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Abstract 

Examinations for universities and yearboards are traditionally administered offline, with a significant 

number of students opting for subjective exams. This preference stems from the labor-intensive nature 

of evaluating subjective responses, which requires considerable time and effort from educators. 

Additionally, subjective grading can be influenced by the evaluator’s mood, leading to inconsistencies. 

In contrast, multiple-choice and objective questions are prevalent in entrance and competitive exams 

due to their ease of automated grading, which is error-free and resource-efficient. Currently, there are 

no systems available to automate the evaluation of descriptive (subjective) questions, which necessitates 

manual grading. Automating the evaluation process for descriptive responses could transform the 

education sector by addressing these challenges. An automated system could utilize technologies such 

as natural language processing (NLP), machine learning, and optical character recognition (OCR) to 

evaluate and rate written content. This approach would significantly reduce the time and effort required 

for grading, ensure consistent and unbiased evaluations, and handle large volumes of exam papers 

efficiently. Implementing such a system involves several steps: collecting a large dataset of graded 

papers, developing and training machine learning models, integrating OCR and NLP technologies, and 

rigorously testing the system for accuracy and reliability. Overcoming challenges such as the 

complexity and subjectivity of responses, as well as ensuring fairness, is crucial. Ultimately, automated 

evaluation of descriptive exam responses would enhance the efficiency, consistency, and scalability of 

the grading process, benefiting both educators and students. 
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INTRODUCTION 

A prevalent practice in the assessment of student learning processes is the use of computer-based 

evaluation systems. Integrating computers into educational processes has fundamentally transformed 

learning systems. Initially, these computer-assisted assessment systems were designed to evaluate 

single-word responses such as those found in multiple-choice questions. They can also assess paragraph 

responses, for example, descriptive answers, based on keyword matching. However, a major limitation 

of these systems is that students may not recognize 

their errors and, thus, may not attempt to correct 

them. To address this issue and enhance student 

proficiency in English and grammar, a novel 

approach using artificial neural networks (ANNs) 

and natural language processing (NLP) algorithms 

was proposed. 

 

This new approach aims to assess students' 

descriptive responses more effectively. The 

standard procedure for evaluating students’ learning 

processes involves computer-based assessment of 

their responses. Initially designed for single-word 
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and keyword-matching assessments, these systems evolved to include more sophisticated methods. 

Academic institutions and organizations that administer competitive exams can benefit from this 

technology. In practice, students write their responses on an answer sheet, which is then scanned and 

pre-processed. The system extracts text from the scanned answers as input. The model response sets 

provided by the evaluator were used to train the system. 

 

The evaluation system was based on three criteria: keywords, grammar, and question-specific items. 

However, traditional keyword-matching approaches often fail to inform students of their mistakes, 

leading to repeated errors in subsequent tests and an inadequate improvement in their knowledge. 

Therefore, employing ANNs and NLP could significantly improve the evaluation process. In this 

approach, instructors create questions and answers for text mining, which is performed using the 

WordNet techniques and NLP. Computational linguistics and artificial intelligence have focused on the 

interactions between computers and human languages. WordNet organizes English terms into synsets, 

collections of synonyms with brief descriptions, and usage guidelines. To extract crucial keywords from 

student responses, POS taggers (part-of-speech taggers) are used in conjunction with AI. These 

keywords were categorized into technical, subordinate, and obligatory groups. WordNet provides 

synonyms for literal words in subordinate terms. Instructors can then supply these phrases to the system 

for student evaluation. This study aimed to evaluate student descriptive answers using ANN and NLP 

algorithms, developing a tool that utilizes the ANN algorithm for comparing standard answers and 

generating grades while employing the NLP algorithm for grammatical checking. 

 

LITERATURE SURVEY 

Wang J., Dong Y. Measurement of text similarity: a survey. Information. 2020. [1]. This study 

provides a comprehensive overview of text similarity measurements and offers a systematic 

examination of the field’s research. Wang and Dong explored various approaches and strategies to 

measure text similarity, including their benefits and limitations. They discussed knowledge-based 

approaches that use pre-existing word similarity metrics to assess verbal and noun similarities, as well 

as fundamental word overlap techniques for adjective and adverb similarities. In addition, methods such 

as Dynamic Time Warping consider the semantic closeness of phrases. Machine translation metrics are 

used to evaluate the semantic similarity between a system’s output and a set of reference translations. 

The integration of ontology in evolutionary algorithms for text clustering is also covered, illustrating 

evolving approaches to text similarity measurement. This comprehensive review highlights the 

complexity and diversity of measuring text similarity. 

 

Yun W., Gao C., Jiang J., Zhang X., Yuan X., Han M. A survey on the techniques, applications, and 

performance of short-text semantic similarity [2]. This literature review thoroughly analyzes the 

methods, use cases and performance assessment strategies for short-text semantic similarity. The 

authors explored various methods used in NLP, which are crucial for tasks such as sentiment analysis, 

information retrieval, and text categorization. This research clarifies the diverse approaches and 

strategies for determining the semantic similarity between short sentences. Understanding the latest 

developments in this field is essential for effectively applying semantic similarity methodologies in NLP 

tasks. Proficiency in these methodologies and their practical applications is crucial for leveraging semantic 

similarity approaches in various NLP applications. 

 

Evaluating student descriptive answers using natural language processing by Patil and Patil [3]. 

This study advances the field of educational evaluation by demonstrating the value of NLP in assessing 

students' descriptive responses. Patil and Patil employed NLP to analyze linguistic variations in student 

essays using multidimensional analysis to evaluate the corpus across different scores. Their approach 

provides valuable insights into an essay's language usage, topic, structure, vocabulary, and mechanics, 

highlighting areas for improvement in student writing. This study shows how NLP can enhance the 

assessment of written work. 
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Subjective answer evaluation using machine learning [4]. In recent years, there has been growing 

interest in machine learning techniques for subjective response assessments. These techniques are 
increasingly being applied in grading, decision-making, and scheduling tasks across various industries, 

including education. Machine learning has been used to assess programming evaluations through unit 
testing, grading short and long essays, and classifying images of breast cancer histology. Additionally, 

machine learning algorithms are integrated into systematic review platforms to aid decision-making by 
organizing and prioritizing references based on relevant comments. The widespread use of these 

algorithms in various tools and platforms underscores their versatility and applicability. 
 

Document plagiarism detection using a new concept similarity in formal concept analysis. 
Plagiarism, or presenting someone else's work as one's own, is a significant issue in both academic and 

professional settings. The rapid increase in information accessibility owing to the digital era has made 

the detection of document plagiarism more critical. This study explores innovative solutions for 
plagiarism detection using new concept similarity in formal concept analysis. The authors' approach 

addressed the challenges of identifying instances of document plagiarism in the context of the growing 
availability of information. 

 
AIM AND OBJECTIVE 

1. The primary goal of the project was to provide an institution with more interactive and user-friendly 
software. 

2. Because every student employs the same inference method, evaluating our system will guarantee 
consistency in marking. 

 
MOTIVATION 

One prevalent practice in many student learning process assessment domains is computer-based 
evaluation of student responses. The brilliant concept of integrating computers into the educational 

process has fundamentally altered the field of learning systems [6]. 
 

The computer-assisted assessment system is designed to grade multiple-choice questions that require 

single-word answers [7]. Additionally, it is possible to assess paragraph responses, for example, 

descriptive responses using keyword matching. Academic institutions can make extensive use of this 
method to verify answer sheets. It is also applicable to other organizations that administer competitive 

examinations. On the answer page, students write their responses [8]. Once the answer is prepared, the 
system extracts text from a scanned copy of the response as input. The moderator or evaluator supplies 

the model response sets. Next, the model responses were prepared. Three criteria form the basis of this 
system: keywords, grammar, and question-specific items [9]. 

 
ALGORITHMS 

SVC (Support Vector Classifier) 

SVC is a specific implementation of the Support Vector Machine algorithm designed specifically for 

classification tasks [10]. 
 

TF-IDF 

Term frequency-inverse document frequency (TF-IDF) is a widely used statistical method in NLP 

and information retrieval [11]. 
 

NLTK 

The natural language toolkit (NLTK) is a powerful library in Python for working with human 
language data. In the context of a subjective answer grading system, NLTK can be beneficial for various 

tasks related to NLP [12]. 
1. Text preprocessing 

2. Stopword removal 

3. Feature extraction 
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SYSTEM ARCHITECTURE 

Figure 1 depicts a flowchart with two main phases: (1) the training phase and (2) the recognition 

phase. Below is the description of each phase [13]. 

1. Training phase 

i. Past labeled data: This block represents the input data that have been previously labeled, 

meaning that the correct answers or grades are already known. 

ii. Data preprocessing: This step involves cleaning and preparing the data for analysis, which 

may include tasks such as eliminating noise, normalizing the data, and dividing them into 

training and testing sets. 

iii. Feature extraction: This block involves extracting significant features from pre-processed 

data. These features are critical for making predictions and classification. 

iv. Prediction (classifier): In this step, a classifier is trained using the features extracted from 

previously labeled data. A classifier learns to predict the output based on these features. 

v. Output: The final block in the training phase, where the trained model produces the output, 

which can be the predicted grade or score. 

2. Recognition phase 

i. Login: This process begins with a login step, where users are required to authenticate 

themselves. 

ii. Authentication: This step involves confirming the identity of the user. This is connected to 

the “Check Password” decision block. 

iii. Check password: A decision block where the system checks the entered password. 

iv. No: If the password is incorrect, the system returns to the authentication step. 

v. Yes: If the password is correct, proceed to the next step. 

vi. Select question: After successful authentication, the user selects a question to answer. 

vii. Write answers: The user writes the answers to the selected question. 

viii. Feature extraction: The written answers underwent feature extraction to identify the key 

elements required for evaluation. 

ix. Prediction (classifier): The features from the written answers are fed into the trained 

classifier during the training phase to predict the score or grade. 

x. Output: The final output is generated, which can be the predicted grades or scores for the 

answers written by the user. 

 

 
Figure 1. System architecture diagram. 
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APPLICATION 

• Automated essay scoring (AES): This method ensures fairness and reduces teacher workload by 

efficiently and reliably grading large numbers of essays [14]. 

• Personalized learning: Examine students' open-ended replies to determine their areas of strength 

and weakness so that you can adjust learning paths and offer focused feedback. Adaptive 

assessments yield more accurate results and better learning outcomes by dynamically adjusting 

the complexity of the questions based on student performance [15]. 

• Early feedback: Give students early feedback on their essays and open-ended questions so that 

they may recognize and correct any misunderstandings. 

 

RESULTS 

This article explores the transparency and accessibility of the examined materials using a novel 

approach. This study investigates how this platform displays question papers and answer sheets in an 

image format, following the declaration of examination results [16]. Unlike traditional methods that 

often limit access to textual content, this website provides scanned images of both question papers and 

answer sheets, offering a unique perspective on examination transparency, as shown in Figures 2–6. 

 

 
Figure 2. Subjective analysis login page. 

 

 
Figure 3. Questionnaire form. 

Previous Next  Submit  

1. What is System Engineering? 

Time Remaining: 59m 55s 

Questionnaire 

Subjective Analysis Nisargallogout 
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Figure 4. Answer sheet 1. 

 

 
Figure 5. Answer sheet 2. 

 

 
Figure 6. Result declaration. 

Requirements Engineering. Understanding and documenting the needs and constraints 

of stakeholders to define system requirements. This involves capturing functional, 
performance, and other relevant specifications. System Design: Developing 

architectures and designs that fulfill the specified requirements. This includes defining 

system components, interfaces, and interactions. System Integration: Bringing together 
various subsystems and components to form a completa system. Integration onsures 

that individual components work together as intended, verification and Validation: 

Testing and evaluating the system to ensure that it meets the specified requirements 

and performs as expected. Verification confirms that the system is built correctly, 
while validation ensures that it satisfies the user's needs. Risk Management. Identifying 

potential risks and uncertainties throughout the systern development process and 

implementing stategies to mitigate thes Configuration Managensent: Managing 
changes to the system's design and documentation throughout its lifecycle. This 

involves maintaining consistency and traceability of system components. Lifecycle 

Management: Planning, monitoring, and controlling activities across the entire system 

lifecycio, from concept development to retirement or disposal Systems Thinking: 
Adopting a holistic approach to understand the interactions and dependencies within a 

system and its environment this involves considering both technical and non technical 

aspects, such as organizational structures and human factors 

What is Systerm 

Engineering? 

Questions Answers 
Total 

Marks 
Predivted 

Marks 

1 0 

Results 

Subjective Analysis Nitargallogout 

  

Write down the 

generic process 

framework that is 
applicable to any 

software project/ 

relationship 
between work 

product: taskc 

activity and 

system 

Common process frame evoric Process frame work activitios Umbrella activities 

Frame work activitior 

Deline noct 

functional 

requirements. 

What is Extreme 

Programming? 

Non functional requirements deline the system properties and constraints. It is divided in 

to product, organizational & external requirements", 2 An SRS is traceable ?, "An SRS 

is correct it, and only if, every requirentent stated therein is one that the software shal 
meet. Traceability makes this procedure easier and less prone to error 5 What is data 

dictionary? It is organized collection of all the data clements of the system with procisa 

and rigerous definition so that user & system analyst will have a common understanding 

of inputs, outputs, components of stores and intermediate calculations 

Customer involvement Customers should be closely involved throughout the development 

process. Their role is provide and prioritize neve system requirements and to evaluate the 
itorations of the System. Incremental delivery The software is developed in increments 

with the customer specifying the requirements to be included in each increment. People not 

process the skills of the development team should be recognized and exploitaci team 
members should be left to develop their own ways of working without prescriptive 

processes. Embrace change Expect the system requirements to change and so design the 

system to accommodate these changes. Maintain simplicity Focus on simplicity in both the 

2 2 

2 2 

5 3 

NisargaLogout Subjective Analysis 

disadvantages of 
iterativo software 

development 

model 

prosuct oraing and improving the premiet step by step, can get the enable user feedhark Less time 

is spent on documenting and more time is given for designing. Disadvantages Each phase of an 
iteration is rigid with no overlaps Costly system architecture or design issues may arise because 

not all requirements are gathered up front for the entire lifecycle 

Tocal Marks: 30 

Marks Obtained: 21 

Nisargallogout 

Total Percentage Product Percentage 

Subjective Analysis 
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CONCLUSION 
The last phase of the project report, the Automatic Answer Checker, is now underway. The program 

was created for every potential mistake. We were thinking about making the system highly dependable 
and effective. Because of the exceptional robustness of the application, there are several possibilities 
for improvisation. The application will be authorized, verified, and put into use. To detect all syntactic 
problems in our keywords, the following work will involve developing an algorithm for the assessment. 
Next, we look at high-performance and high-equality approaches to fix them. 
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