balance trade-offs between different quality attributes,
encouraging the system to prioritize architectures that optimize overall project success. Although
more complex to implement than supervised or unsupervised approaches, RL allows for continuous
learning and adaptation, making it suitable for evolving software projects where requirements may
change dynamically.

5.4. Knowledge-based reasoning and rule-based systems

Knowledge-based systems utilize expert knowledge, architectural rules, and design heuristics
to guide recommendations. These systems encode best practices, constraints, and quality trade-offs in
a structured format, allowing the Al engine to reason about architecture suitability. Rule-based
reasoning can capture explicit design rules, such as '"use microservices for highly scalable,
independent modules" or "layered architecture is preferable for tightly coupled, monolithic
applications." Combining human expertise with computational reasoning ensures that the system can
provide recommendations that are explainable, interpretable, and aligned with real-world
architectural practices, complementing purely data-driven machine learning models.

5.5. Hybrid approaches

Hybrid approaches integrate multiple Al techniques to leverage the strengths of each. For
example, a hybrid system might use supervised learning to classify projects, unsupervised learning to
identify emerging patterns, and a knowledge-based system to enforce architectural constraints and
rules. Such approaches can handle the complexity and diversity of software projects more effectively
than any single technique, providing robust and adaptive recommendations. Hybrid systems also
offer flexibility, allowing architects to incorporate domain knowledge and historical project data
while benefiting from machine learning’s predictive capabilities.

6. EVALUATION AND EXPERIMENTS
6.1. Dataset description
Evaluating an Al-based architecture recommendation system requires a comprehensive and
representative dataset. The dataset typically consists of past software projects, their functional and
non-functional requirements, applied architectural styles, and outcomes such as performance metrics
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and maintainability ratings. Data can be collected from open-source repositories, industrial case
studies, or academic datasets. Each entry should include structured attributes such as project size,
complexity, team experience, and key quality metrics, ensuring the Al module can learn patterns
effectively. A well-curated dataset is critical for both training models and validating their predictions.

6.2. Experimental setup

The experimental setup defines how the Al system is tested and validated. This involves
splitting the dataset into training and testing subsets, selecting suitable algorithms for supervised,
unsupervised, or hybrid learning, and implementing evaluation protocols. Experiments may
simulate real-world scenarios where a new project’s requirements are input into the system to
observe the recommended architectures. Parameters such as model hyperparameters, clustering
thresholds, and scoring mechanisms are carefully tuned to ensure fair and reliable evaluation. A
controlled environment ensures reproducibility and enables meaningful comparisons between Al-
driven recommendations and traditional methods.

6.3. Evaluation metrics (accuracy, precision, recall, developer satisfaction, time saved)

To assess the effectiveness of the recommendation system, multiple evaluation metrics are
used. Accuracy, precision, and recall measure how well the predicted architectures align with actual
successful architectures from historical data. Developer satisfaction evaluates whether the
recommendations are practically useful and easy to adopt in real projects, often measured through
surveys or feedback from practitioners. Time saved quantifies efficiency gains in the architecture
selection process, showing the system’s potential to reduce manual analysis and decision-making.
Using a combination of objective and subjective metrics provides a holistic assessment of both
technical performance and practical usability.

6.4. Results and analysis

The results section presents the findings from experiments, highlighting how the AI system
performs under different conditions. Comparative analyses show whether machine learning or
hybrid approaches outperform rule-based methods or traditional manual selection. Trade-off
analyses illustrate how the system balances multiple quality attributes, such as performance versus
maintainability. Visualizations like confusion matrices, accuracy graphs, or clustered project maps
can be included to support insights. The analysis demonstrates the system’s strengths, limitations,
and potential improvements, providing evidence for the benefits of Al-driven architecture
recommendations.

6.5. Case studies or example scenarios

Case studies or example scenarios illustrate the practical application of the system in real-
world projects. For instance, a medium-sized e-commerce platform may be evaluated to see if the
system recommends a microservices architecture to improve scalability and deployment flexibility.
Another case could involve a monolithic enterprise application, where a layered architecture is
suggested for maintainability. These examples help contextualize the recommendations, show how
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trade-offs are managed, and provide qualitative evidence of the system’s usefulness to software
development teams.

7. DISCUSSION
7.1. Insights from the experiments
The experiments reveal important insights regarding the feasibility and effectiveness of Al-
driven architecture recommendation. For example, supervised learning models often excel when
historical project data is abundant, while unsupervised methods are useful for discovering patterns
in novel project types. Hybrid approaches generally provide the most robust recommendations by
combining predictive power with expert knowledge. The findings also highlight common pitfalls,
such as the need for high-quality datasets, the challenge of capturing evolving requirements, and the
importance of interpretable recommendations for user trust.

7.2. Comparison with traditional manual architecture selection

Compared to manual architecture selection, Al-driven recommendations offer several
advantages, including faster decision-making, reduced cognitive load, and consistency in evaluating
trade-offs. Traditional methods rely heavily on the architect’s experience, which can lead to
variability and potential biases. Al systems can provide evidence-based guidance, drawing on
patterns from numerous past projects, which complements human intuition. However, Al is not a
complete replacement, as human judgment remains essential for interpreting recommendations,
handling novel scenarios, and validating decisions.

7.3. Benefits and limitations of the proposed approach

The proposed AI framework offers multiple benefits, such as improved efficiency,
adaptability, and support for multi-criteria decision-making. It can handle complex project
requirements, provide ranked architecture options, and incorporate both data-driven and
knowledge-based insights. Limitations include dependence on dataset quality, potential biases in
training data, and challenges in capturing rapidly evolving or highly unique project requirements.
Furthermore, some Al methods, like reinforcement learning, may require extensive training and
computational resources.

7.4. Practical implications for software development teams

For software development teams, Al-based architecture recommendation tools can serve as
decision support systems, reducing time spent on architectural analysis and improving design
consistency. They enable teams to make informed choices about architecture early in the
development lifecycle, leading to better performance, maintainability, and scalability. Additionally,
such tools foster knowledge sharing, as insights from past projects and expert rules are embedded
into the system. By combining Al recommendations with human oversight, teams can achieve higher
productivity and lower risk of architectural misalignment.

Automated Software Architecture Recommendation Using Al
Dr. Rohit Malhotra & Dr. Sneha Banerjee

9



Ju Pl ISSN: 3142-788X
PP: 01-10.

8. CONCLUSION AND FUTURE WORK

8.1. Summary of contributions

This paper presents an Al-based framework for automated software architecture
recommendation, integrating machine learning, knowledge-based reasoning, and decision support
mechanisms. The framework addresses the challenges of architecture selection, including complex
requirements, multi-criteria trade-offs, and evolving project constraints. Through experiments and
case studies, the system demonstrates its ability to provide accurate, actionable, and interpretable
recommendations that complement human expertise.

8.2. Potential improvements (incorporating feedback loops, real-time adaptation, scalability)
Future enhancements could include incorporating feedback loops, allowing the system to
learn continuously from project outcomes and developer evaluations. Real-time adaptation to
changing requirements, integration with DevOps pipelines, and support for large-scale, distributed
projects could further increase applicability. Additionally, expanding the knowledge base and
training datasets would improve recommendation accuracy and generalizability across domains.

8.3. Future research directions

Future research could explore deeper integration of Al techniques, such as combining
reinforcement learning with knowledge graphs to optimize architectural trade-offs dynamically.
Studies could investigate cross-domain applicability, handling multi-stakeholder requirements, and
improving interpretability for complex recommendations. Research may also focus on developing
standard benchmarks for architecture recommendation systems to enable consistent evaluation and
comparison.
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