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 In order to enhance academic evaluation procedures, this study introduces a web-
based, machine learning-driven assignment submission and feedback system. The 
approach tackles two main issues: the physical labor required to complete and assess 
assignments and the absence of comprehensive, insightful feedback given to students 
that goes beyond simple grades. The MERN stack (MongoDB, Express.js, React.js, 
Node.js) is coupled with Python to enable machine learning features in Smart Assign. 
Teachers and students are its two main user roles. Instructors can develop time-bound 
multiple-choice questions (MCQs) on a variety of subjects, upload student data via 
Excel files, and use an interactive dashboard to measure class performance. Only if 
their IDs are pre-listed may students register, access current exams, turn in answers 
on time, and get automatic feedback and test results.. The system employs a K-means 
clustering algorithm to generate topic-wise feedback and categorize student 
performance based on historical attempt data. For new users without prior data, a rule-
based fallback mechanism ensures feedback generation from current attempts. 
Experimental testing demonstrates accurate automated scoring, reliable role-based 
access control, and effective ML-based feedback generation, highlighting Smart 
Assign’s potential to enhance efficiency, scalability, and learning outcomes in 
modern education systems. 
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1. Introduction 

The process of conducting and evaluating tests in colleges still involve a lot of manual effort from the teacher’s side. 
Teachers need to prepare the test questions, figure out which students are allowed to attempt the tests, share the tests 
to the students and ensure only the allowed students should submit the tests, collect the responses from the students 
and then evaluate them to produce the results and forward them to the students as well. For a batch of 30-60 students, 
its somehow manageable but the difficulty increases with a large number of students; also, the process, even for a 
smaller batch of students, is time-consuming and prone to errors. On the other hand, the students only get a score or a 
rank which is not a good experience either, since there is no demonstration of the topics which are not answered 
correctly for a long time in continuity or whether their performance has been improved across tests [2]. Some solutions 
do exist for this problem but most of them solve a part of the problem, not the entire problem. Google forms allow to 
host a quiz but do not have any access control, anyone having the link can attempt the quiz. LMS portals like Moodle 
have extended features but they require a proper setup and are not really designed for the appropriate workflow of a 
simple classroom MCQ test [4]. Ultimately, the result is that the teachers struggle integrating with multiple tools and 
students struggle receiving real feedback. 

 

Smart Assign portal handles this complete workflow in one place. It is a ML-based, MERN stack web application – 
MongoDB, Express.js, React.js, Node.js; supporting two user roles – Teachers and Students [4, 5]. Teachers upload 
Excel sheets with registered student IDs; create MCQ tests for the students from multiple topics, tests remaining active 
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for a limited time; and view the complete class result analytics from the respective dashboard. Students, having their 
IDs in the uploaded sheet, only can register and join the class where the active tests will be displayed; attempt that test 
before the deadline and receive the ML-generated feedback along with the result scores. Complete Assessment 
Evaluation process occurs automatically without any manual effort required [1]. 

 

SmartAssign portal also includes a machine learning feedback module along with the basic assignment workflow. 
This module involves the usage of K-means clustering to classify the student as a Beginner, Intermediate or Advanced 
by analyzing the attempt history of the respective student [6, 12]. It also generates a topic-wise feedback for the 
students, helping them understand their strong topics and focus on the weak topics, rather than just providing scores. 
For the students with no history (new students), a rule-based fallback provides feedback from the current attempt, 
ensuring feedback for everyone [8, 13]. 

 

The primary goal was not to develop something highly complex. The individual components: authentication, test 
management, automated scoring, ML-based feedback – are all simple and elementary. SmartAssign simply puts all 
these together while focusing on the needs of the teachers and the students, providing an integrated platform better 
than the scattered tools. 

2. Literature Review 

The literature highlights significant advancements in web-based academic systems and student performance analysis, 
particularly through the integration of full-stack technologies and machine learning techniques. Drofa, D. (2025) 
emphasized that combining automation with MERN stack technologies accelerates development and simplifies 
maintenance, although the study did not address system performance under high user loads, which is critical during 
examinations. Similarly, Shah, R. et al. (2017) developed an online college portal that centralized academic 
information such as notices, results, and attendance, improving accessibility, but lacked features like automated result 
generation, feedback mechanisms, and role-based access control. In the domain of machine learning, Hussain, S. et 
al. (2021) applied deep learning regression models to predict student performance using behavioral data, achieving 
higher accuracy than traditional methods; however, their approach required large datasets and did not provide 
actionable feedback to students. Kulkarni, S. T. et al. (2025) reviewed MERN stack development trends, highlighting 
its efficiency due to the use of JavaScript across the stack, but overlooked its application in educational systems and 
performance under concurrent user access. 

 

Subramanian, V. (2019), in a comprehensive MERN stack guide, demonstrated its effectiveness in building flexible 
applications using MongoDB, Express, React, and Node.js, though the work did not address machine learning 
integration or system scalability. From a data analysis perspective, Liu, R. (2022) used K-means clustering to classify 
student performance effectively, but the study was limited to offline analysis and lacked real-time feedback 
capabilities. Earlier work by Ren, Z. et al. (2016) employed multi-regression models on MOOC data to predict student 
outcomes, identifying early engagement as a key predictor, yet the model was not adaptable to traditional college 
assessment patterns and did not provide feedback. More recent research by Junejo, N. U. R. et al. (2025) demonstrated 
accurate early-stage performance classification using neural networks, but failed to address new student data through 
fallback mechanisms. Lastly, Yin, C. et al. (2023) introduced a feature extraction approach combined with a Bi-GRU 
network to track student performance over time, offering deeper insights into influencing factors; however, the model 
was computationally heavy and difficult to integrate into lightweight web portals, and like many others, lacked a 
feedback system. Overall, while these studies contribute to improving academic systems and predictive analytics, 
common research gaps include lack of real-time feedback, scalability issues under heavy usage, and limited integration 
of intelligent systems within user-friendly web platforms. 
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3. Methodology 

This section describes the overall study of the methodology for the. The steps are discussed below. 

3.1 System Architecture Overview 

Smart Assign is built as a three-tier web application that uses the MERN stack, which includes MongoDB as the 
choice of database, uses Express.js and Node.js for the back end and React.js on the front end [4, 5]. The three tiers 
architecture includes the client interface, the back end API server and the database layer while also using Python-
based ML service with the back end services for the processing of the feedback. The communication between the front 
end and the  back end is handled using the REST APIs which are secured at every route using the JWT token for each 
and every request. 

The front end section is divided into two separate user interfaces: one for teachers and other for the students. The 
teacher dashboard includes the features for uploading the student IDs lists, creating tests with their respective 
schedules set and viewing results for students both as an individual and as a whole class. The student dashboard is 
made comparatively simpler, including the features like login, attempt the available tests and view their results. Both 
the interfaces have zero interference in each other’s workflow and this separation is implemented at the API level too, 
not just for UI. 

3.2 User Registration and Authentication 

Teacher registers using their domain-specific (initially kept generic) emails and set a password. On the other hand, 
students cannot register independently, their registration depends on the Excel sheet uploaded by the teacher, if their 
student ID matches then only the student will be able to register and login further. This was done to prevent 
unauthorized students from accessing the tests. 

Once the user login is performed successfully, the server generates a JWT token that includes the user IDs and their 
role. The token is then sent back to the client and attached with every upcoming API requests. The middleware checks 
this token and if found faulty, rejects the request. This ensures the protection of the teacher-only endpoints. 

3.3 Text Creation and Attempt Flow 

Test creation from the teacher’s end is quite simpler :- teacher needs to fill the test title, number of questions, start 
time and the end time, followed by the selection of the questions along with their respective answers and marks. 
MongoDB is used for storing both the test metadata and individual questions linked to the test. 

On the other side, when a student tries to attempt a test, the system ensures that the student is logged in, the test is 
active and the student is having a valid attempt left. The responses from the student are stored at the server side by 
side preventing the loss of data in case of system failure. The attempt is considered as complete when the student hits 
the submit button or when the timer runs out and the evaluation is started immediately. 

3.4 Automated Evaluation Engine 

The evaluation logic runs immediately after the attempt is completed. It computes the scores by comparing the student 
responses with the correct answers available. Grades ranging from A to F are assigned on the basis of performance. 
The results are displayed on both dashboards (student and teacher). Teachers can view the results of the complete class 
as well as individual student while students can only view their own results. 

3.5 Machine Learning Feedback Module 

The ML module is the most crucial part of this system as it enables the students to view their topic-wise feedback for 
future improvements. The model uses K-means clustering for categorizing the student performance into three levels – 
Beginner, Intermediate, Advanced. The students are provided with their level-specific feed backs. A Beginner level 
student is suggested to focus on the foundational topics that have been missed. An Intermediate level student gets 
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suggested around specific weaker sections. The Advanced level student gets prompted towards the harder topics. The 
classification is done by analyzing the attempt history of the student. 

For a new student, the one who has no attempt history, the model uses rule-based fallback system. 

3.6 Machine Learning Feedback Module 

The database stores the role-specific user credentials; the students’ list uploaded by the teacher; tests created; questions 
that are linked with the test along with available question set; the number of total attempts and the number of attempts 
completed; responses received from the students and their respective results as a complete class as well as an 
individual. 

3.7 Machine Learning Feedback Module 

The system is made secured at many points :- passwords are encrypted using b-crypt hashing; frontend-to-backend 
interaction is encrypted over HTTPS; the JWT token is checked by middleware ensuring the role-based access to the 
dataset; student registration based on Excel sheets preventing the unauthorized students from accessing the tests. 

The Smart Assign system involves the running of two main workflows in parallel :- one for the teacher and other for 
the student. Both the teacher workflow and the student workflow share the same authentication system on the top. The 
ML feedback module comes in the picture when the submission is done. The following fig 1 shows the work flow of 
our work. 

 

 

 

Fig 1: Work Flow diagram 
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4. Result and Discussion 

To build Smart Assign it had to undergo several rounds of testing and refinement in order to ensure that the system 
works as it was planned to work. This section looks into the results obtained while testing all the different major 
component of the system and also describes the content that was learn and understood from these testing. 

4.1 Authentication and Role-Based Access Control 

The testing of system was executed under three different scenarios which included valid teacher login, registration of 
the student with an invalid roll number and a student trying to access a teacher-only feature. When valid teacher 
credentials were entered it was redirected directly to the teacher dashboard. While an invalid roll number of the 
student login was rejected with an error message being displayed. A direct API call from a student role to the teacher-
only feature resulted in the error HTTP 403 which is forbidden. The system implements JWT – role-based enforcement 
which operates on the server level which makes it independent from the client – server manipulations. 

 

 

Fig2. Smart Assign login page showing email, password fields and role selection. 

 

The teacher workflow testing covered uploading an Excel file of the all the student ID’s and creating three test 
configuration which included a 5 – question quiz with a timer of 10 minutes, second was a 20 – question test with 45 
minutes timer and the last one, a 30 – question test with the timer of 90 minutes. The results of all three were stored 
and displayed along with the metadata on the dashboard. The scheduling logic blocked the students to access the test 
outside of the specified time window. During the time of the upload, teachers are informed that the Excel parser needs 
a standardized column format. 

 

Each configuration was tested with a student login. As the test started the countdown timer started and each answer 
was recorded after each selection rather than only storing them at the final submission. The test got auto submitted 
when the timer went off. The browser was intentionally closed in middle of attempt and reopened to check if the data 
is restored successfully. 

Ten test cases were conducted with known answer key and varied the response set from being fully correct to partial 
correct partial incorrect and then fully incorrect. The evaluation engine matched the scores and assigned the Grades 
from A to F. The corner cases were tested, like being unanswered questions and partially completed answers to test 
the system fully. 

4.2 ML Feedback Module Evaluation 
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Three different student profiles were tested in which it was found that the model worked as expected for the new 
students by activating the rule-based fallback system appropriately, the student was provided with proper initial 
feedback which was generated by mapping student responses to the provided answers. Any student with prior 
experience of 2-5 attempts, the K – means clustering performed around the accuracy of 87%, while for the remaining 
13% also, the cases were boundary line and not wrong but they were vague. While when the experience was increased 
to 6 or more attempts the accuracy rose to around 94%. The following table shows the accuracy of our model. 
Borderline cases are students whose feature vectors fell near the boundary between two cluster centroids. These are 
expected in any K-means implementation and do not represent errors in the algorithm [12, 13]. 

 

Table 1: Accuracy of the model 

Student Profile Cases 

Tested 

Correctly 

Classified 

Borderline 

Cases 

Accuracy 

(%) 

Cold start 

(0–1 attempts) 

10 10-rule-based 

fallback 
triggered 

0 100% 

Limited history 

(2–5 attempts) 

15 13 2 87% 

Established history 

(6+ attempts) 

10 9 1 94% 

ML service failure 
simulation 

5 5-fallback 
triggered 
correctly 

0 100% 

 

The following figure shows the accuracy between the accuracy and the student profile.ML service failure simulation 
give the 100% accuracy. 
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Fig 3: Accuracy between student profil 

Thirty simultaneous test sessions were simulated to approximate a university lab batch, in which Node.js driven 
architecture sustained with average response submission latency of 312 ms and question retrieval latency was 187 ms, 
with no data integrity where all students responses were stored under the correct attempt records without mixing up 
the data. 

5. Conclusion and Future Scope 

Smart Assign was built to solve a specific practical problem of conducting MCQ-based assessments in a college setting 
without the extra manual overhead. Classification accuracy outstretched to 87% for the students with a bit of attempt 
history and extended up to 94% for students having even more attempts. The students with no history are also provided 
with feedback using rule-based fallback system, leaving no one without guidance.The choice of MERN stack as the 
base framework resulted in a good decision. 

Through this system and research, the fact that there is no need of a complex or expensive architecture to make 
evaluation more intuitive. Both K-means clustering and MERN stack are not much innovative algorithm or 
frameworks. The separate modules of authentication, test management, automatic scoring and feedback generation 
are also very simple on their own. SmartAssign stand out due to its ability of integrating all of them smoothly, making 
it effective, efficient and impressive. 

The next improvement that comes up is the lack of a progress track over time. Currently, students are able to view 
their results and feedbacks after individual tests. The feature of viewing their improvement across attempts is currently 
missing. Sequence-based models like Bi-GRU networks would be able to handle the temporal pattern in an effective 
manner and would also look like a natural update to the present clustering approach. 
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