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ABSTRACT: The evolution of legacy software systems presents an ongoing challenge for software 

engineering due to aging architectures, lack of documentation, and the increasing need for modular, 

maintainable, and scalable systems. This research examines the integration of machine learning-assisted 

techniques in the modularization of legacy systems, particularly through service boundary detection, as a 

means to support modernization efforts. By analyzing the convergence of traditional software refactoring 

approaches, automated service identification, and contemporary frameworks for legacy system assessment, 

this study situates machine learning as a transformative tool within legacy software evolution. The 

investigation begins with a theoretical foundation of legacy system characteristics and the historical 

progression of modernization strategies, emphasizing the limitations of manual refactoring and the benefits 

of intelligent automation. Methodologically, the study employs a detailed qualitative and conceptual 

framework derived from empirical literature, including case studies, expert surveys, and comparative 

analyses of software modularization techniques. The results are interpreted descriptively, highlighting the 

ability of machine learning models to identify latent service boundaries, reduce coupling, and improve 

system maintainability while ensuring functional integrity. The discussion synthesizes these findings with 

broader theoretical debates on software engineering practices, including cost-benefit considerations, risk 

management, and organizational adoption of AI-assisted techniques. Limitations are acknowledged 

concerning model generalizability and domain specificity, and recommendations for future research 

include cross-domain validation, integration with service-oriented architecture migration, and the 

development of explainable machine learning models for practitioner trust. This comprehensive study 

establishes a foundation for integrating artificial intelligence into legacy system modernization, positioning 

machine learning as a critical enabler for sustainable software evolution. 
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INTRODUCTION 

 

Legacy software systems constitute a critical component of contemporary enterprise operations, often 

underpinning essential services and organizational processes that have evolved over decades (Bennett, 

1995). These systems, while historically successful, pose significant challenges due to outdated 

architectures, limited documentation, and high technical debt. The maintenance and modernization of 

legacy software are therefore central concerns for organizations seeking to maintain operational efficiency, 

adaptability, and alignment with emerging technological paradigms (Alkazemi, 2014; Seacord et al., 2003). 

Traditional approaches to software modernization have emphasized manual refactoring, code restructuring, 

and incremental redesign. While effective in theory, these methods are constrained by the cognitive and 

operational limitations of human engineers, particularly when confronted with large-scale, complex, and 

poorly documented legacy codebases (Khadka et al., 2014). 

Recent advances in machine learning have introduced the potential for automated and semi-automated 
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approaches to software refactoring and modularization. Specifically, machine learning-assisted service 

boundary detection offers a means to identify coherent functional clusters within legacy systems, 

facilitating the migration toward modular or service-oriented architectures (Hebbar, 2022). By leveraging 

patterns within code structure, runtime behavior, and inter-component dependencies, machine learning 

models can systematically detect service boundaries that might elude manual inspection, thereby reducing 

coupling and enhancing maintainability (Almonaies et al., 2010). This capability is particularly significant 

given the increasing organizational emphasis on agility, scalability, and responsiveness to technological 

change, which demand software systems that can be easily modified, extended, and integrated with 

contemporary platforms (Distante et al., 2006; Stroulia et al., 2002). 

The conceptual underpinnings of this study rest upon a confluence of legacy system theory, service-oriented 

architecture, and AI-assisted software engineering. Legacy systems are typically characterized by high 

interdependency among components, monolithic structures, and evolving feature sets that reflect 

incremental patches rather than systematic design (Bennett, 1995; Seacord et al., 2001). The modularization 

of these systems, whether through object-oriented refactoring or service-oriented decomposition, requires 

not only technical analysis but also an understanding of the domain, business rules, and user interactions 

that underpin the system (Raksi, 2017; Jha, 2014). Machine learning introduces a novel methodological 

lens for addressing these requirements by detecting latent patterns, predicting cohesion and coupling, and 

suggesting refactoring candidates based on empirical evidence rather than solely on expert judgment 

(Hebbar, 2022). 

Historical approaches to legacy system modernization have evolved through distinct phases. Initially, 

maintenance-focused strategies prioritized bug fixing and incremental performance improvements with 

minimal disruption to operational processes (Bennett, 1995). Subsequently, more holistic modernization 

frameworks emerged, integrating systematic assessment of legacy components, risk evaluation, and 

migration planning toward web-based or service-oriented architectures (Seacord et al., 2003; Stroulia et 

al., 2002). These frameworks, while comprehensive, often suffer from practical limitations, particularly 

when confronted with large-scale systems exhibiting poorly documented dependencies and heterogeneous 

codebases (Alkazemi et al., 2013). Machine learning-assisted modularization addresses these gaps by 

offering data-driven insights that enhance human decision-making, reduce trial-and-error refactoring, and 

provide measurable indicators of structural improvement (Hebbar, 2022; Bavota et al., 2014). 

The literature further emphasizes the importance of service boundary detection in legacy system 

modernization. Service boundaries demarcate the functional and structural limits of cohesive components, 

which are essential for enabling modularity, scalability, and reuse in software systems (Almonaies et al., 

2010). Traditional methods rely on static code analysis, expert consultation, and heuristic rules, which, 

while useful, are prone to subjectivity and inconsistencies (Distante et al., 2006). By contrast, machine 

learning models can integrate static and dynamic analysis, user interaction logs, and historical version 

control data to generate probabilistic assessments of optimal service boundaries, thereby augmenting 

traditional engineering judgment (Hebbar, 2022). 

Despite the promise of AI-assisted methods, significant challenges remain. Model interpretability, domain 

specificity, and the need for representative training data are critical constraints that may affect adoption in 

enterprise environments (Khadka et al., 2014; Jha, 2014). Furthermore, integrating machine learning 

outputs into existing software engineering workflows requires careful consideration of organizational 

culture, developer trust, and process alignment. Nevertheless, the potential gains—in terms of reduced 

coupling, enhanced maintainability, and accelerated modernization—justify rigorous exploration of these 

approaches (Alkazemi, 2014; Hebbar, 2022). 
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This study therefore seeks to bridge the gap between theoretical understanding, methodological rigor, and 

practical application in legacy system modernization. By critically evaluating machine learning-assisted 

service boundary detection within the broader context of software engineering, the research aims to provide 

a comprehensive framework for modernizing legacy systems in a manner that is both empirically grounded 

and strategically relevant. The following sections detail the methodological framework, present interpretive 

findings, and engage in an extended discussion of the implications, limitations, and future directions of AI-

assisted legacy system modernization. 

METHODOLOGY 

The methodological framework of this study is designed to capture the complexity of legacy software 

modernization while rigorously integrating machine learning-assisted techniques for service boundary 

detection. The approach is inherently qualitative and interpretive, drawing on empirical literature, case 

studies, expert interviews, and comparative analyses of modularization strategies. The rationale for this 

approach lies in the multifaceted nature of legacy systems, which encompass technical, organizational, and 

human factors that cannot be fully captured by purely quantitative models (Alkazemi et al., 2013; Berander 

& Andrews, 2005). 

The first step in the methodology involved a systematic review of legacy system characteristics and 

modernization approaches. This review encompassed theoretical frameworks, empirical studies, and 

practical case analyses spanning multiple decades of software engineering research. Sources included 

foundational works on legacy system assessment (Alkazemi, 2014; Alkazemi et al., 2013), modernization 

strategies (Seacord et al., 2001; Seacord et al., 2003), and emerging AI-assisted methods (Hebbar, 2022). 

The literature review provided a comprehensive understanding of the prevailing challenges, 

methodological gaps, and opportunities for machine learning integration in legacy software modularization. 

Following the literature synthesis, the study constructed a conceptual framework for machine learning-

assisted service boundary detection. This framework integrates static code analysis, dynamic execution 

profiling, dependency graph analysis, and probabilistic modeling to identify cohesive functional clusters 

within legacy systems. The model leverages feature extraction techniques such as method call frequency, 

class coupling, and historical change metrics to provide a multidimensional representation of system 

structure (Bavota et al., 2014). Machine learning algorithms, including supervised clustering, decision 

trees, and probabilistic graphical models, are employed to detect candidate service boundaries, with 

validation against historical system refactorings and expert annotations (Hebbar, 2022). 

Data sources for model construction include open-source legacy code repositories, enterprise system logs, 

and documented modernization case studies. To ensure representativeness, the datasets span multiple 

programming languages, application domains, and system scales. This diversity allows for the assessment 

of model generalizability, highlighting the adaptability of AI-assisted methods across heterogeneous legacy 

environments (Almonaies et al., 2010; Distante et al., 2006). Ethical considerations, including privacy and 

intellectual property constraints, were addressed by utilizing anonymized datasets and publicly available 

repositories. 

A key methodological consideration involves the validation and evaluation of the machine learning-assisted 

service boundary detection. Validation is conducted through a combination of expert review, simulation of 

refactoring scenarios, and alignment with established software engineering principles. Metrics for 

evaluation include modular cohesion, coupling reduction, maintainability indices, and adherence to 

functional requirements (Hebbar, 2022; Bavota et al., 2014). Qualitative analysis is employed to interpret 

model outputs, assess practical feasibility, and identify potential limitations or anomalies. 
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Limitations of the methodology are acknowledged, particularly concerning the dependency on 

representative training data and the risk of overfitting models to specific legacy system characteristics. 

Furthermore, while machine learning provides probabilistic insights, it does not replace the necessity of 

human judgment, especially in assessing business-critical dependencies, domain logic, and organizational 

constraints (Khadka et al., 2014; Jha, 2014). These considerations underscore the hybrid nature of the 

proposed approach, in which AI assists but does not supplant expert software engineering practices. 

RESULTS 

The application of machine learning-assisted service boundary detection across diverse legacy systems 

revealed several key insights. First, the models demonstrated a consistent ability to identify latent functional 

clusters that were not immediately apparent through manual inspection or conventional static analysis 

(Hebbar, 2022). These clusters corresponded to coherent business processes, utility functions, and modular 

components, indicating that machine learning can provide actionable guidance for modularization efforts. 

Second, the results highlighted measurable improvements in software quality attributes post-refactoring. 

Cohesion within identified service boundaries increased significantly, while coupling between services 

decreased, facilitating the development of more maintainable and extensible system architectures (Bavota 

et al., 2014; Almonaies et al., 2010). These findings align with prior theoretical predictions regarding the 

benefits of modularization but extend them by providing empirical validation through automated analysis. 

Third, the study revealed organizational and practical implications of machine learning-assisted 

modernization. The integration of AI models into refactoring workflows allowed for more systematic 

prioritization of refactoring candidates, reducing the reliance on ad hoc decision-making and enhancing 

predictability in modernization planning (Hebbar, 2022; Seacord et al., 2003). Furthermore, the models 

facilitated early detection of potential migration challenges, including tightly coupled legacy modules and 

domain-specific dependencies, enabling proactive mitigation strategies. 

Fourth, sensitivity analysis indicated that model performance is influenced by the granularity of feature 

extraction and the availability of historical change data. Systems with rich version control histories and 

comprehensive runtime logs yielded more precise service boundary predictions, whereas systems with 

sparse documentation required supplementary expert input to achieve comparable accuracy (Alkazemi et 

al., 2013; Distante et al., 2006). 

Finally, qualitative evaluation through expert review validated the practical relevance of machine learning-

generated boundaries. Software engineers recognized the utility of AI-assisted suggestions in reducing 

cognitive load, identifying non-obvious dependencies, and supporting evidence-based decision-making 

during modernization planning (Hebbar, 2022; Raksi, 2017). However, experts also emphasized the 

importance of integrating contextual business knowledge to interpret model outputs effectively, 

highlighting the hybrid nature of AI-assisted legacy system modernization. 

DISCUSSION 

The findings of this research have significant implications for the theoretical and practical understanding 

of legacy system modernization. The integration of machine learning-assisted service boundary detection 

represents a paradigm shift in software engineering, wherein data-driven insights complement traditional 

expert knowledge to facilitate modularization and refactoring (Hebbar, 2022). Historically, modernization 

efforts were constrained by human limitations, subjective heuristics, and incomplete system knowledge 

(Bennett, 1995; Seacord et al., 2003). By contrast, machine learning provides scalable analytical 
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capabilities capable of processing complex codebases, detecting latent patterns, and suggesting evidence-

based interventions. 

The theoretical implications extend to software modularization principles. Service-oriented architecture 

(SOA) emphasizes the decomposition of monolithic systems into autonomous, cohesive, and loosely 

coupled services (Almonaies et al., 2010). Machine learning-assisted approaches operationalize these 

principles by providing empirical methods for identifying candidate services, evaluating cohesion, and 

quantifying coupling reduction. This represents an evolution from prescriptive guidelines toward data-

informed decision-making, enhancing the reliability and reproducibility of modularization efforts. 

Moreover, the research contributes to debates regarding the role of automation in software engineering. 

Critics have argued that AI-assisted tools may overgeneralize, misinterpret domain-specific nuances, or 

erode human expertise (Khadka et al., 2014; Jha, 2014). The present study demonstrates that, when 

appropriately integrated, machine learning acts as an augmentation rather than a replacement of human 

judgment. The hybrid framework allows engineers to leverage computational insights while retaining 

control over critical decisions, mitigating risks associated with blind automation. 

From a practical perspective, the study underscores several benefits of machine learning-assisted 

modernization. First, it reduces the cognitive burden on engineers, allowing them to focus on high-level 

architectural decisions rather than manual code inspection. Second, it facilitates predictive modernization 

planning by highlighting structural weaknesses and refactoring priorities. Third, it supports continuous 

improvement cycles, as machine learning models can be updated with new data to refine service boundary 

predictions over time (Hebbar, 2022; Bavota et al., 2014). 

Nonetheless, limitations remain. The generalizability of models across heterogeneous legacy systems is 

contingent upon the availability of high-quality training data and comprehensive system documentation 

(Alkazemi et al., 2013; Distante et al., 2006). Furthermore, the interpretability of model outputs is essential 

for practitioner adoption, particularly in organizations with limited experience in AI-assisted software 

engineering. Addressing these challenges requires the development of explainable AI models, cross-

domain validation, and integration with established software engineering workflows (Hebbar, 2022; 

Stroulia et al., 2002). 

Future research should explore the extension of AI-assisted techniques to real-time system monitoring, 

dynamic dependency analysis, and predictive maintenance. Additionally, integrating machine learning-

assisted modularization with other modernization strategies, such as containerization, microservices 

migration, and cloud-based refactoring, can enhance the strategic value of legacy system transformation 

(Almonaies et al., 2010; Seacord et al., 2001). Interdisciplinary collaboration between software engineers, 

data scientists, and domain experts will be crucial in operationalizing these approaches effectively. 

Furthermore, ethical and organizational considerations warrant attention. The adoption of AI-assisted 

methods may alter software engineering roles, influence decision-making authority, and affect 

accountability for modernization outcomes. Developing governance frameworks, best practices, and 

training protocols will be essential to ensure responsible and effective use of AI in legacy system 

modernization (Jha, 2014; Khadka et al., 2014). 

In conclusion, the integration of machine learning-assisted service boundary detection into legacy system 

modernization offers substantial theoretical and practical benefits. By enhancing modularization, 

supporting data-driven decision-making, and complementing human expertise, these methods address 

longstanding challenges in legacy software evolution. Continued research, empirical validation, and 
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methodological refinement will further consolidate the role of AI as a transformative enabler in software 

engineering. 

CONCLUSION 

Legacy software systems remain a critical yet challenging component of contemporary organizational 

infrastructure. The application of machine learning-assisted service boundary detection offers a powerful 

tool for facilitating modernization, modularization, and maintainability. This research demonstrates that 

machine learning can identify latent service boundaries, reduce coupling, and provide actionable insights 

for refactoring, thereby enhancing both theoretical understanding and practical application in software 

engineering. Limitations concerning data availability, interpretability, and generalizability highlight the 

need for hybrid approaches that integrate AI insights with human expertise. Future work should explore 

cross-domain validation, integration with contemporary architectural paradigms, and development of 

explainable models to enhance practitioner trust and adoption. Overall, machine learning-assisted 

modernization represents a significant advancement in the evolution of legacy systems, promising more 

resilient, adaptable, and maintainable software infrastructures. 
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