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Abstract: This project aims to develop an artificial intelligence model capable of efficiently detecting and eliminating 
redundancies in multiple-choice tests used in large-scale competitive examinations. By exploiting the data processing 
capabilities of deep learning, this model aims to improve the quality and reliability of the tests. This will ensure a fairer and 
more equitable assessment of candidates' skills but also optimize the time and resources needed to design and revise 
items. The project aims to facilitate the work of test designers by automating part of the revision process while 
maintaining high standards of item diversity and relevance. 
Keywords: MCTs, items, distractor, cobaying, redundancy, deep learning, Natural language process  

 

I. INTRODUCTION 
In the context of competitive examinations, the number of items specified is often very high, sometimes reaching 100 to 
120 items, with four distractors for each. This abundance of items increases the risk of redundancy, which can 
compromise the validity and reliability of assessment tests. Faced with this challenge, competition organizers and 
educators have developed an emerging practice called "cobaying", in which test designers take the same test as the 
candidates to assess the quality of the questions. Despite this method of validation, there is still a risk that redundancies 
will escape the designers' vigilance, which could lead to challenges during the examination process. To address this issue, 
this research explores an innovative approach based on the use of deep learning techniques to detect and solve 
redundancy problems in MCTs. In this paper, we present an intelligent solution aimed at overcoming this problem by 
developing a specific tool capable of automatically analyzing and correcting redundancies in multiple-choice exams. In 
addition, we propose a detailed methodology and empirical results demonstrating the effectiveness of our approach, 
particularly in contexts requiring a large number of items, such as competitions and competitive exams [1],[2]. 

II. BACKGROUND 
A. MCTs Based Assessment 
MCTs have been widely adopted in educational assessment due to their numerous advantages also present challenges. On 
the benefits side, MCTs offer a practical and objective assessment of learners' knowledge and skills, enabling a wide range 
of topics to be tested relatively quickly and cost-effectively. Their standardized format facilitates comparing learners' 
performance and simplifies the grading process. Moreover, MCTs enable reliable and fair assessment, reducing the 
potential biases associated with other assessment formats. However, despite their advantages, MCTs also present 
challenges. They can sometimes encourage memorization of information rather than deep comprehension, and some 
critics argue that they are not as effective at assessing complex skills or critical thinking abilities. Furthermore, the 
development of high-quality MCTs requires significant expertise in item writing and psychometrics [3],[4],[5] to ensure 
their validity and reliability.  
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Consequently, although MCTs are widely used in educational assessment, it is important to recognize their advantages and 
limitations and take action to alleviate the potential drawbacks of this assessment format [6]. 
 

B. Deep learning models for text classification 
Advances in natural language processing (NLP) and machine learning (ML) have enabled the development of models 
capable of analyzing and understanding text in depth. Transformers, in particular, have shown remarkable performance in 
various NLP tasks. The use of deep learning models to detect redundancy in texts represents a significant advance in the 
field of NLP [7]. These models exploit deep neural architectures to extract relevant features from text data, enabling them 
to identify similarities and repetitions within text content. Architectures commonly used for this task include recurrent 
neural networks (RNNs), convolutional neural networks (CNNs), and transformers. 
 RNNs adapt to model sequential data, making them relevant for detecting repetitive patterns in texts. For example, an 

RNN model can be used to identify sentences or passages that are repeated throughout a document. [8]. 
 CNNs extract local features from text data. They can detect similarities between text passages by analyzing local 

patterns. For example, a CNN can be used to identify similar sentences in a set of documents [9]. 
 Transformers have revolutionized the field of NLP by introducing attention mechanisms. They can consider 

relationships between words across the whole text, making it easier to detect redundancy across long distances. For 
example, a transform model can be used to identify text passages that are repeated at different points in a document. 
[10]. 

These deep learning models offer different yet complementary approaches to detecting redundancy in texts, by analyzing 
word sequences, local features, and long-distance relationships between words. 

 

III. PROPOSED APPROACH 
In this research, given the relative simplicity of the task of detecting redundancies in test items and distractors, we chose 
to use a Simple Recurrent Neural Network (SRNN) [11]. This architecture, with its simple structure and ease of 
implementation, offers an effective approach to this problem. Although it may have limitations in capturing long-term 
dependencies, these are less critical in the context of syntactic redundancy detection. By opting for this approach, we aim 
to take advantage of the training speed of the SRNN[12] while targeting adequate performance for the specific task of our 
research. The process of our proposal is shown in Fig 1: 
 

 

 
 

Fig. 1 Proposal approach 
 

IV. METHODS AND MATERIALS 
To contribute to improving item quality by identifying and eliminating duplications, the model is developed under Python, 
the most used and famous programming language in data science. Python is a high-level programming language, and its 
basic design philosophy is based on code readability and syntax that allows programmers to express concepts in just a few 
lines of code. Python is an open-source license, making it freely usable [13]. This model was designed to identify duplicate 
items within an MCT, using a Simple RNN, a specific variant of RNNs. then; we created a training dataset using MS Word. 
To optimize the quality of the information provided to the model, the items in this dataset are numbered from Q1 to 
Q1000, and each item is composed of 4 distractors A, B, C, and D. Finally, we used our model for 10 tests of 100 items 
each, to evaluate its effectiveness in detecting duplications and its practical application in a real assessment context. To 
train our deep learning model, we employed a standard method of splitting data into training and testing sets. Initially, we 
separated our training dataset, which comprises MCT questions and their corresponding distractors, into two parts:  one 
for training the model and the other for validating the model. We allocated approximately 80% of the data for training and 
the remaining 20 % for validation. To evaluate our model, we opted for the use of two fundamental metrics in regression 
analysis: the Root Mean Square Error (RMSE)[14][15] and the Coefficient of Determination (R²)[16][17]. The choice of 
these metrics stems from their ability to provide a comprehensive assessment of model performance in different respects. 
The RMSE quantifies the mean deviation between the values predicted by the model and the actual values of the target 
variable, providing a precise indication of the accuracy of predictions. In parallel, the R² measures the proportion of the 
variance of the dependent variable explained by the independent variables included in the model. This approach enables us 
to gain an in-depth understanding of the predictive and explanatory capacity of our regression model, facilitating informed 
decision-making in our scientific analyses. 
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V. RESULTS AND DISCUSSION 
As previously mentioned, our model was subjected to a battery of 10 tests, each consisting of 100 questions. The details 
and performance of these assessments are given in Figures 2 and 3: figure 2 presents redundancy generated by the human 
process while Figure 3 presents redundancy generated by the AI-based model. 

 
Fig. 2 Redundancy generated by human process 

 

 
Fig. 3 Redundancy generated by AI-based model 

 
To evaluate the effectiveness of our model, we implemented a Python script to calculate key performance measures for 
items and distractors. The execution of this script provides the subsequent outcomes as shown in figure 4. 

 

 
 

Fig. 4 Statistical Results 
 

For the items, the analysis revealed a correlation of 0.75, indicating a moderately strong linear relationship. The root-
mean-square error (RMSE) of 0.55 suggests a moderate level of accuracy in predictions, and the coefficient of 
determination (R²) of 0.53 highlights a reasonable degree of predictive power. Conversely, the distractors presented 
seemingly flawless results, with a perfect correlation of 1.00, an RMSE of 0.00, and an R² of 1.00. The performance 
indicators highlight a strong agreement between the data generated by humans and that of the proposed model. The high 
correlation, low Root Mean Square Error (RMSE), and a relatively high coefficient of determination R² testify to the 
notable effectiveness of the model in accurately predicting data compared to values generated by the human process. 
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VI. CONCLUSIONS 

In conclusion, the article explored the innovative application of artificial intelligence models to improve the quality of 
assessment tests, focusing on the detection of redundancies in items and distractors. By integrating these models into the 
test development process, designers can not only speed up the piloting process but also guarantee greater validity and 
reliability of assessments. This approach also frees up valuable time and resources by automating tasks that were 
previously tedious and prone to human error. Ultimately, the integration of AI into test development marks a significant 
evolution, paving the way for more efficient and accurate methods of assessing learners' knowledge and skills. 
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