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Abstract—Use case and class diagramming are essential 

requirements engineering techniques that play a pivotal role in 

modeling software specifications and facilitating the software 

development process. However, software requirements are often 

expressed in Natural Language (NL), which can be ambiguous, 

noisy, immeasurable, and open to interpretation. This research 

addresses these challenges by automatically extracting the 

required elements to generate use case and class diagrams from 

software requirements documents written in natural language. 

Accordingly, an automated framework is proposed based on 

Natural Language Processing (NLP) techniques—such as 

tokenization and part-of-speech tagging—to parse the software 

requirements syntactically using a set of heuristic rules. These 

rules facilitate the extraction of actors, use cases, entities, 

relationships, and attributes required for generating the 

corresponding diagrams. Furthermore, to enhance the 

framework’s performance, the k-nearest neighbor (k-NN) 

algorithm is employed to predict previously processed 

requirements and reduce redundant computation. The 

framework’s effectiveness was evaluated using two performance 

metrics: recall and precision. Experimental results show that the 

proposed approach achieves an average recall of 96% and an 

average precision of 92%, confirming its robustness and 

reliability. 

  Index terms—artificial intelligence, software engineering, use 

case diagram, class diagram, requirements documents. 

I. INTRODUCTION

In software engineering, understanding system requirements 

is crucial for building effective and efficient software solutions. 

However, requirements are often expressed in natural language 

(NL), which is inherently ambiguous, noisy, difficult to 

quantify, and open to interpretation [1]–[3]. To address this 

challenge, software engineers employ various techniques and 

tools to extract and organize essential information from the 

requirements, enabling the creation of precise and structured 

artifacts, such as use case and class diagrams [4]–[7]. 

Despite these efforts, existing techniques in requirements 

analysis often exhibit limitations in processing time and 

accuracy [8], [9]. Moreover, most methods that convert NL 

requirements into use cases lack sufficient intelligence, speed, 

and accuracy, thereby reducing end-user confidence. 
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Additionally, many algorithms struggle to interpret and 

analyze the grammar of natural language effectively, leading to 

inconsistent or incomplete results [8]. 

This research proposes an intelligent framework for the 

automatic generation of use case and class diagrams from 

software requirements written in NL. It explores the underlying 

principles, algorithms, and tools necessary to support this 

automation. As a result, a solid foundation is established for 

effectively analyzing and representing both the functional and 

structural aspects of a system. 

Use case diagrams are graphical representations that capture 

interactions between actors (i.e., users, external systems, or 

other software components) and the system under 

consideration. They help identify functional requirements by 

illustrating various use cases or scenarios in which users or 

external entities interact with the system. By defining these 

interactions, use case diagrams provide a clear overview of the 

system’s behavior and boundaries [10], [11]. 

In contrast, class diagrams represent the static structure of a 

system, capturing key elements such as classes, attributes, and 

relationships [11], [12]. They allow software engineers to 

model the system’s objects, their properties, and the 

associations among them. Class diagrams are fundamental for 

understanding data organization, identifying class relationships, 

and providing a solid basis for software implementation [13], 

[14]. 

The process of generating use case and class diagrams from 

NL requirements involves several steps. Initially, the engineer 

analyzes the textual requirements to identify key actors, their 

goals, and specific system interactions. This analysis defines the 

system’s use cases, which are then organized into a use case 

diagram summarizing system behavior. Subsequently, entities, 

objects, and their characteristics are identified to construct a 

class diagram that represents the system’s static structure. By 

examining the relationships and dependencies among these 

elements, the framework produces accurate and consistent 

models that support early software design.  

The main contributions of this research can be summarized 

as follows: 

• An intelligent automated framework combining NLP and

AI techniques to generate UML artifacts from NL

requirements.

• Improved extraction accuracy through TF-IDF

vectorization and k-NN classification to detect and reuse

similar requirement patterns.

400 JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 3, SEPTEMBER 2026

1845-6421/09/2025-0016 © 2026 CCIS



• A rule-based linguistic model for identifying actors, use 

cases, entities, and relationships. 

• Empirical validation using four case studies with 30 

requirement documents, achieving 96.25% recall and 

92% precision. 

• A foundation for broader automation, enabling future 

extension toward generating additional UML models such 

as sequence and activity diagrams. 
 

The remainder of this paper is organized as follows. Section 

II reviews related work on generating use case and class 

diagrams from natural-language requirements. Section III 

presents the research methodology. Section IV reports the 

experimental setup and results, while Section V provides the 

diagram validation, error analysis, and qualitative examination. 

Section VI discusses the limitations of the rule-based approach, 

and Section VII concludes the paper. 

 

II. LITERATURE REVIEW 
 

Generating use case and class diagrams from software 

requirements expressed in Natural Language (NL) is a crucial 

step in software development, as it helps bridge the gap between 

non-technical stakeholders and developers. This literature 

review explores key related research and methodologies in this 

area. 

Abdelnabi et al. [6] conducted a survey that examined 

existing works on transforming textual requirements into 

Unified Modeling Language (UML) class models, outlining 

their strengths and limitations. The survey provided a 

comprehensive explanation and evaluation of the current 

approaches and tools, highlighting their degree of automation, 

efficiency, and completeness. The study emphasized the 

necessity of automating the transformation process by 

integrating artificial intelligence with requirements engineering 

and applying natural language processing (NLP) techniques to 

extract class diagrams from NL requirements. 

Chen et al. [13] explored the use of Named Entity 

Recognition (NER) to identify entities and relationships in 

textual requirements. Zhang et al. [15] investigated methods for 

understanding the meaning of requirements through word 

embeddings and semantic similarity measures. 

Kurtev et al. [16] proposed a framework to automate the 

generation of diagrams from NL requirements, aiming to 

improve the efficiency and accuracy of the process. Similarly, 

Kabbedijk et al. [17] focused on transforming NL into UML 

diagrams using rule-based approaches and model-driven 

techniques to generate both use case and class diagrams. 

The quality and correctness of generated diagrams are critical 

factors. To address this, Wang et al. [18] proposed validation 

techniques to verify the consistency and completeness of 

diagrams produced from NL requirements. 

Tan et al. [19] introduced a CNN–LSTM hybrid model for 

accurate text classification, demonstrating the effectiveness of 

deep learning architectures in processing complex linguistic 

patterns within requirements documents. Similarly, Yacoub et 

al. [20] employed multilingual deep learning models to enhance 

sarcasm and sentiment detection, illustrating how improved text 

semantics can lead to more precise interpretation of software 

requirements. Gupta et al. [1] developed an AI-augmented 

usability evaluation framework for software requirements 

specifications, emphasizing human–AI collaboration during the 

early stages of software design. Moreover, Wei et al. [2] 

presented an automatic generation and verification approach for 

software requirements specifications by combining machine 

learning with formal verification techniques. 

Recent studies have also explored new frontiers in 

automating UML diagram generation through text mining, 

machine-learning, and large language models (LLMs). For 

instance, Setiyawan et al. [4] and Kumar et al. [21] employed 

text-mining and NLP techniques to derive class, sequence, and 

use-case diagrams directly from software requirement 

specifications, demonstrating the feasibility of linguistic pattern 

analysis in structural modeling. More recently, Ouaddi et al. 

[22] proposed a chatbot-assisted framework capable of 

discovering UML use-case diagrams from textual system 

descriptions, while Babaalla et al. [23], [24] introduced LLM-

driven model-driven-architecture (MDA) pipelines that 

automatically generate class diagrams and corresponding 

source code. Similarly, Ojha et al. [25] and Shehata et al. [26] 

demonstrated how general-purpose LLMs can be leveraged to 

transform user stories and natural-language specifications into 

UML representations with minimal human intervention. These 

recent efforts underscore a growing shift from rule-based and 

traditional NLP methods toward AI- and LLM-powered 

frameworks that enhance automation, scalability, and semantic 

understanding in software modeling. The proposed framework 

in this study complements these developments by combining 

NLP heuristics with machine-learning prediction to achieve 

high precision and recall in generating use-case and class 

diagrams from natural-language requirements. 

In conclusion, generating use case and class diagrams from 

NL requirements is a multifaceted research area that has 

witnessed significant advancements. The integration of NLP, 

artificial intelligence, semantic analysis, and rule-based 

approaches is effectively bridging the gap between textual 

requirements and structured diagrams, thereby improving 

communication between stakeholders and developers. 

Nonetheless, ongoing research continues to address challenges 

related to ambiguity and aims to further enhance the 

automation, accuracy, and scalability of this process. 

 

III.   METHODOLOGY 
 

This section outlines the methodology employed to generate 

use case and class diagrams from Natural Language (NL) 

requirements using machine-learning techniques. The process 

demands considerable time and precision to ensure that the 

generated diagrams are both feasible and practical. To achieve 

this, a robust framework, illustrated in Figure 1, has been 

developed for generating use case and class diagrams through 

the analysis and understanding of user-provided scenarios. The 

framework consists of the following phases: text acquisition, 

sentence segmentation, prediction, data preparation, text 

tokenization, chunking, knowledge extraction, generation of 

use case and class diagrams, and finally, results extraction. 

 

A. Text Acquisition 

The text acquisition phase allows users to input software 

requirement scenarios written in English text. The proposed 
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framework continuously validates all user inputs to ensure that 

the entered content is written in the English language. 

 

 
 

Fig. 1. Proposed Framework.  

 
B. Text Segmentation 

The text segmentation phase is designed to divide the 

acquired paragraphs into individual sentences so that the 

subsequent phase can process each sentence independently. In 

the English language, punctuation marks such as periods (full 

stops), exclamation points, and question marks generally 

indicate the end of a sentence—except when the period is used 

in abbreviations or decimal numbers, such as 3.3, Ms., or U.K. 

Exclamation marks (“!”) and question marks (“?”) clearly mark 

sentence boundaries because they are relatively unambiguous, 

whereas periods can be ambiguous since they may denote 

abbreviations or decimal numbers [27], [28]. To address this 

issue, a binary classifier is employed to determine whether a 

period marks the end of a sentence by producing a “yes” or “no” 

decision.  

The simplest form of such a classifier is a decision tree, 

which operates as an if–then procedure that poses questions and 

branches based on the corresponding answers [29]. In this 

research, the Natural Language Toolkit (NLTK) library in the 

Python programming environment is used to implement the 

decision tree as a binary classifier. Figure 2 illustrates the 

decision tree that determines whether a word represents an end-

of-sentence (E-O-S) marker. 

To perform sentence separation, the decision tree relies on 

multiple linguistic rules. These include assessing whether the 

word containing the period is capitalized, all lowercase, all 

uppercase, or numeric—where an uppercase word is often 

indicative of an abbreviation. The decision also considers the 

case of the word following the period: if the next word begins 

with a capital letter, the period is likely to mark the end of a 

sentence. Additionally, numeric features such as the length of 

the word containing the period are crucial, as abbreviations and 

acronyms tend to be relatively short [30], [31].  

The model also accounts for the higher probability that a 

word following a period typically starts a new sentence. The 

outputs of this phase consist of a list of sentences extracted from 
 

 
 

Fig. 2. Decision tree that decides whether a word is an end-of-sentence (E-O-

S). 
 

the acquired paragraphs. Algorithm 1 illustrates the decision-

making process and evaluates each node within the decision 

tree. 
 

Algorithm 1. Sentence segmentation method. 
 

BEGIN 
    TEXT Scenario, Sentence 

    INT count_char = 0, count_Sentence = 0 

    node = get_rules() 
    count_node = node.size 

    // decision tree 

    WHILE (Scenario.char) 
        WHILE (count_node) 

            IF (Scenario.char == node[count_node]) THEN 

                Sentence[count_Sentence]= Scenario.char[count_char] 
                remove_between(0, count_char) 

                count_Sentence++ 

            END IF 
            count_node++ 

        END WHILE 

        count_char++ 
    END WHILE 

         END 

 

 

C. Prediction 

The prediction phase aims to determine whether a given 

sentence already exists in the database—that is, whether it has 

previously passed through all processing phases and therefore 

does not need to be analyzed again. To achieve this, machine 

learning algorithms (MLAs) are employed, which operate 

exclusively on numerical feature spaces. Consequently, the 

expected input for such algorithms is a two-dimensional array 

in which rows represent instances and columns represent 

features [32]. 

Before applying the MLA, the textual data—comprising 

sentences, instances, and documents—must be converted into 

numerical vector representations. This process, known as 

feature extraction or more simply vectorization, enables the 

algorithms to process textual information effectively [32]. 

According to Fei and Zhang [33], one of the most widely used 

algebraic and mathematical models for representing text 
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numerically is Term Frequency–Inverse Document Frequency 

(TF-IDF), which is therefore adopted in this research.  

Term frequency–inverse document frequency (TF-IDF) 

combines two key metrics. The first is the term frequency (TF), 

which measures how often a term appears in a specific 

document. The second is the inverse document frequency 

(IDF), which evaluates the importance of a term by considering 

how frequently it appears across the entire collection of 

documents. The inverse document frequency is calculated by 

dividing the total number of documents by the number of 

documents containing the term, followed by applying 

logarithmic scaling to the result. Equation (1) represents the 

computation of the inverse document frequency, while 

Equation (2) defines the TF-IDF feature vector [34]. 

 

𝑖𝑑𝑓𝑖 = 𝑙𝑜𝑔⁡(
𝑅𝑡𝑜𝑡𝑎𝑙

𝑅𝑖⁡𝑡𝑜𝑡𝑎𝑙⁡
)                                             (1) 

𝑇𝐹 − 𝐼𝐷𝐹(𝑖, 𝑗) = 𝑓𝑡(𝑖, 𝑗) ⋅ 𝑓𝑖𝑑(𝑖, 𝑗)                      (2) 

 

where 𝑓𝑡(𝑖, 𝑗) is the frequency of the term, 𝑓𝑖𝑑(𝑖, 𝑗)            
represents the inverse of the frequency of the document for term 

𝑖 in document 𝑗, 𝑅𝑡𝑜𝑡𝑎𝑙 is the total requirements, and 

𝑅𝑖⁡𝑡𝑜𝑡𝑎𝑙 ⁡represents the total requirements with term 𝑖. 
After applying this vectorization technique to the example in 

the previous phase and summing the rows of each matrix, the 

most influential words are determined, as shown in Table I. 
 

TABLE I 

SCORE OF EACH WORD 
 

 

 

 

 

 

 

 

 

 

 

 
 

Consequently, to verify whether the entered requirements 

have already been analyzed and stored in the database, the 

proposed framework employs the acquired vectors to train and 

predict using a k-nearest neighbor (k-NN) classification model. 

This clustering algorithm is considered among the top ten data 

mining algorithms due to its high performance in real-world 

applications and its nonparametric nature [15], [35], [36]. 

The k-NN algorithm utilizes the Euclidean distance to 

measure the similarity between two data points. It calculates the 

distance between each training sample and the test sample in 

the dataset and then returns the k closest samples, known as the 

nearest neighbors [37]. Figure 3 illustrates an example showing  

how the three nearest neighbors are identified based on 

properties such as word similarity and the weight of each word 

within a sentence. 

Figure 3 illustrates how neighbors are determined based on 

specific characteristics. Here, k = 3 represents the range or 

number of neighbors to be returned, y denotes the number of 

word repetitions within the sentence, and x indicates the weight 

of the similar word. The blue circles represent the training 

samples, while the red circle represents the test sample. 
 

Fig. 3. Illustration of the nearest neighbor in the diagram [37]. 

 

Accordingly, this algorithm is applied in the proposed 

framework to predict which extracted sentences should proceed 

through the remaining phases of generating use case and class 

diagrams, and which should bypass these phases by retrieving 

the corresponding diagrams directly from the database. 

Algorithm 2 presents the pseudocode of the k-nearest 

neighbor (k-NN) algorithm. The dataset consists of two classes, 

A and B, which serve as training samples, with k = 3 

representing the number of nearest neighbors to be returned. 

The k-NN algorithm calculates the distance between each test 

sample and all training samples, subsequently returning the 

three closest neighbors. 

In this research, the algorithm is applied to the output 

obtained from the vectorization phase, where these outputs 

serve as the training samples. This enables the retrieval of the 

three closest requirement sentences corresponding to a newly 

entered requirement. Consequently, the framework can skip the 

remaining processing phases for new requirements that already 

exist in the database, thereby improving efficiency. 

 

Algorithm 2. k-nearest neighbor’s pseudocode. 
 

BEGIN 

INPUT text 

TEXT dataset = get_dataset() 
Start a learning set with separate classes (C1, C2, ..., Cp) 

Clear K-nearest neighbors sets (Cj(K)), j = 1, ..., p 

Find an unclassified input sample x^new 
Set K, 1 <= K <= n 

FOR EACH CLASS Cj ∈ (C1, C2, ..., Cp) 

    Set i = 0 

    FOR EACH x ∈ C^j 

        IF (i < K) THEN 

            Assign x to the K-nearest neighbors sets (Cj(K)) 
            i = i + 1 

        ELSE 

            Calculate the OWA-distance between x and x^new 
            IF (x is closer to x^new than any sample in class Cj(K)) THEN 

                Delete the farthest sample from the set (Cj(K)) 

                Assign x to set (Cj(K)) 

            END IF 

        END IF 

    END FOR 
    Calculate the OWA-distance d between x and the set Cj(K) 

END FOR 

Mark the class with minimum distance d_j as j* 
Assign x to Cj* 

END  

 

Words TF-IDF 

Customer 2.0 

Dashboard 3.0 

Outstanding 6.0 

Bills 6.0 

Registered 6.0 

Billers 3.0 

W
o

rd
s R

ep
etitio

n
 

Words Number 
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 D. Text Tokenization 

Tokenization is the process of dividing sentences into smaller 

segments or units known as tokens [20], [38]. These tokens can 

represent words, numbers, or symbols. This phase is essential 

for identifying word boundaries, which mark the end of one 

word and the beginning of another. The proposed tokenization 

approach effectively recognizes such patterns and serves as a 

fundamental step in the process of knowledge extraction, 

enabling the identification of word types related to actors, use 

cases, and entities. 

The following tasks are employed to define words and 

determine their boundaries, while Algorithm 3 illustrates the 

proposed tokenization module based on these rules [39]: 

• turning all letters into lower or upper case, 

• turning numbers into words or removing them, 

• removing punctuations, accent marks, and other diacritics, 

• removing white spaces, 

• expanding abbreviations, 

• removing stop words, sparse terms, and particular words, 

• applying text canonicalization. 

 

As illustrated in Figure 4, the proposed framework divides 

sentences into individual words. The user enters the software 

requirements text in the designated input area, and upon 

pressing the Text Tokenization button, the tokenized results are 

displayed in the output field below. 

 

 
 

Fig. 4. Tokenization example. 

Algorithm 3. Text tokenization pseudocode. 

BEGIN 
TEXT words 

Sentence = Sentence_Segmentation(nlp) 

// Chunking 
WHILE (Sentence <= Sentence.size) 

    words = converting_all_to_lower(Sentence) 

    words = converting_numbers_into_words(Sentence) 

    words = removing_punctuations(Sentence) 

    words = removing_spaces(Sentence) 
    words = removing_stop_words(Sentence) 

    words = text_canonicalization(Sentence) 

END WHILE 
OUTPUT words 

END 

 

E. Chunking 

In the chunking phase, individual units of information 

(tokens) are grouped into larger, meaningful units known as 

chunks using Part-Of-Speech (POS) tags. Each chunk 

represents a syntactic component, such as a noun phrase or a 

verb phrase. The POS tagging process identifies the 

grammatical category of each word—such as noun, verb, or 

adjective—independent of the sentence’s overall structure or 

the specific phrase in which the word appears [40], [41]. 

 

F. Knowledge Extraction 

Once all words have been categorized according to their 

types, the relevant information—such as word classifications 

and the relationships between words—is identified to generate 

the use case and class diagrams. This process is guided by a 

predefined set of identification rules, as outlined below: 

 

Rule 1. Identify actors [40]: 

• If a common name is found, it is most likely the name of 

an actor. 

• If a proper noun is found, it is most likely the name of an 

actor. 

• If a consecutive noun sequence is found and the last noun 

is not involved within the set of words, including number, date, 

address, birth, identification number, volume, type, and code, 

the consecutive name is most likely the name of an actor. 

• Ignore proper names such as those of persons and locations. 

 

Rule 2. Identify use cases [42]: 

• If a main verb is found, it is most likely a use case. 

• If a transitive verb is found, it is most likely a use case. 

• If a name follows a verb, it is most likely a use case (such 

as creating a report). 

• Ignore all verbs involved in the following list: contain, 

consist of, include, and involve. 

 

Rule 3. Identify the class diagram [43]. 

• Nouns are converted to entity types. 

• A gerund may indicate an entity type that is converted from 

a relationship type. 

• A specialization’s relationship may exist between entities: 

sentence structure “is a” can relate two nouns, A and B, to each 

other. 

• A noun such as “database,” “record,” “system,” 

“company,” “information,” “organization,” or “detail” may not 

be considered a relevant candidate for an entity type since it 

indicates a business environment and, thus, does not need to be 

included in the entity’s category. 

• Every proper noun (e.g., person’s name, location) is 

ignored and not considered a class. 

• Nouns such as “vehicle_number,” “group_no,” 

“person_id,” and “room_type” may refer to an attribute type. 

• The genitive case, also called the possessive case, often 

shows ownership. Hence, instances of these can be used to 

extract attributes. 

• If consecutive nouns are present, check the last noun. If it 

is not one of the words in set S where S = {number, no, code, 
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date, type, volume, birth, id, address, name}, it is most likely an 

entity type. Otherwise, it may indicate an attribute type. 

• A noun phrase succeeding a “has/have” verb phrase may 

indicate the presence of attribute types. 

• A transitive verb can be a candidate for relationship type. 

• A verb followed by a preposition such as “in,” “on,” ‘to,” 

and “by” can indicate a relationship type. 

• If a verb is equal to one of the list {include, involve, 

consists of, contain, comprise, divided to, embrace}, the 

relationship can be aggregation or composition. 

Figure 5 illustrates the categorized words according to their 

types and morphological meanings obtained from the previous 

phase (chunking). This categorization facilitates the detection 

and extraction of representatives, use cases, and entities. 
 

 
 

Fig. 5. Word analysis example [43]. 

 

As illustrated in Figure 5, the sentence is divided into a set of 

words, each annotated with its corresponding Part-Of-Speech 

(POS) tag—such as noun (NN), verb (VB), adjective (JJ), 

adverb (RB), pronoun (PRP), preposition (IN), conjunction 

(CC), interjection (UH), and determiner (DT). This tagging 

process facilitates the automatic generation of actors, use cases, 

entities, and attributes.  
 

 
 

Fig. 6. Extracting relationships between words [43]. 

 

Figure 6 illustrates the extraction of relationships between 

words. Relationship extraction refers to the process of 

identifying and extracting semantic relationships within a text, 

typically occurring between two or more entities. These 

relationships are determined according to the following rules 

[43]: 

1. Train a self-supervised classifier on a small corpus: 

• For every parsed sentence, locate every pair of noun 

phrases (X, Y) with a sequence of words r connecting them. 

Mark them as positive examples if they meet all of the 

constraints; if not, mark them as negative examples. 

• Map each triple (X, r, Y) to a feature vector representation 

(e.g., incorporating POS tags, number of stop words in r, NER 

tag). 

• Train a binary classifier to identify trustworthy candidates. 

2. Pass over the entire corpus and extract possible relations: 

• Fetch potential relations from the corpus. 

• Keep or discard candidates if the classifier considers them 

trustworthy or not, respectively. 

3. Perform rank-based assessment of relations based on text 

redundancy: 

• Normalize (omit non-essential modifiers) and merge 

relations that are the same. 

• Count the distinct sentences in which the relations are 

present and assign probabilities to each relation.  

Algorithm 4 illustrates the process of verifying the rules after 

the words have been categorized. 

Algorithm 4. Process of the rule checking 
 

BEGIN 
TEXT Acceptable 

nlp = Text_Tokenization(nlp) 

// Chunking 
nlp_Types = Types_of_words(nlp) 

WHILE (nlp_Types <= nlp_Types.Size) 

    IF (Check_rules(nlp_Types)) THEN 

        Acceptable = nlp_Types 

    END IF 

END WHILE 
OUTPUT Acceptable 

END 
 

G. Generating the Use Case and Class Diagrams 

In the diagram generation phase, the extracted information 

from the previous phase is utilized to apply the appropriate 

symbols and construct the use case and class diagrams. Figure 

7 presents an example of the extracted information used in this 

process. 

Fig. 7. Example of extracted information. 

 

H. Results Extraction  

Results extraction represents the final phase of the proposed 

framework, during which the outcomes are displayed based on 

the outputs generated in the previous phase. Figure 8 presents 

the graphical interface of the proposed tool, which is designed 

to be simple and user-friendly. The interface includes two input 

fields for entering text written in Natural Language (NL), while 

the lower output field displays the processed results. On the 

right side of the interface, four functional buttons are provided 

to facilitate user interaction. 

When the Generation button is pressed, the algorithm 

sequentially executes all processing stages, after which the 

outputs are displayed, as illustrated in Figures 9 and 10. The 

Sentence Segmentation button divides the input text into 

individual sentences, while the Chunking button separates the 

words, analyzes each one, and determines its type and 

relationship to other words within the same sentence. Finally, 

the clear button removes all entered data from the interface. 
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Fig. 8. Home page display. 

 

Fig. 9. Use case diagram. 

Fig. 10. Class diagram. 

 

IV.   EXPERIMENT AND RESULTS 
 

A dataset of 30 natural-language software requirements 

documents was compiled to evaluate the proposed framework. 

The documents were intentionally selected to span multiple 

application domains, incorporate diverse writing styles, and 

exhibit varying levels of linguistic complexity, thereby creating 

a realistic and representative testing environment for both the 

rule-based and machine-learning components. The dataset 

covers three domains commonly encountered in software 

engineering practice: business and administrative systems, 

educational and university-support platforms, and service-

oriented or transactional applications. These documents include 

publicly available requirement samples as well as instructional 

case studies used in software engineering courses, all written in 

English. 

To ensure linguistic diversity, the dataset contains documents 

written in several stylistic formats, including structured 

requirement lists, narrative paragraphs, and mixed descriptive–

instructional forms. Sentence structures range from simple 

declarative statements to compound and complex constructions. 

This variation was incorporated deliberately to assess the 

robustness of the extraction rules and the predictive components 

of the framework across differing writing conventions. 

The annotation process followed a two-stage methodology. 

First, each document was manually examined to identify actors, 

use cases, entities, attributes, relationships, and interaction 

flows. These annotations served as the ground truth for 

evaluating extraction accuracy. In the second stage, each 

document was converted into a corresponding use case diagram 

and class diagram, constructed manually to reflect all annotated 

elements and their interrelations. These diagrams provided the 

reference models against which the correctness of the 

automatically generated diagrams was assessed. 

All annotations and reference diagrams were created by two 

domain experts—a senior academic with extensive experience 

in UML modeling and a professional software engineer. Any 

discrepancies between their annotations were resolved through 

discussion to ensure consistency and reliability. The resulting 

dataset comprises 30 documents ranging from 30 to 270 words, 

representing diverse domains and sentence structures. All 

annotations and UML diagrams were expert-verified to ensure 

transparent and reproducible evaluation. Because several 

documents are instructional or internally developed, their full 

texts cannot be publicly released; however, summaries and 

representative samples are provided to maintain clarity and 

reproducibility. Table II presents the number of documents used 

in each experiment along with the corresponding word counts 

for each document. 
TABLE II 

DETAILS OF REQUIREMENTS DOCUMENTS 
 

Range Size (Number of Words) Number of Documents Case Study 

30–80 6 1 

50–120 6 2 

60–270 6 3 

40-250 12 4 

 

Two evaluation metrics precision and recall were employed 

to assess the performance of the proposed framework. These 

measures were originally designed to evaluate the effectiveness 

of information retrieval systems [44] and have recently been 

adopted to assess the performance of information extraction 

systems [45]. 

The recall metric represents the ratio of the number of correct 

results returned by the proposed framework to the total number 

of relevant results identified by human analysts, as expressed in 

Equation (3): 

       𝑟𝑒𝑐𝑎𝑙𝑙 = ⁡
𝐶𝑜𝑟𝑟𝑒𝑐𝑡⁡𝑟𝑒𝑠𝑢𝑙𝑡𝑠

𝑇𝑜𝑡𝑎𝑙⁡𝑐𝑜𝑟𝑟𝑒𝑐𝑡⁡𝑟𝑒𝑠𝑢𝑙𝑡𝑠
                       (3) 

 

Precision refers to the accuracy of the proposed framework, 

defined as the proportion of correctly generated results to the 

total number of results produced by the framework, as 

expressed in Equation (4): 
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     Precision⁡ =
𝑐𝑜𝑟𝑟𝑒𝑐𝑡⁡𝑟𝑒𝑠𝑢𝑙𝑡𝑠

𝑎𝑙𝑙⁡𝑟𝑒𝑡𝑢𝑟𝑛𝑒𝑑⁡𝑟𝑒𝑠𝑢𝑙𝑡𝑠
                      (4) 

 

Table III presents the performance scores of the proposed 

framework across the 30 evaluated documents, categorized into 

four distinct groups. Each row displays the score corresponding 

to a specific category, while the final row summarizes the 

overall performance of the proposed framework. Before 

incorporating the training data, the framework achieved a recall 

of 86.5% and a precision of 78.5%. 

 
TABLE III 

INITIAL RESULTS BEFORE ADDING THE TRAINING DATA 
 

Precision (%) Recall (%) Case Study 

79 88 1 

80 85 2 

77 86 3 

78 87 4 

78.5 86.5 Overall 

 

As an artificial intelligence (AI)–based system, the proposed 

tool for generating use case and class diagrams required training 

to enhance its accuracy. Table IV presents the results obtained 

after repeating the experiments following the training phase. 

 
TABLE IV 

PERFORMANCE MEASUREMENT RESULTS 

 

Precision (%) Recall (%) Case Study 

93 96 1 

94 98 2 

90 95 3 

91 96 4 

92 96.25 Overall 

 

As shown in Table IV, the experimental results improved 

significantly after adding the training data and activating the 

machine-learning component. The overall performance of the 

proposed framework reached 96.25% recall and 92% precision, 

demonstrating that increasing the amount of training data 

enhances accuracy. 

To further assess the effectiveness of the proposed 

framework, its results were compared with existing studies on 

automated requirements analysis and information extraction. 

Previous works, such as [11] and [13], reported recall rates 

ranging between 80% and 92% and precision rates between 

75% and 88% when extracting structured information from 

software requirements. In contrast, the proposed method 

achieved superior performance, particularly after training, with 

recall improving to 96.25% and precision to 92%. 

To validate robustness under different data splits, we 

performed stratified 5-fold cross-validation. Each fold used 

80% of documents for training (including AI-based learning 

phases: TF-IDF + k-NN) and 20% for testing. Stratification 

ensured that each fold maintained diversity in requirement 

complexity and sentence length. 

Across the five folds, the framework achieved highly stable 

performance, with an average recall of 95.3% and average 

precision of 91.2%, demonstrating that accuracy is not 

dependent on any specific subset of documents. Table V 

summarizes the performance across all folds. 

 
TABLE V 

5-FOLD CROSS-VALIDATION RESULTS 
 

Precision (%) Recall (%) Fold 

90.8 94.7 Fold 1 

91.5 95.9 Fold 2 

92.1 94.8 Fold 3 

90.4 95.6 Fold 4 

91.0 95.3 Fold 5 

91.2% 95.3% Overall 

 

These results confirm that the framework generalizes well to 

unseen natural-language requirement documents and maintains 

consistent extraction accuracy across varied scenarios. To 

emphasize the superiority of the proposed framework, its 

performance was compared with several previously published 

methods addressing the automatic generation of UML diagrams 

from natural language requirements. Table VI summarizes this 

comparison in terms of precision and recall. 

 
TABLE VI 

COMPARATIVE ANALYSIS WITH PREVIOUS STUDIES 

 

Limitations Recall 

(%) 

Precision 

(%) 

Approach Study 

Lacks 

adaptability to 

complex text; 
limited semantic 

coverage 

85 78 Rule-based 

extraction 

Gosala 

[11] 

Improved entity 

recognition but 
limited by dataset 

size 

90 85 Machine-

learning-
based 

(semantic 

recognition) 

Chen et 

al. [13] 

Captures 

relational links but 
has higher 

processing cost 

91 88 NLP + 

network-
science 

extraction 

Malik et 

al. [5] 

Effective for 

short, structured 
sentences 

89 86 NLP + 

heuristic rules 
(user stories) 

Elallaoui 

et al. [7] 

Combines rule-
based and AI 

prediction; robust 
to varied 

requirement 

structures 

96.2
5 

92 NLP + TF-
IDF + k-NN 

(AI-based) 

Proposed 
Method 

As shown in Table VI, the proposed AI-based framework 

achieves superior performance, with 92% precision and 96.25% 

recall, surpassing all compared methods. Unlike traditional 

rule-based or purely heuristic approaches, the integration of TF-

IDF vectorization with k-nearest neighbor (k-NN) learning 

enables the system to automatically recognize similar 

requirement patterns and adapt to previously unseen text 

structures. This hybrid design substantially enhances both the 

semantic understanding and reusability of the extracted 
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information, resulting in measurable improvements in 

automation accuracy and computational efficiency. 

 

V.     DIAGRAM VALIDATION, ERROR ANALYSIS AND 

QUALITATIVE EXAMINATION 
 

To complement the precision and recall metrics used for 

evaluating extracted linguistic elements, an additional 

validation procedure was performed to assess the correctness of 

the UML diagrams generated by the proposed framework. Two 

domain experts a senior academic specializing in requirements 

modeling and a professional UML practitioner independently 

reviewed the generated diagrams for all 30 requirement 

documents. Each generated use case diagram and class diagram 

was compared against the reference diagrams manually 

produced during the annotation phase. Discrepancies were 

discussed, and consensus was achieved to determine the final 

ground truth used for evaluation. Diagram correctness was 

assessed based on four standard criteria: semantic correctness, 

structural accuracy, completeness, and conformity to UML 

notational conventions. Using these criteria, diagram 

correctness was quantified by comparing the number of 

correctly generated elements and relationships to the total 

expected in the reference model. The results demonstrated that 

the framework achieved an average correctness of 90% for use 

case diagrams and 88% for class diagrams. Most deviations 

arose from ambiguous sentence structures, misinterpreted 

relationships, or confusion between domain entities and 

descriptive attributes. 

To better understand these deviations, a qualitative error 

analysis was conducted to examine common extraction failures 

and identify systematic weaknesses in both the rule-based and 

machine-learning components. The analysis revealed that errors 

frequently originate from sentences with implicit subjects or 

actions, where the absence of an explicit actor leads to incorrect 

or missing extractions. Domain-specific terminology also posed 

challenges, as uncommon or specialized nouns were sometimes 

misclassified as attributes rather than entities. Multi-clause or 

compound sentences often resulted in fragmented or merged 

use cases, reflecting the difficulty of parsing actions expressed 

across multiple syntactic units. Ambiguous verbs—such as 

supports, handles, or contains further complicated extraction, 

as these terms do not consistently indicate system functions and 

may be interpreted incorrectly depending on context. 

Several detailed examples illustrate the challenges 

encountered by the rule-based engine. In passive constructions 

such as “The report is generated automatically by the system,” 

the framework may incorrectly identify “report” as an actor, 

while in sentences like “The system contains a list of registered 

customers,” POS-tagging errors can cause the verb contains to 

be extracted as a use case despite explicit rule exclusions. 

Entity–attribute confusion also occurs in cases such as “Each 

order record has an order ID and date,” where “order ID” is 

mistakenly treated as an entity, and relationship extraction 

errors arise when prepositional cues are misinterpreted, as in 

“The system logs the user into the portal,” where the system 

may incorrectly infer an includes relationship rather than an 

authentication action. These examples highlight fundamental 

limitations of the rule-based approach: its reliance on surface 

grammatical cues makes it sensitive to POS-tagging 

inaccuracies, while implicit actors, passive structures, and 

nominalizations remain difficult to resolve without deeper 

semantic understanding. Moreover, the heuristic rules cannot 

consistently disambiguate verbs, domain-specific terminology, 

nested sentence structures, conditional or temporal expressions, 

or unresolved pronoun references. As summarized in Table VII, 

these limitations manifest in several error categories, including 

actor misidentification, use case mislabeling, entity–attribute 

confusion, relationship errors, POS-propagation errors, and 

failures arising from missing semantic inference. 
 

  TABLE VII 

CATEGORIES OF COMMON ERRORS AND THEIR CASES 

 

Primary 

Cause 
Example Description  Error Category  

Over-

general noun 
rules 

“The 

report is 
generated…” 

Wrong noun 

extracted as 
actor 

Actor 

Misidentification 

Verb 

ambiguity 

“System 
contains a 

list…” 

Verb 

incorrectly 

treated as a use 
case 

Use Case 

Mislabeling 

Consecutive 

noun rule 

limitations 

“Order 
ID” 

Attributes 

mistaken as 

entities 

Entity/Attribute 
Confusion 

Preposition-

based 

heuristics 

“logs the 
user into” 

Incorrect 

mapping of 
semantic 

relations 

Relationship 
Errors 

NLP tool 
limitations 

Any 

complex 

sentence 

Downstream 

errors caused by 
incorrect 

tagging 

POS Tagging 
Propagation Errors 

Lack of 

semantic 

inference 

“A 

message is 

sent” 

Missing actor 

in passive 

constructions 

Implicit Actor 
Failures 

 

Despite these challenges, the expert evaluation confirms that 

the framework consistently generates UML diagrams that 

closely approximate human-constructed models. The observed 

errors are largely attributable to inherent ambiguities in natural 

language and the limited semantic depth of heuristic methods. 

These findings point to promising future directions, including 

the integration of dependency parsing, semantic role labeling, 

and transformer-based contextual embeddings to enhance 

extraction accuracy and improve diagram correctness. 

 

VI. LIMITATIONS OF THE RULE-BASED APPROACH 
 

Although the proposed framework achieves strong extraction 

performance, its reliance on handcrafted linguistic rules 

imposes several inherent limitations. The approach remains 

domain-dependent, as rules designed around common software-

engineering terminology may not generalize well to specialized 

or technical domains. It also struggles with complex or 

ambiguous sentence structures—such as passive voice, implicit 

actors, nested clauses, and nominalizations—where surface-

level heuristics are insufficient for accurate interpretation. 

Furthermore, the rule set cannot consistently resolve contextual 

ambiguity or semantic nuances, especially when verbs or noun 

phrases carry domain-specific meanings. While modern NLP 
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techniques such as dependency parsing and transformer-based 

embeddings could address some of these challenges, they 

require substantial training data and reduce interpretability. 

Overall, the rule-based approach offers transparency and 

predictable behavior but lacks the flexibility and semantic depth 

needed for broader applicability. 

 

VII.   CONCLUSION 

 

Developers and designers who create UML models often face 

significant challenges related to time, effort, and accuracy 

during software development. Despite the importance of these 

models, relatively few studies have employed artificial 

intelligence (AI) to automate their generation. To address this 

gap, this research proposed an automated framework for 

generating use case and class diagrams from software 

requirements documents written in a common Natural 

Language (NL). 

The proposed NLP–AI framework demonstrated strong 

performance in generating UML diagrams from natural-

language requirements. Moreover, the incorporation of the k-

nearest neighbor (k-NN) algorithm enhances performance by 

predicting whether an entered requirement resembles an 

existing, pre-processed sentence in the database. The 

framework also demonstrates the capability to analyze and 

interpret input scenarios semantically, identifying essential 

linguistic features such as references, comparisons, and additive 

cohesive elements. 

This intelligent integration of NLP and AI techniques 

contributes to a deeper understanding of how use case and class 

diagrams represent the overall system structure and behavior. 

Such enhanced understanding can lead to reduced development 

time and cost, better project planning, shortened software 

development lifecycles, and lower error rates. 

For future work, additional empirical studies are 

recommended to further evaluate and validate the proposed 

framework. Furthermore, the framework can be extended to 

automatically generate additional UML models, such as 

sequence and activity diagrams, thereby broadening its 

applicability in model-driven software engineering. 
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