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Abstract 

 

Requirements analysis is a critical phase in the development of information systems, as it significantly influences 

the overall success of a system. However, traditional approaches to requirements analysis are often performed 

manually and are prone to errors, inconsistencies, and inefficiencies. The advancement of Artificial Intelligence 

(AI) provides new opportunities to improve the effectiveness and automation of this process. This study aims to 

analyze the integration of AI in requirements analysis using a Systematic Literature Review (SLR) approach. The 

review follows the PRISMA 2020 guidelines and examines relevant studies published between 2020 and 2025. A 

total of 14 selected articles were analyzed to identify commonly used AI techniques, evaluate their effectiveness, 

and explore existing challenges. The results indicate that various AI techniques, including Machine Learning, Deep 

Learning, Transformer-based models, and Large Language Models (LLMs), have been widely applied in 

requirements analysis tasks such as classification, ambiguity detection, information extraction, and prioritization. 

These techniques demonstrate improvements in accuracy, time efficiency, and consistency compared to 

conventional methods. Despite these advantages, several challenges remain, including data imbalance, limited 

model generalization, lack of explainability, and limited validation in real-world industrial environments. Therefore, 

further research is needed to enhance the reliability and applicability of AI-based approaches in practical settings. 

 

Keywords: artificial intelligence; requirements engineering; systematic literature review; transformer; machine 

learning. 

 

 

1. INTRODUCTION  

Requirements analysis is a fundamental stage in the development of information systems, playing a crucial role 

in determining the success of a system. At this stage, user requirements are identified, analyzed, and documented as 

the foundation for the software development process. Errors in requirements analysis can significantly impact 

development costs, cause project delays, and even lead to overall system failure. Therefore, the quality of the 

requirements analysis process is a critical factor in producing systems that meet user needs [1], [2], [3]. However, 

traditional requirements analysis processes are still largely performed manually through interviews, observations, and 

analysis of unstructured textual documents. This approach has several limitations, including susceptibility to 

misinterpretation, inconsistency among analysts, and relatively long processing times [4], [5]. In addition, the 

increasing complexity of information systems and the growing volume of requirement data further intensify the 

challenges in ensuring accuracy and efficiency in the requirements analysis process. The advancement of Artificial 

Intelligence (AI) technologies provides new opportunities to address these challenges. Various AI techniques, such 

as Machine Learning, Natural Language Processing (NLP), Deep Learning, as well as Transformer-based models and 

Large Language Models (LLMs), have been widely utilized to support the automation of requirements analysis 

processes [6], [7], [8]. The application of AI enables tasks such as requirements classification (functional and non-

functional requirements), ambiguity detection, information extraction from unstructured documents, and requirements 

prioritization to be performed more efficiently and accurately [9], [10]. 

Several studies have shown that the use of AI in requirements analysis can significantly improve process 

effectiveness [11], [6], including in terms of accuracy, time efficiency, and result consistency. Transformer-based 

models such as BERT and LLMs have been reported to outperform conventional methods in understanding semantic 

context [12], [13], [14]. Furthermore, hybrid approaches that combine multiple AI techniques have demonstrated 

superior performance across various requirements engineering tasks [15], [16]. Despite these advantages, the 

implementation of AI in requirements analysis still faces several challenges. These include data imbalance, limited 

model generalization across different domains and languages, and a lack of transparency in AI decision-making 

processes [17], [18], [19]. Moreover, most existing studies rely on academic datasets, resulting in limited validation 
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in real-world industrial environments [20], [21]. Based on these challenges, a comprehensive study is required to 

understand how AI integration can support automation and improve the effectiveness of requirements analysis in 

information systems. Therefore, this study employs a Systematic Literature Review (SLR) approach to identify the 

AI techniques used, evaluate their impact on the effectiveness of the requirements analysis process, and examine the 

challenges encountered in their implementation. 

2. RESEARCH METHODS 

This study employs a Systematic Literature Review (SLR) method [22] to systematically examine the use of 

Artificial Intelligence (AI) in information system requirements analysis. The SLR method was selected because it 

provides a comprehensive synthesis of relevant studies while minimizing bias in the study selection process. The 

research process follows the PRISMA 2020 guidelines [23] (Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses), which consist of the identification, screening, eligibility assessment, and inclusion stages. 

2.1. Literature Search Strategy   

The literature search was conducted across several indexed academic databases, including IEEE Xplore, 

ScienceDirect, SpringerLink, ACM Digital Library, and Scopus. The search was performed using a combination of 

keywords related to the research topic, such as “Artificial Intelligence”, “Machine Learning”, “Requirements 

Engineering”, “Requirements Analysis”, and “Automation”. 

 

To obtain relevant results, the following Boolean search query was applied:   

("Artificial Intelligence" OR "Machine Learning" OR "Deep Learning" OR "Large Language Model") AND 

("Requirements Engineering" OR "Requirements Analysis") AND ("Automation" OR "Classification" OR 

"Extraction"). 

2.2. Inclusion and Exclusion Criteria 

The inclusion criteria were defined to identify articles relevant to this study, as follows:   

a. The article is an empirical study that discusses the application of Artificial Intelligence (AI) in requirements 

analysis.   

b. The article was published between 2020 and 2025.   

c. The article is available in full-text and written in English.   

d. The article includes evaluation results using clear metrics, such as precision, recall, or F1-score.   

 

The exclusion criteria include:  

a. Articles that are opinion-based, non-systematic reviews, or do not include empirical validation.   

b. Articles that do not focus on information system requirements analysis.   

c. Duplicate articles or earlier versions of the same publication.   

2.3. Study Selection Process 

The study selection process was conducted systematically by following the PRISMA 2020 framework, which 

includes the identification, screening, eligibility, and inclusion stages. During the identification stage, articles were 

collected from various academic databases using predefined keywords, followed by the removal of duplicate records. 

The screening stage was performed by reviewing the titles and abstracts to assess their initial relevance to the research 

topic. Articles that met the initial criteria were then evaluated in the eligibility stage through full-text review to ensure 

their compliance with the predefined inclusion and exclusion criteria. Based on this process, a total of 14 articles were 

selected and included in the analysis. The complete study selection process is illustrated in Figure 1. 
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Figure 1. PRISMA Flow Diagram of the Study Selection Process 

2.4. Data Extraction 

Data from each selected article were extracted using a structured form. The collected information includes the 

authors and publication year, research objectives, AI techniques used, applied methods, datasets utilized, evaluation 

metrics, main findings, and study limitations. 

2.5. Data Synthesis  

The extracted data were analyzed using a thematic synthesis approach. The analysis was conducted by grouping 

the studies based on the types of AI techniques employed and the tasks in requirements analysis, such as classification, 

ambiguity detection, requirements extraction, and prioritization. Furthermore, the effectiveness of AI implementation 

was evaluated based on the metrics reported in each study, including accuracy, precision, recall, and F1-score. The 

results of this synthesis were used to address the research questions and to identify the strengths and limitations of 

each approach. 

3.  RESULTS AND DISCUSSION 

3.1. Characteristics of the Analyzed Studies 

Based on the selection results using the Systematic Literature Review (SLR) method, a total of 14 articles met 

the inclusion criteria and were included in this study. These articles were published between 2020 and 2025 and were 

sourced from various reputable international journals. 

Most studies focus on the application of Artificial Intelligence (AI) in various requirements engineering sub-

tasks, such as requirements classification (functional and non-functional requirements), ambiguity detection, 

requirements extraction from unstructured documents, traceability link recovery, and requirements prioritization [6], 

[7]. In terms of datasets, the majority of studies utilize text-based data derived from software requirement documents, 

such as Software Requirement Specifications (SRS), user stories, and other project documents. The datasets vary from 

publicly available datasets, such as PROMISE and Dronology, to real-world industrial datasets, although their usage 

remains limited [11], [18]. 
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3.2. Artificial Intelligence Techniques Used 

The analysis results indicate that various Artificial Intelligence (AI) techniques have been applied in 

requirements analysis, which can be categorized into several main groups. 

a. Machine Learning (ML)   

Machine Learning techniques such as Support Vector Machine (SVM), Random Forest, Decision Tree, and K-

Nearest Neighbors (KNN) have been widely used in earlier studies for requirements classification tasks. This 

approach generally relies on feature extraction techniques such as TF-IDF and requires manual feature 

engineering processes [4], [15]. 

b. Deep Learning (DL)   

Subsequent developments show the use of Deep Learning techniques, such as Convolutional Neural Networks 

(CNN) and Long Short-Term Memory (LSTM), which are capable of capturing sequential patterns in textual 

data without requiring extensive manual feature engineering [11]. 

c. Transformer dan Large Language Models (LLM)   

Transformer-based models such as BERT, RoBERTa, and various Large Language Models (LLMs) have 

become the dominant approach in recent studies. These models are capable of understanding semantic context 

more effectively, resulting in improved performance across various requirements analysis tasks [6], [7]. 

d. Hybrid and Ensemble Approaches 

Several studies have developed hybrid approaches by combining multiple AI techniques, such as integrating 

LLMs with sequential models (LSTM/GRU) or combining machine learning with logical reasoning. These 

approaches have been shown to improve performance compared to single-method approaches [15], [16]. 

3.3. Impact of AI on Requirements Analysis Effectiveness 

a. Accuracy Improvement   

Most studies report a significant improvement in accuracy in requirements analysis. Transformer-based models 

demonstrate the best performance, with F1-scores ranging from 0.85 to 0.95 [6], [11]. In addition, the use of 

techniques such as data fusion and ensemble learning has been shown to further enhance model performance 

compared to conventional approaches [15]. 

b. Time Efficiency   

The application of Artificial Intelligence (AI) enables the automation of requirements analysis processes, thereby 

reducing the time required compared to manual methods. Tasks that previously required substantial time, such 

as requirements classification and extraction, can be completed more efficiently using AI models [9]. 

c. Result Consistency  

AI also improves the consistency of analysis results by reducing dependence on human subjectivity. Trained 

models can produce more stable and consistent decisions compared to human analysts, who may have varying 

interpretations [4]. 

3.4. Challenges in the Application of Artificial Intelligence 

Despite its advantages, the application of Artificial Intelligence (AI) in requirements analysis still faces several 

challenges that need to be addressed. 

First, data imbalance (class imbalance) is a major issue in requirements classification, particularly for non-

functional requirements, which typically have fewer data instances compared to functional requirements [17]. 

Second, limited model generalization is also a significant challenge, especially when models are applied to 

datasets with different domains or languages from the training data [6]. This may lead to a decline in model 

performance when used in different contexts. 

Third, the lack of transparency or explainability in AI models, particularly in deep learning and Large Language 

Models (LLMs), makes it difficult for users to understand the reasoning behind the generated decisions [18]. 

In addition, most studies still rely on academic datasets, resulting in limited validation in real-world industrial 

environments. This indicates the need for further research to evaluate the reliability of AI models in practical, real-

world scenarios [21]. 

3.5. Synthesis and Implications 

Based on the analysis of the reviewed studies, it can be concluded that the application of Artificial Intelligence 

(AI) in information system requirements analysis has experienced significant development. Approaches that were 

initially dominated by conventional machine learning techniques have evolved toward the use of deep learning 

models, particularly Transformer-based models and Large Language Models (LLMs), which are capable of 

understanding semantic context more effectively. 

 

In addition, hybrid approaches that combine multiple AI techniques show an increasing trend in performance across 

various requirements engineering tasks. These combined methods are able to overcome the limitations of individual 
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approaches while improving the accuracy and efficiency of the requirements analysis process. The implications of 

this study indicate that AI integration has significant potential to be adopted in requirements analysis processes within 

industrial environments. However, its implementation should consider several important aspects, such as data quality 

and availability, model generalization capability, and interpretability, to ensure that the results are reliable and can be 

effectively utilized. Therefore, further development in AI integration, particularly in adaptive and context-aware 

approaches, is essential to support broader implementation in software engineering practices. 

 

3.6. Discussion 

The findings of this Systematic Literature Review (SLR) highlight the significant evolution of Artificial 

Intelligence (AI) techniques in supporting requirements analysis within information systems. The transition from 

traditional machine learning methods to deep learning and Transformer-based models demonstrates a clear shift 

toward approaches that are more capable of capturing semantic complexity in textual data. Transformer-based models 

and Large Language Models (LLMs), in particular, consistently achieve higher performance, with F1-scores reaching 

up to 0.95, indicating their superiority in tasks such as classification, extraction, and ambiguity detection. 

However, despite these advancements, the results also reveal several critical limitations. One of the main 

challenges is the issue of data imbalance, especially in classifying non-functional requirements, which often leads to 

biased model performance. Additionally, the lack of generalization across different domains and languages suggests 

that many models are still highly dependent on the characteristics of the training dataset. This limitation reduces their 

applicability in real-world industrial environments, where data diversity is significantly higher. Another important 

concern is the lack of explainability in advanced AI models, particularly deep learning and LLM-based approaches. 

While these models offer high accuracy, their “black-box” nature limits transparency, making it difficult for analysts 

to trust and validate the results. This is especially critical in requirements engineering, where decision traceability is 

essential. 

Furthermore, although hybrid and ensemble approaches demonstrate improved performance, they also introduce 

additional complexity in model design and implementation. This trade-off between performance and complexity must 

be carefully considered, particularly in practical applications where computational resources and interpretability are 

important factors. Overall, this study indicates that AI has strong potential to enhance the effectiveness of 

requirements analysis by improving accuracy, efficiency, and consistency. However, future research should focus on 

developing more interpretable, generalizable, and domain-adaptive models, as well as validating these approaches 

using real-world industrial datasets to ensure their practical applicability. 

4. CONCLUSION 

This study conducted a Systematic Literature Review (SLR) to examine the application of Artificial Intelligence 

(AI) in information system requirements analysis. The findings indicate that AI has significantly improved the 

effectiveness of the requirements analysis process, particularly in terms of accuracy, time efficiency, and result 

consistency. Advanced approaches, especially Transformer-based models and Large Language Models (LLMs), 

demonstrate superior performance in handling complex semantic tasks such as requirements classification, ambiguity 

detection, and information extraction. However, despite these advantages, several challenges remain. Issues such as 

data imbalance, limited model generalization across different domains and languages, and the lack of explainability 

in AI models continue to hinder broader adoption. In addition, most studies still rely on academic datasets, which 

limits the validation of AI models in real-world industrial environments. These limitations highlight the need for 

further research to improve the robustness and applicability of AI-based approaches. 

Overall, this study confirms that AI integration has strong potential to transform requirements analysis processes 

into more automated, efficient, and consistent practices. Future research should focus on developing more 

interpretable and adaptive models, incorporating diverse and real-world datasets, and exploring hybrid approaches 

that combine multiple AI techniques. Such advancements are essential to ensure that AI-based solutions can be 

effectively implemented in practical software engineering environments. 
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