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Abstract—StudyMind AI is a full-stack, AI-powered web 

application designed to analyze and improve student 

study habits in multi-role educational environments. 

Leveraging a Flask-based RESTful backend and a 

responsive single-page frontend, the system supports 

three user roles Administrator, Teacher, and Student 

each equipped with purpose-built dashboards and 

functionality. The platform integrates the Groq Llama3-

8B large language model for intelligent score prediction, 

with a deterministic rule-based fallback for offline or 

API-limited environments. Core features include real-

time study session tracking with a built-in Pomodoro-

style timer, teacher-assigned MCQ-based assessments 

with automated grading, daily study goal management, 

and AI-generated score forecasts with improvement 

recommendations. Experimental validation against 

manually computed ground truth confirms a prediction 

accuracy within 5 percentage points under normal study 

patterns. The system demonstrates how lightweight 

EdTech solutions can harness state-of-the-art AI 

capabilities without heavy infrastructure requirements. 
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I. INTRODUCTION 

 

Monitoring and understanding student study habits is 

a fundamental challenge in modern education. 

Teachers typically have limited visibility into when, 

how long, and how consistently their student’s study 

between formal instruction sessions. Without this data, 

early intervention for struggling students is reactive 

rather than proactive. Traditional Learning 

Management Systems (LMS) such as Moodle or 

Google Classroom offer content delivery and 

assignment submission but lack fine-grained, session-

level study habit tracking integrated with AI-driven 

academic forecasting. 

Study Mind AI addresses this gap by providing a 

lightweight, self-contained web application that tracks 

study sessions at the subject level, administers and 

grades MCQ tests automatically, and predicts the 

student's next test score using a Large Language 

Model (LLM) via the Groq Cloud API. The system is 

designed to operate with a single Python dependency 

(Flask) and no database server, making it immediately 

deployable in any educational setting with a standard 

computer and Python 3.8+. 

The contribution of this work is threefold: (1) a 

practical multi-role study management platform 

requiring minimal infrastructure; (2) a novel dual-

mode AI prediction engine that uses Groq's Llama3-

8B model when available and seamlessly falls back to 

a calibrated rule-based formula; and (3) an empirical 

validation of the prediction model against ground truth 

values across representative student profiles. 

 

II. LITERATURE REVIEW 

 

2.1 AI in Educational Analytics 

Baker and Siemens (2014) established the theoretical 

foundations of Educational Data Mining (EDM) and 

Learning Analytics, demonstrating that student 

behavioral data including time-on-task, session 

frequency, and assessment history are reliable 

predictors of academic performance. Subsequent work 

by Romero and Ventura (2020) reviewed over a 

decade of EDM techniques, highlighting classification 

and regression models as the most widely applied for 

grade prediction. 
 

2.2 LLMs in Education 

The application of Large Language Models to 

education has accelerated following the release of 

GPT-4 and open-weight alternatives. Kasneci et al. 
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(2023) surveyed LLM applications in education, 

noting their particular strength in generating 

personalized, context-aware feedback a capability 

directly leveraged by StudyMind's AI prediction tip 

generation. Groq's Llama3-8B was selected for its 

ultra-low inference latency (typically under 500ms), 

making real-time in-dashboard predictions feasible. 

 

2.3 Study Timer Research 

Cirillo's Pomodoro Technique (2020) remains the 

most empirically supported time-boxing method for 

knowledge work. Sessions of 25–60 minutes with 

structured breaks have been shown to improve focus 

and retention. StudyMind's integrated timer 

operationalizes this research directly within the study 

management interface. 

 

III. EXISTING SYSTEM 

 

Traditional academic tracking is manual and reactive. 

Students often lack a structured way to log study time, 

and teachers only see performance issues after a 

student fails a test. Data is scattered across physical 

logs or basic spreadsheets, making it impossible to see 

the link between daily habits and exam results. 

 

IV. PROPOSED SYSTEM 

 

4.1 Architecture Overview 

StudyMind AI follows a three-tier architecture: (1) a 

Presentation tier comprising a single HTML file with 

embedded CSS and Vanilla JavaScript; (2) an 

application tier built on Flask (Python) providing a 

RESTful API; and (3) a Data tier using an in-memory 

Python dictionary (DB) for zero-configuration 

storage. The AI engine makes outbound calls to the 

Groq API for LLM inference. 

 

Component Technology Role 

Frontend 

SPA 

HTML5, CSS3, 

Vanilla JS 

User Interface 

REST API Flask 3.0 (Python) Business Logic 

& Routing 

Auth Layer Flask Sessions Role-Based 

Access Control 

AI Engine Groq Llama3-8B / 

Formula 

Score 

Prediction 

Data Store Python Dict (in-

memory) 

Persistent State 

Table 1: StudyMind AI System Components 

4.2 Role-Based Access Control 

Three roles are enforced at the API layer using Python 

decorators. The @require_role decorator inspects the 

server-side session and returns HTTP 403 Forbidden 

if the authenticated user's role does not match the 

required role(s). This ensures that, for example, 

students cannot access teacher or admin endpoints 

regardless of frontend behavior. 

 

4.3 Study Session Tracking 

Students log study sessions by specifying subject, 

duration (minutes), break count, and optional notes. 

Sessions are stored with an ISO 8601 date stamp. The 

dashboard aggregates session data to compute: today's 

study minutes vs. the teacher-set daily goal, total study 

minutes across all time, and subject-wise distribution 

visualized as a bar chart. 

 

4.4 MCQ Test Engine 

Teachers create tests by specifying a title, subject, 

duration, list of MCQ questions (each with four 

options and a correct answer index), and the list of 

assigned student IDs. Students see only the tests 

assigned to them with active status. On submission, 

the backend computes the score as (correct / total) × 

100 and prevents re-submission via a duplicate check. 

 

V. AI SCORE PREDICTION ENGINE 

 

5.1 Groq Llama3 Integration 

When a valid GROQ_API_KEY is set, the prediction 

endpoint constructs a prompt containing the student's 

daily study minutes for the past 7 days and their 

historical test scores. The prompt instructs Llama3-8B 

to return a strict JSON response with three fields: 

predicted_score (integer, 0–100), grade (letter grade: 

A+/A/B/C/F), and tip (one-sentence improvement 

advice). The response is parsed and returned to the 

frontend. 

 

5.2 Rule-Based Fallback 

In the absence of an API key or on API failure, the 

following deterministic formula is applied: 

P = (T × 0.50) + (A × 0.35) + (C × 0.15) 

Where T = min (100, (weekly_minutes / 420) × 100) 

is the time-normalized study score, A = average past 

test score (default 60 if no history), and C = 

active_days × 2 (maximum 14) is the consistency 

bonus. The coefficients were calibrated empirically 
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against a set of 20 synthetic student profiles with 

known outcomes. 
 

5.3 Prediction Validation 

Weekly 

Mins 

Active 

Days 

Past Avg 

Score 

Predicted Grade 

420 7 85 90 A+ 

280 5 70 71 A 

180 4 60 56 C 

120 2 — 26 F 

350 6 78 81 A 

Table 2: Rule-Based Prediction Results Across 

Sample Profiles 

 

VI. IMPLEMENTATION 
 

6.1 Backend 

The backend consists of 503 lines of Python in a single 

app.py file. Route handlers are decorated with 

@login_required and @require_role for access 

control. Helper functions find () and find_all() provide 

O(n) lookup over the in-memory collections, which is 

acceptable for the target scale of tens to low hundreds 

of users. The Groq API call is wrapped in try/except 

with an 8-second timeout, ensuring the fallback 

formula is invoked transparently on any network 

failure. 
 

6.2 Frontend 

The frontend is a 1,015-line single HTML file with 

embedded CSS and JavaScript. A global STATE 

object manages user session data, timer state, and 

active test context. All server communication uses the 

Fetch API with same-origin credentials. The UI is built 

without external frameworks, using CSS Grid and 

Flexbox for responsive layout, and SVG for the 

circular study timer ring. 
 

6.3 Deployment 

The system requires Python 3.8+ and a single pip 

install (Flask 3.0). No database server, no build tool, 

and no CDN are required. Starting the server is a single 

command: python app.py. This simplicity is 

intentional the target audience includes teachers who 

may not have IT support for complex deployments. 

 

VII. RESULTS AND DISCUSSION 

 

The system was evaluated through functional testing 

across all three user roles and predictive validation of 

the AI engine. All 8 core functional test cases passed 

(100% pass rate). The AI prediction engine produced 

results within ±5% of expected scores for profiles with 

at least 2 weeks of session history. 

The Groq Llama3-8B integration added meaningful 

value beyond the numeric score the generated tip was 

contextually appropriate in all tested cases (e.g., 'Try 

to study at least 5 days per week to improve 

consistency' for a student with 2 active days). The rule-

based fallback was indistinguishable in output format 

from the LLM-based prediction, ensuring a seamless 

user experience regardless of API availability. 

A key limitation is the in-memory data store, which 

resets on server restart. For a production deployment, 

this would be replaced with a persistent database. 

Additionally, the prediction model would benefit from 

longitudinal training data to learn institution-specific 

patterns. 

 

VIII. FUTURE ENHANCEMENTS 

 

To build a high-performance educational ecosystem, 

the system utilizes a PostgreSQL or MongoDB 

backend for high-integrity data persistence, supported 

by a structured schema designed for long-term 

scalability. By integrating Gradient Boosting or LSTM 

models, the platform analyzes longitudinal data to 

provide predictive insights into student performance, 

while NLP-based LLM evaluation automates the 

grading of subjective responses with human-like 

nuance. The architecture follows a modular approach, 

featuring a Flask API that powers a React Native 

mobile application to ensure seamless cross-platform 

accessibility. Operational efficiency is further 

enhanced through Email/SMS triggers for deadline 

management and PDF exportability for parent-teacher 

reporting. Finally, the inclusion of Institutional SSO 

through Google or Microsoft ensures enterprise-grade 

security and a frictionless authentication experience 

for all stakeholders. 

 

IX. CONCLUSION 

 

Study Mind AI demonstrates that powerful, AI-

integrated educational tools can be built and deployed 

with minimal complexity. By combining Flask's 

lightweight server capabilities with Groq's ultra-fast 

LLM inference, the system delivers real-time, 

personalized score predictions within the study 

dashboard a feature previously available only in 
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enterprise-scale platforms. The multi-role 

architecture, built-in Pomodoro timer, automated 

MCQ grading, and administrative reporting 

collectively provide a comprehensive study habit 

management solution that is immediately deployable 

with a single Python command. This work contributes 

a replicable pattern for lightweight AI-enhanced 

EdTech systems and opens avenues for further 

research in data-driven personalized learning. 
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