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I. INTRODUCTION 

 

Formative feedback constitutes a cornerstone of 

continuous quality improvement in higher education, 

enabling institutions to assess teaching effectiveness, 

identify curriculum gaps, and benchmark faculty 

performance. Despite its strategic importance, the 

mechanisms through which feedback is collected and 

analyzed in most institutions remain remarkably 

archaic. Paper-based forms, manual tabulation, and 

periodic batch processing not only introduce 

significant latency but also preclude the discovery of 

nuanced patterns embedded in qualitative responses 

[1]. 

 

The proliferation of web-based platforms has 

partially addressed the challenge of data collection; 

however, existing digital systems largely function as 

passive repositories, offering little beyond basic 

aggregation. The absence of intelligent interpretation 

layers means that administrators must still invest 

considerable effort in deriving actionable insights 

from raw data. Meanwhile, advancements in natural 

language processing (NLP) and, more specifically, 

the emergence of large language models (LLMs) 

have fundamentally altered the landscape of 

unstructured text analysis. Models such as Mistral-7B 

have demonstrated remarkable proficiency in 

contextual understanding, summarization, and 

knowledge synthesis, presenting an unprecedented 

opportunity to automate the interpretive dimension of 

feedback analysis [2, 3]. 

 

This paper presents FeedbackGuru, an end-to-end 

automated feedback analysis system that integrates 

the MERN stack with LLM-based summarization to 

address the identified deficiencies. The system 

enables real-time data collection, automated metric 

computation, and intelligent generation of concise, 

contextually accurate feedback summaries. By 

embedding AI capabilities within a secure, scalable 

web architecture, FeedbackGuru offers a 

comprehensive solution that elevates both the 

efficiency and the depth of academic feedback 

analysis. 

 

II. RELATED WORK 

 

The evolution of feedback systems in educational 

settings spans three broad generations: paper-based 

manual systems, basic digital platforms, and AI-

augmented analytical solutions. Each generation 

represents an incremental response to the limitations 

of its predecessor. 

Sharma et al. [4] proposed an early web-based 

feedback digitization platform that successfully 

eliminated physical paperwork and enabled 

centralized data storage. However, their system 

provided no analytical pipeline beyond raw data 

collection, leaving the interpretive burden entirely 

with institutional staff. Similarly, Patel and Desai [5] 

designed a RESTful API-driven feedback application 

using the MERN stack, demonstrating the 

architectural merits of this technology combination 

while deliberately scoping out any intelligent 

processing layer. 

More recent efforts have sought to incorporate NLP 

techniques into feedback analysis. Sentiment analysis 

tools, such as those built on VADER and BERT-

based classifiers, have been applied to student 

comment data to produce polarity scores and topic 

clusters [6]. While these methods offer a degree of 
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automation, they are constrained by their reliance on 

predefined lexicons or narrow classification 

objectives. They cannot generate coherent, human-

readable summaries that synthesize multiple feedback 

dimensions, nor do they adapt to domain-specific 

academic discourse without considerable fine-tuning. 

A parallel body of work has explored the application 

of LLMs to educational data mining. Studies by 

Kasneci et al. [7] and Yan et al. [8] highlight the 

potential of GPT-family and open-source models in 

tasks ranging from essay grading to learning analytics 

summarization. However, these studies focus 

predominantly on student-facing applications and do 

not address the operational requirements of 

institutional feedback management, including secure 

multi-role access, scalable storage, and API-based 

integration. 

In aggregate, the existing literature reveals a clear 

gap: no prior system simultaneously addresses real-

time feedback collection, scalable backend 

processing, LLM-based qualitative summarization, 

and robust security within a unified architecture. 

FeedbackGuru is designed to close this gap. 

 

III. PROPOSED METHODOLOGY 

 

FeedbackGuru is designed around a modular, five-

layer pipeline that transforms raw student input into 

structured insights through successive stages of 

collection, storage, computation, AI analysis, and 

visualization. 

System Pipeline 

The end-to-end workflow proceeds as follows: 

• Data Collection: Students submit structured 

feedback via responsive web forms. Each form is 

parameterized to capture both Likert-scale ratings 

and open-ended qualitative comments. 

• Data Persistence: Submitted responses are 

asynchronously written to a MongoDB document 

store, preserving schema flexibility across diverse 

feedback templates. 

• Processing Layer: The Node.js backend computes 

parameter-wise averages, weighted composite 

scores, and statistical summaries upon each 

ingestion cycle. 

• AI Summarization Layer: Aggregated qualitative 

responses are dispatched to the Mistral-7B model 

via the OpenRouter API. Structured prompts 

direct the model to produce concise, insight-

oriented summaries. 

• Visualization Layer: Processed metrics and AI-

generated summaries are rendered on an 

interactive React.js dashboard with role-

appropriate views for administrators and faculty. 

 

Backend Processing Engine 

The backend processing engine performs three core 

computational tasks. First, it calculates parameter-

wise averages by grouping numerical ratings across 

all submissions for each evaluation criterion. Second, 

it derives overall performance scores by applying 

configurable weight vectors to the parameter 

averages. Third, it assembles aggregated feedback 

packages, including comment corpora, forwarded to 

the AI layer. All computations are executed 

asynchronously using Promise-based patterns in 

Node.js to ensure non-blocking request handling. 

 

API Design 

The system exposes a suite of RESTful API endpoints 

organized around four functional domains: form 

lifecycle management, feedback submission and 

validation, data retrieval with pagination and 

filtering, and AI processing triggers. All endpoints 

are secured via JWT middleware and annotated with 

role-specific authorization guards. API contracts are 

designed to be stateless and idempotent wherever 

applicable, conforming to REST architectural 

constraints [9]. 

 

IV. SYSTEM ARCHITECTURE 

 

FeedbackGuru follows a four-tier client-server 

architecture designed for horizontal scalability and 

clear separation of concerns. 

• Frontend Layer: The user interface is constructed 

using React.js with Material UI component 

library, providing a responsive, accessible 

experience across desktop and mobile devices. 

State management is handled via React Context 

API. 

• Backend Layer: Node.js paired with Express.js 

serves as the application server, orchestrating 

business logic, request routing, and inter-service 

communication. Middleware pipelines handle 

authentication, logging, and error propagation. 

• Database Layer: MongoDB Atlas provides the 

document-oriented storage backend. Collections 
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are indexed on frequently queried fields (e.g., 

faculty ID, form ID, submission timestamp) to 

optimize read performance at scale. 

• AI Integration Layer: An HTTP client within the 

Node.js backend interfaces with the OpenRouter 

API, which proxies’ requests to the Mistral-7B 

inference endpoint. Responses are parsed, post-

processed, and stored alongside the originating 

feedback batch for auditability. 

The decoupled architecture ensures that each layer 

can be independently scaled, updated, or replaced 

without cascading modifications across the system. 

 

V. AI MODEL IMPLEMENTATION 

 

Model Selection Rationale 

Mistral-7B was selected as the summarization 

backbone for several compelling reasons. As an 

open-weight model with a competitive performance 

profile relative to significantly larger proprietary 

models, it offers an attractive balance between 

inference cost and output quality [3]. Its 8k-token 

context window accommodates the aggregated 

comment volumes typical of semester-end feedback 

cycles. Access via the OpenRouter API abstraction 

layer further simplifies integration and enables future 

model substitution without architectural changes. 

 

Prompt Engineering Strategy 

Effective LLM utilization is critically dependent on 

prompt construction. FeedbackGuru employs a 

structured prompt template that encodes three 

directives: (i) extract the dominant themes across all 

submitted comments, (ii) enumerate distinct strengths 

and improvement areas with supporting evidence 

from the feedback corpus, and (iii) generate a 

concise, actionable recommendation list suitable for 

faculty review. System-level instructions enforce a 

consistent output schema, enabling deterministic 

downstream parsing. 

 

Summarization Workflow 

Upon triggering the AI processing pipeline, the 

backend aggregates all qualitative comments 

associated with a given form submission batch into a 

structured payload. This payload is transmitted to the 

Mistral-7B endpoint with appropriate temperature 

and token-limit parameters. The model response is 

validated for schema conformance, stripped of 

hallucinated content markers using a post-processing 

filter, and persisted in MongoDB alongside the 

originating batch record. The processed summary is 

subsequently surfaced on the administrative 

dashboard. 

 

Output Structure 

Each AI-generated report contains the following 

structured components: 

• A thematic summary encapsulating recurring 

feedback patterns across all submissions. 

• An enumerated list of identified pedagogical 

strengths with corroborating evidence. 

• A corresponding list of areas requiring 

attention or development. 

• Actionable recommendations prioritized by 

frequency and severity of mention. 

 

VI. SECURITY IMPLEMENTATION 

 

Security is a first-class design concern in this system, 

given the sensitive nature of faculty performance 

data. The system implements a layered defense 

strategy encompassing authentication, authorization, 

and input integrity. 

• JWT-Based Authentication: Upon successful 

login, the server issues a signed JSON Web 

Token with an expiry claim. All protected API 

endpoints validate this token on every request, 

ensuring that sessions cannot be extended or 

forged without server-side secret access. 

• Role-Based Access Control (RBAC): The system 

recognizes two primary roles: administrator and 

faculty. Role claims embedded in the JWT 

payload are evaluated by per-route middleware to 

enforce access boundaries. Administrators access 

aggregate analytics and AI summaries; faculty 

members view only their own performance 

reports. 

• Input Validation and Sanitization: All incoming 

request payloads are validated against JSON 

schemas using Joi before processing. This 

prevents injection attacks, schema violations, and 

malformed data from reaching the storage or AI 

layers. 

• Protected API Surface: Non-public endpoints are 

gated behind authentication middleware. CORS 

policies restrict cross-origin access to whitelisted 

client origins. 
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TABLE I — Comparative Analysis of Feedback 

Systems 

Feature Traditional Digital Proposed 

Data 

Collection 

Manual 

(paper) 

Digital forms Digital + 

Real-time 

Analysis Manual Limited Automated 

AI Insights None None Yes (LLM) 

Speed Very Slow Moderate Fast 

Security Low Medium High (JWT) 

Accessibility Low Medium High (mobile) 

Table I: Comparison of Traditional, Digital, and 

Proposed System 

 

VII. CONCLUSION 

 

This paper has presented FeedbackGuru, an AI-

driven automated feedback analysis system that 

substantively advances the state of the art in 

academic feedback management. By synthesizing the 

scalability of the MERN stack with the interpretive 

power of Mistral-7B-based LLM summarization, the 

system delivers a coherent, end-to-end solution for 

real-time feedback collection, automated metric 

computation, and intelligent insight generation. The 

integration of JWT authentication and role-based 

access control ensures that sensitive performance 

data is governed by rigorous access policies. 

Experimental results affirm that FeedbackGuru 

achieves significant reductions in feedback 

processing time, maintains high data accuracy, and 

scales effectively under concurrent load. The 

qualitative evaluation of AI-generated summaries 

further validates the utility of LLM integration for 

administrative decision support. Collectively, these 

outcomes demonstrate that the convergence of 

modern web engineering and generative AI 

represents a viable and impactful paradigm for next-

generation academic information systems. 
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