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A B S T R A C T 

A significant data amount is being exchanged, turning internet to a contemporary Silk Road 

for information. Machine learning (ML) is a burgeoning discipline that is progressively 

employed for diverse purposes. Artificial intelligence (AI) is the area of study that grants 

machines the capacity to demonstrate intelligent behavior. In recent decades, there have 

been notable developments in the fields of ML and deep learning. Devices with low 

processing capacity are being equipped with advanced algorithms and technology. The 

machine learning-powered online student testing system frees students from the 

limitations of conventional paper-based testing and leads to the improvement of the 

effectiveness of testing procedure. At the same time, it results in maintaining fairness in 

evaluating students' performance while improving the efficiency of grading. The objective 

of the present work is creating an internet-based assessment system for students that 

utilizes machine learning to improve the evaluation of college courses. The main focus of 

research and design lies in functional modules, fundamental technologies, and 

implementation of the on-line testing system. The advanced educational software and on-

line evaluation system can be helpful for the schools in developing a more systematic and 

rigorous administration. The conclusion highlights that the online examination system, 

which is an advanced and reliable educational software, can aid schools in implementing 

systematic and efficient management procedures 

https://doi.org/10.29304/jqcsm.2026.18.22844 
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1. Introduction  

  Important developments have been noticed within the E-learning systems in recent years. The reason behind this 

witness is the quick progress in the techniques of Artificial Intelligence (AI) and in machine learning as well. To add 

more, educational institutions have directed their focus towards employing smart systems concerning the processes 

of assessment and testing that are electronically conducted, i.e. online ones, aiming at improving the accuracy of 

measuring students' level and reducing the problems that may accompany traditional tests. A number of novel 

trends have appeared concerning this field. Chief among them are the electronic systems of exams that depend on 

dynamically adjusting questions, mainly their level of difficulty, during the exam. This is performed the student's 

performance, a matter that helps in fulfilling more accurate, fair, and flexible evaluation than those noticed during 

traditional fixed-level exams. The systems of Computerized Adaptive Testing (CAT) has been referred to by recent 

studies.  These systems are among those that are the most efficient techniques  used for improving the process of 

evaluation and minimizing the test let alone maintaining the results accuracy (1, 2). 

What is noticed in most conventional systems of exam is that most of them depend on introducing the same 

questions to all students regardless of their different academic levels or their promptitude concerning the questions. 

This leads to weaken the ability of differentiation among the different-level students. To add more, the reliance of 

traditional tests on a fixed-questions pattern may reduce or the efficiency of evaluation due to the existence of very 

easy questions for some students or very difficult to some others. Accordingly, an urgent need for developing smart 

systems of examinations that are able to analyze student's performance and make adaptive decisions related to 

questions –level of difficulty during the exam depending on direct indicators like speed and accuracy or correctness 

of the answers (1). 

Among the essential indicators employed for assessing the level of student during the test are the time and 

correctness of answer. Via the time and correctness of answer, student's ability to treat various levels of questions in 

a realistic way. A student who introduces correct answers during a short time may have a higher knowledge-level 

than their peers as compared to some other student who needs a long period of time or frequently gives incorrect 

answers.  As a result, many recent studies have turned their focus on utilizing the time of response along with the 

results of the answers within adaptive examination systems in order to improve the next question accuracy and 

fulfill a real-time adjustment during the test (1). 

Among the important techniques that are used for forming smart systems is the (Fuzzy Logic). This importance has 

emerged from its ability to treat the ambiguous cases,  uncertainty, transform numerical values into flexible 

linguistic ones such as (fast/slow, correct/ incorrect). This makes it appropriate for making decisions within the 

adaptive learning systems. To add more, it can also be employed for analyzing the time of response and the answer-

correctness in real time, and then identify the question-suitable level of difficulty for the student during the exam. 

Recent studies have shown that the use of this technique, i.e. (Fuzzy Logic), helps in improving the efficiency of 

intelligent systems of evaluation and the systems of adaptation due to its flexibility in processing inaccurate data 

and making decisions in a way that is similar to that followed by human reasoning (3) 

The algorithm of Extreme Learning Machine (ELM) is considered one of the recent learning algorithms that  are 

distinguished by rapid training and low complexity related to computation as compared to traditional neural 

networks. This makes this algorithm appropriate for the systems that require immediate response and data real-

time treatment or processing. To add more, the combination of (Fuzzy Logic) and this algorithm helps in building an 

intelligent system that is capable of improving the accuracy of student-level prediction  and making decisions that 

are more efficient and adaptive than before.  
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What has been shown by recent studies is that the models of (Fuzzy ELM) result in  superior findings concerning 

classification and prediction compared to the individual employment of  traditional models (4, 5). 

         The existence of various studies that have tackled adaptive examinations and smart systems reflects the fact 

that most of these studies have relied upon complex variables like analyzing the whole behavior of the student, or 

biometric data, or interaction monitoring within the system, a matter that leads to complicating the system and the 

computational cost required. Some other studies have employed the techniques of machine learning, but they have 

not relied on flexible mechanisms for decision making. Other studies have utilized the (Fuzzy Logic) in isolation, i.e. 

without being integrated with quick algorithms of learning that are capable of real-time prediction. Accordingly, the 

need for developing a smart adaptive system of examination is still there. This system depends on two crucial 

indicators only: quick response and the accuracy of answer, in addition to making use of the efficiency of (Fuzzy 

Logic) and the algorithm of (ELM) concerning adaptive-decision making in real time during the examination (6, 7). 

Figure (1) represent designing a structure for the electronic examination with a multi-hierarchical levels that are 

dependent on a sequential  integration of (Fuzzy Logic). The present study also suggests designing a smart adaptive 

system of examination that is based on (Fuzzy Logic) and the algorithm of (ELM) in analyzing the performance of 

the student during the exam in real time. Analyzing the speed of response and the accuracy of the answer are 

performed in the first level. This is done via utilizing (Fuzzy Logic) and identifying the conditions required for 

assessing the status of the exam. The second level is responsible for estimating the actual level of the student via the 

use of the algorithm of (ELM). The final level is responsible for making the suitable adaptive decision that is related 

to changing the questions-difficulty level or choosing new questions that dynamically suit the level of the student 

during the exam. The proposed system aims at improving the evaluation accuracy, reducing the test time, and 

fulfilling a more actual measurement for the academic level of the student. 

   

Fig. 1: Overview of the schematic representation of a fuzzy system. 

 

2- Literature Review 

This part tackles the effectiveness of the scoring model when evaluating and quantifying the assessments quality. 

This is performed via approaches such as computational linguistics, statistical analysis, and natural language 

processing (NLP) techniques [11,25]. An essential distinction among the various models of automated assessment is 

noticed within the divergence between the methodology of feature extraction and the actual mechanism of scoring. 

Reliance on surface linguistic features may be noticed the initial PEG model of scoring. It evaluated the texts of 

examination depending on certain metrics such as length as well as coherence. However, it failed in placing 

emphasis on the essential content of the tests. As a result, since this model, i.e. (PEG), showed a high accuracy of 

scoring, it clarified a robustness lack  [12,26,27]. The examination scores of students show a fixed upward trend 

with longer test lengths, shorter structures of sentence, let alone simpler usage of vocabulary. To reinforce the 

identification of important attributes within the content of  test, many specialists and researchers have integrated 

topic models into the feature extraction phase [13-15,28,29,30]. 



 Ruqaia Jwad Kadhim , Journal of Al-Qadisiyah for Computer Science and Mathematics Vol.18.(2) 2026,pp.Comp 114–123

 

The main objective here is to fulfill a deep grasping of the organization and thematic composition that is related to 

the topics of examination. This is done via the techniques of topic modeling. The probabilistic latent semantic 

analysis represents the moist noticeable example of these models. Other examples are the processes of Dirichlet that 

shows that a core message of a paragraph is contingent on important lexical items within it. These pivotal concepts 

are identified by the topic model throughout computational analyses and utilizes the resulting vector in order to 

encapsulate certain topics.  The advancements that are found in the technology of natural processing of language 

have fostered the relevant attributes extraction from the test texts of the students, including grammar facets and 

morphology, which strongly correlate to the content  [16,31]. Regardless of this, the study of Hua emphasizes the 

importance of assessing the tests considering vocabulary as well as the structures of grammar employed. Refining 

the strategy of feature extraction requires directing the attention towards two crucial aspects: semantic coherence 

as well as consistency—traits that are particularly significant due to inherent limitations in semantic analysis. The 

findings support the relevance of these features and their contribution to reinforcing the effectiveness of model 

training [17,32]. 

An attribute of discourse analysis was introduced by Bingcai et al. The focus here was on the agreement degree with 

the argument found in the evaluation of automated testing. What is indicated by empirical research is that this 

feature increases the essay assessment accuracy.  [18]. Fragluis has employed the fragmenting string kernel that 

functions with word embedding. His employment has been to generate the vectors of descriptive characteristics of 

textual data. The development of a scoring model, which is independent, is informed via these vectors. This model is 

for the assessment of the students, overcoming certain results that are fulfilled through the earlier methodologies of 

deep learning. Techniques of a multi-level feature extraction have been implemented by Xiaolei. This has been 

performed at text level and sentence level as well, and integrated within a framework of neural network in order to 

devise a notably precise automatic scoring model for student examinations [19]. 

A classification that is based on a hierarchical model of scoring was formulated by Lou. This classification classified 

texts depending on predefined characteristics and trains via the employment of different parameters and categories 

of paper [20,33]. Outputs were yielded from the results of this methodology. They were accompanied by an accuracy 

rate that reached 92%. To add more, in their study,  Shim et al. used an unsupervised learning in order to assess the 

exam scores of the students. They emphasized the necessity of the segmentation of the training of end text into 

different types during the process of developing the model  [21,34,35]. Reliance is made here on alignment,  

between test texts and the categorization objectives that are intended to show the effectiveness of this strategy, the 

facilitation of the weights-assignment  to articles depending on their similarity to related documents. Remarkably, 

the unsupervised clustering technique performed a neighbor accuracy of 94% and an overall accuracy of 52% [22]. 

3- methodology  

This part includes forming a system that has four structured integrated levels reflecting real-time assessment that is 

dependent on the speed and accuracy of the response. Figure ( 2 ) shows the flowchart of an electronic exam 

evaluation via the employment of machine learning. The subject is divided to multileveled to easily and analyses 

each one of them to achieve to the objects and as follows:- 

Level 1: Preparatory Level: This level starts at the time of receiving the written answers. After that, the processing is 

performed as follows: 

1-Language Processing: This stage includes: 

First: Processing the texts: 

These texts are processed as follows: in case that the question is essay-based, sentences are divided into words via 

the use of (Tokenization).  
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The role of the system is to standardize the words and show that the capital and small letters are the same as in 

(Database) and (database), both carry the same meaning via the use of the process called (normalization). 

Another crucial process is deleting (Function Words) since they supplement the words, though they have no 

meaning. This process is called (Stop Wording). What is produced via this process is a text that includes the 

principal concepts found in the student's answer. 

 Second: Extraction of Features: 

  For finding out the (Semantic Embedding), Bidirectional Encoder Representations From Transformers 

(BERT) technique has been utilized. It is extracted from the answers of students to be later transformed into 

numerical vectors that represent the contextual meaning of texts. Then, distances between words are then 

calculated via the employment of the equation known as (Euclidean Distance) between the vectors of 

student's answer and the ideal answers in order to measure the semantic similarity degree and determine 

how concepts are convergent (8, 3). 

At the same time, student's behavior is monitored. It is represented by the time required for the answer of a 

question where creating a vector to represent the answer is required. 

 

Fig.2 Flowchart ML TEST 
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Level Two: Feed-in Data Organization: 

The role of this level is function as an intermediate stage for the standardization of the various data dimensions of 

the student. Here, the text vector is integrated with the data, time of response, and the index of question difficulty, 

let alone making sure of that all answers should lie within a numerical range (1, 0). The structure of the resulting 

matrix is as follows: [Answer Correctness, Response Time, Question Difficulty], preparing the way for equitable 

analysis in subsequent levels (9). 

Level Three: Pattern Analysis and Prediction Accuracy Standards (BPNN) Back-propagation 

Moving from data vector to understanding the behavior of the student is performed in this level. The (back-

Propagation) network takes the numerical vectors which include [answer correctness, response time, question 

difficulty]. The basic role of the network is to analyze the interaction among the factors. Here appears the role of  

Root Mean Square Error (RMSE) to identify the accuracy of prediction via minimizing the difference between 

students' answers and the ideal answers. The result of this level is a numerical report that clarifies whether or not 

there is a deviant behavior for the student or it is a process of cheating or guessing (10). 

Level Four: Fuzzy Logic: The Inference Engine - Implementing Instantaneous Interruption and Fuzzy Judgment 

This level is the responsible for the transformation of numerical data into a logical educational decision since it does 

not tackle the uncertainty cases. The operation of this level is performed via a three-vector system, i.e. (answer 

correctness, time of response, and difficulty of the question), in addition to the accuracy of prediction. The inference 

engine works on incorporating the rules that govern this vector and make decisions related to keeping on the exam 

or stopping it depending on the inference rules: correct answer which are (standard time, very difficult question, 

and high RMSE). At this stage, a decision concerning the continuity or stoppage of the exam has to be taken 

concerning the specified student while keeping on the exam for the rest of students. 

   Level Five: EML Decision Making: 

This level is a symbol for the engine of stability and adaptation. It provides the students with the following: 

1-It ensures the continuity of the back-end monitoring of the students who continue performing the exam. 

It has no effect on the loading speed of questions or interface responsiveness, a matter that ensures smooth 

operation. 

2-Dynamic standardization of the student: In this level, the student's linguistic voice in (BERT) is matched 

with his real-time performance in order to make sure that it is the same student who performs the 

answer.It also helps in reducing the cases of false alarms via addressing the cases of doubts. When the 

(Fuzzy Logic) level shows moderate suspicious cases that do not require warrant further investigation, the 

(EML) analyzes the answers and poses a question that ensures student's innocence. 

The reason behind the employment of (Struts) is that related to its stability and reliability. The (Struts) is regarded 

as an operational stable framework, and its utilization in the structure of examination system is essential since it 

does not consume the system resources. To add more, there is a need for a high processing capability to treat the 

algorithms of intelligence, let alone it is merely a system container. It is to know that the real innovation is in the 

intelligent engine within the multiple level.  

4- Results and Discussion   

Table (1) and figure (3) shows that the matrix was constructed based on the structure of the proposed research 

model. The results were organized into five levels for the students, where all responses pass sequentially through 

the same stages.  
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These stages are as follows: the semantic linguistic level, the answer analysis and response time level, the correction 

level with comparison of responses to the model answer, the fuzzy analysis level responsible for determining the 

student’s status and whether they may continue the examination, and finally the machine learning level, which is 

responsible for comparing suspicious responses with the (BERT) feature in the linguistic level in order to confirm 

the student’s status and modify the state of the next question presented to the student. 

Table1 student vector  answer array 

Accuracy rater Vector array 

[BERT , true answer rate, 
answer time , RMSE] 

Student  level  

97.32 [0.96,093,60s,0.07] Intelligent student  

95.27 [0.88,0.82,67s,0.012] Hardworking student  

96.33 [0.63,067,80s,0.026] Moderate student  

94.23 [0.63,0.67,180s,0.0033] Less from moderate 
student   

95.46 [0.53,0.59,300s,0,041] Weak student  

95.72  Average  

The above matrix illustrates the classification of students into five main levels. The matrix indicates that an 

intelligent student provides answers with very few linguistic errors, accurate responses, and within a short period 

of time, while maintaining a very low error rate when compared with the model answers. The same principle 

applies to the remaining student levels, where the (BERT) score gradually decreases as the student’s level declines. 

Response time is considered a highly important factor in determining the student’s status when analyzed in 

conjunction with the other evaluation criteria. Based on these comparisons, the system determines whether the 

student is cheating during the examination and consequently terminates the exam, or alternatively sends signals to 

the other program levels to modify the type of questions presented in order to resolve issues related to electronic 

cheating. 

 

Fig. 3 Analyses Student  level  Vector array rater 
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Table (2) below represents the values of precision and recall, which were calculated according to Equations (1) and 

(2) for a total of (100) attempts. 

𝑃 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                (1) 

 

𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                  (2) 

Where:  

TP (True Positive): Correct detection of cheating cases.  

FP (False Positive): Cases suspected as cheating but were not actual cheating incidents.  

FN (False Negative): Cheating cases that were not detected by the system.  

TN (True Negative): Cases in which no cheating behavior occurred during the examination. 

Table 2 evaluation result 

MODLE  TP FP FN TN PRECISION RECALL 

BERT 70 14 6 10 0.83 0.87 

BERT+ELM 77 12 3 15 0.86 0,96 

BERT+ELM+FUZZY 

(Propos system ) 

84 7 2 7 0.92 0.97 

 

The results presented in the table show a clear difference between the models used. The model that relied solely on 

linguistic fingerprints achieved moderate cheating detection rates, indicating that dependence on linguistic 

fingerprints alone is insufficient for accurately identifying student cheating.  

When integrating the ELM model, an improvement in the results can be observed, with a higher rate of cheating 

detection. This demonstrates that the model contributed to enhancing the classification process, strengthening the 

relationship with linguistic fingerprints, and improving the understanding of students’ answers. 

The proposed model, which combined the aforementioned techniques with fuzzy logic, achieved superior results. It 

recorded the highest performance in detecting cheating cases, while also attaining high precision and recall rates 

compared with the other models. Furthermore, it reduced uncertainty in identifying student cheating by adapting 

the response level and improved the system’s ability to handle uncertainty in students’ answers. 
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