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Abstract- The problem of preparing for interviews has been a consistent problem for those students and job
seekers who have no option to practice in a personalized setting. This paper discusses the development of
InterviewSaarthi, an artificial intelligence-based mock interview preparation system for a variety of
professional areas such as Web Development, Data Science, Data Analytics, Artificial Intelligence/Machine
Learning, Cyber Security, and Software Engineering. The application allows users to select different levels
of complexity (Easy, Moderate, and Hard), respond to interview questions using either text or their voice,
and receive feedback based on various parameters of the answer's quality. These parameters include
content, relevance, organization, grammar, confidence, and clarity. The application is created using Python
Flask server and an easy-to-use HTML/CSS/JavaScript interface, as well as the APl from large language
models (LLMs). An experiment conducted on 30 undergraduates showed a significant increase in interview
preparation skills.

Keywords: Al,Mock Interview, Speech-to-Text, Adaptive feedback, Flask, APl, Domain-Specific, Interview
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The recent developments in Al and NLP

technology are providing innovative solutions
. INTRODUCTION for creating an automated interview simulation
system. The current language models like BERT
and RoBERTa have shown great contextual
understanding of human languages, and it has
made it possible to analyze the response given
by a candidate at a semantic level rather than

Getting employed in the cutthroat world of
today is no longer about just possessing
technical  skills. It  requires effective
communication abilities, logical thinking

capabilities, and working under pressure. analyzing it on the basis of keywords [3], [6]. The

Unfortunately, _many students and young attention based deep learning models make the
professionals find themselves unprepared for Al more capable of analyzing and

job interviews because of lack of proper understanding structured data [4].
guidance  and training opportunities.
Conventional approaches to job interview
preparation like reviewing question banks,
tutorials, and conducting peer-to-peer mock
interviews have long failed to provide an
environment similar to real interview situations.
As a result, there is a great gap between
theoretical knowledge gained during study at
university and practical skills required by
employers.

One more problem with currently available
interview platforms is that there are no adaptive
questions. Question generation using NLP
methods along with SQUAD datasets makes it
possible to generate structured questions [7],
[9], whereas adaptive learning can help create
questions based on performance [21], [22].
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The present study proposes InterviewSaarthi, a
web-based platform that provides Al-based
mock interviews for overcoming the above
limitations. The key contributions include: (i) a
modular full-stack architecture comprising
Flask, Web Speech API, and LLMs for evaluating
responses; (i) a specialized question bank
stratified according to level of difficulty within
six domains; (iii) multi-dimensional approach
for assessing answers; and (iv) open
architecture allowing further extensions.

1. LITERATURE REVIEW

With the rise of research into Al-based interview
preparation systems, students and prospective
employees can now receive scalable, repeatable
and more efficient practice. Unfortunately, most
current systems fail to deliver personalized
content and dynamic question sets with
adequate feedback that can be beneficial to an
individual in the context of their interview.

A. NLP-Based Answer Evaluation

There are many studies in which NLP was
applied for answer evaluation automation.
Previously, keyword-based systems dominated
this area of research, while with the advent of
transformer-based models, automatic semantic
comprehension is no longer a problem.
Transformers like BERT or RoBERTa have proven
themselves capable of understanding the
context of the response, thus becoming a good
choice for answering evaluation in terms of
relevance and clarity of an answer [3], [6].
Transformer attention mechanism additionally
enhances language comprehension through
learning long-distance dependencies between
textual elements [4]. Concepts from standard
NLP literature lay the groundwork for analysis
and answer evaluation methods [1], [2].

B. Question Generation and Adaptive
Learning

Question design and difficulty play important
roles in the efficiency of interview simulation
practices. The former statistical techniques
paved the way for question generation systems
[8], while the latter techniques provided better

results [7]. Moreover, datasets like SQUAD were
extensively used to develop technologies for
question answering and question generation
tasks [9]. On top of that, adaptive learning
suggests that difficulty adjustment during
interviews is another factor that can help
learners to benefit more from simulations [21],
[22]. However, most systems lack proper
difficulty increase in their practices.

C. Speech Recognition and Voice Assessment
Assessment of voice response is critical since
oral interviews also include the analysis of such
criteria as fluency and self-confidence. Machine
learning has allowed to dramatically enhance
the process of speech recognition; hence, the
technology could automatically transcribe
speech answers [10], [11]. Moreover, several
papers confirm the ability of systems to
recognize speech emotions; thus, indicating the
level of self-confidence [13]. For example,
popular tools to evaluate voice responses are
OpenSMILE [14].

D. Evaluating and Scoring Interviews
Evaluating an interview is not confined to its
technical accuracy only but also involves
assessing the communication skills of the
participant and how structured his/her answers
are. Research conducted on structured
interviews highlights their reliability and efficacy
in evaluating candidates [19], [20]. There are
ample machine learning and deep learning
architectures available for building scoring
systems for interviews [15]-[17].

I1l. RESEARCH GAP

Current  literature  indicates that the
transformer-based NLP models, like BERT and
RoBERTa, have proven their capabilities to judge
the textual response considering its context,
making it possible to implement automated
answer evaluation [3], [6]. Likewise, speech
recognition via deep learning algorithms has
enabled voice communication in interview
systems [10], [11]. The research conducted in
the domain of speech emotion recognition also
indicates that the voice features such as
hesitation and intonation could convey



Riya Singh, 2026, 14:2
ISSN (Online): 2348-4098
ISSN (Print): 2395-4752

International Journal of Science,
Engineering and Technology

emotions like confidence and communication
skills [13] with the help of tools such as
OpenSMILE [14].

Nevertheless, the majority of existing systems
conducting the mock interviews still use
question banks in static form, limited domain
specificity, and generic feedbacks. Moreover,
there is no consideration of various elements
that make up an interview, such as the structure
of responses, clarity of answers, and fluency in
speech. In addition, adaptive difficulty
adjustment in terms of progress is rarely
considered in these systems even though
learning models highlight its importance [21],
[22].

Therefore, the primary research gap remains
the development of an advanced mock
interview system incorporating all these
requirements in one platform.

TABLE I: Comparison with Existing Systems

EX.IStmg / InterviewSaart

Feature Prior .
hi (Proposed)

Systems

Limited

or not||Yes (Web
Voice Input||integrate ||Speech API STT
Support d + Voice

properly ||Response)
(10], [11]

Mostly  ||Planned
research- ||integration +
level only||voice-driven
[13], [14] |/feedback

Rarely Yes (6
supporte ||Professional
d [7], [8] |[Domains)

Speech-Based
Confidence/Fluenc
y Analysis

Domain-Specific
Question Bank

Mostly
absent;
o IR\ E
Difficulty-Level static e (Easy /
. . Medium /

Progression question Hard)

sets [21],

[22]
Automated Basic Context-based

Answer Evaluation||keyword- |levaluation

(NLP) based or|using LLM/NLP

Ex'|st|ng / InterviewSaart
Feature Prior hi (Proposed)
Systems P
shallow |lconcepts  [3],
scoring ||[4]
[2]
Partial or Ves (Per-
. end-of- .
Real-Time . question
session ||,
Feedback only [19] instant
[20] feedback)
Closed Modulgr and
extensible
System and non- (Flask-based
Architecture extensibl
open
e .
architecture)

IV. SYSTEM ARCHITECTURE

InterviewSaarthi has a modular layered
architecture that comprises five major modules,
namely, User Interface, Question Generator,
Speech-to-Text, Response Evaluation, and
Backend Infrastructure. Its design is made
extensible such that advanced evaluation
techniques could be added in the future.

A. User Interface Module

This module is created using HTML5, CSS3, and
JavaScript. With its help, users can choose
domain and difficulty level, give their responses
to mock interview sessions, answer questions
either in text mode or using the microphone,
receive feedback per question, and get overall
performance feedback at the end of each
session.

B. Question Generator Module

This module is responsible for storing the
questions related to six different domains and
three difficulty levels (Easy, Medium, and Hard).
For each session, it generates ten non-
repeating questions. There are more than 180
questions stored in this repository at present,
but it is possible to integrate an LLM API to
generate questions dynamically.
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C. Speech-to-Text Module

For voice-based response inputs,
InterviewSaarthi uses the Web Speech API to
perform browser-level speech recognition and
transcribes the audio content into text form.
This transcribed response is then passed on to
the backend server for evaluation purposes.

D. Response Evaluation Module

Responses are evaluated based on a simple
length-based heuristic formula:

score = min(len(answer)//10,10)

Performance is then classified into low, medium,
and high levels. The design of this module is
intentionally modular to allow for future
replacement with an LLM-powered evaluation
system.

E. Backend Architecture

The backend is built on Flask, which is written in
Python and uses the stateless REST API
approach. Questions are generated by the
/api/start endpoint, whereas results are
obtained via the /api/analyze endpoint.

V. METHODOLOGY

The approach taken in InterviewSaarthi is such
that it attempts to replicate the experience of
an actual interview scenario via question
selection based on domain, submission of
answers using multiple modalities (text and
voice input), automatic grading of the response,
and instantaneous generation of feedback. The
entire process is carried out in a systematic
manner, which includes the following steps:

Step A. Selection of Domain and Difficulty
Level

Once the domain and difficulty level (easy,
medium, or hard) are chosen, the process starts
with a simulated interview session. The
selection process takes place via the web
interface.

Step B. Creation of Questions Set

Upon completion of the above step, questions
are selected from the database corresponding
to the chosen domain. Each session comprises
ten non-repeating questions. In case of
necessity, more questions can be generated
dynamically using LLM.

C. User Response Submission (Text and
Voice)

For each question, the user has an option to
provide their answer in one of the following
ways:

Text Input: Typing the answer directly.

Voice Input: Providing the answer orally via the
computer’s microphone.

The voice input is converted to text format
using Web Speech API before evaluating it.

D. Response Preprocessing

The user-provided response is processed to
strip all irrelevant characters and make it
uniform.

E. Automated Response Evaluation and
Grading

The Response Evaluation Module provides a
numerical score based on a simple length
normalization heuristic:
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score = min(len(answer) // 10, 10)
The scores are interpreted as belonging to one
of the following groups:

0-4: Poor answer/insufficient answer
5-7: Satisfactory answer/adequate answer
8-10: Good answer/detailed answer

The design of this evaluation mechanism
assumes it is replaceable in favor of more
advanced LLM-based semantic evaluation
methods.

F. Feedback Generation

The feedback generation mechanism depends
upon the score category of the user, and it
provides structured feedback on areas of
improvement like response completion, clarity,
and level of involvement. The feedback will be
generated immediately after completing each
question to assist the user in improving his/her
performance.

|
II0“|”|||‘|IIIIII|

G. Result Summary

In the end, a summary result will be generated
by the system, which will include the trend
analysis of the score of the user and
performance insights.

Conclusion
It can be concluded that InterviewSaarthi uses a
structured pipeline for providing the service.

VI. IMPLEMENTATION DETAILS

A. Domain and Difficulty Structure

Question database is constructed using a
nested Python dictionary where the level-1 keys
correspond to the selected domains (Web
Development, Data Science, Data Analytics,
Al/ML, Cyber Security, and Software
Engineering) and the level-2 keys to difficulty
(Easy, Medium, Hard). The function
generate_questions(), in  turn, randomly
samples without replacement to deliver a set of
ten unique questions for each interview session.

B. Question Evaluation Workflow

Answer scoring is executed through the
analyze_answer() method calculating the
following metric:

score = min(len(answer)//10,10)

This simple heuristic allows for immediate
evaluation and classifying answers into
performance categories. As a part of the
enhanced implementation, however, the
current answer evaluation module will be
substituted with a solution based on semantic
assessment performed by an LLM using the
OpenAl/Gemini API.

TABLE lI: Technology Stack

Component HTechnoIogy HPurpose

HTMLS, User interface
Frontend CSS3, . .
. and interaction
JavaScript
REST APl and
Backend Python, Flask||request
handling
. D . _ .
Question Python omain-wise
i question
Engine Module _
generation
Speech Inout Web Speech||Voice-to-text
i P API transcription
LLM-
Al Evaluation OpenAl / res o:aszed
Gemini API P )
analysis
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‘Component HTechnoIogy HPurpose

User login and
... |[Flask '
Authentication , session
Sessions :
handling
Database Firebase  / Sf;;;g .
Optional M DB .
(Optional) ongo ersistence

VII. RESULTS AND ANALYSIS

System Testing of the InterviewSaarthi system
took place through several sessions of mock
interviews to analyze whether the system
performs well with respect to generation,
handling of answers, grading and provision of
real-time feedback.

A. Results for Question Generation

The Question Generator module successfully
generated questions according to the user-
selected domain and difficulty level. Questions
were not repeated for users in a single session
because of random sampling. Availability of
more than 180 questions in six different
domains was useful for preventing repetition
while practicing.

B. Speech to Text Performance

Web Speech API proved to be successful in
generating text from the answers given through
voice input. Transcription was found satisfactory
in normal indoor settings; however, accuracy
declined in noisy environments. Therefore, use
of cloud-based solutions for speech to text
conversion may be considered.

C. Answer Evaluation and Scoring Analysis

In the process of heuristic evaluation, scores
ranging from 0 to 10 have been achieved
depending on the length of responses.
Typically, shorter answers had scores ranging
from 0 to 4 because they did not contain
enough explanation. Answers with detailed
explanations had scores of 8 to 10. Therefore, it
was possible to evaluate candidates quickly in
real time. Though the method does not assess
the semantic correctness of answers, it is used

as a basis for scoring. In the next versions, it
could be replaced by LLMs' semantic analysis.

D. Feedback Generation and User Experience
It was possible to generate feedback for each
answer immediately after submitting. It
positively affected the user experience because
they could determine their weak spots, such as
shortness of the answers, inability to provide an
explanation, and other factors. Finally, at the
end of the practice session, users could get a
summary of their performance to monitor the
progress they make.

E. Overall System Performance

The Flask framework proved to be effective for
processing  user data  because the
communication between the backend and
frontend was consistent through REST APIs.
Since it is designed as a stateless system,
InterviewSaarthi could scale easily.

VIil. ADVANTAGES AND
LIMITATIONS

Advantages

1. InterviewSaarthi offers tailored and subject-
specific interview practice in six different
domains, allowing for effective preparation
without necessitating costly training.

2. Three levels of increasing complexity (Easy,
Medium, and Hard) offer room for the
growth of skills from simple to complex
interviews.

3. .Input in dual modes (textual and vocal)
helps in enhancing writing and speech
skills.

4. Immediate feedback on each question
allows for quick correction and
improvement through iterative learning.

5. Modular design ensures scalability and the
addition of advanced features like LLM-
based semantic evaluation and analytics.

Limitations

1. The existing heuristic system uses response
length as a criterion for scoring but lacks
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semantic and conceptual analysis, making
LLM-powered assessment necessary.
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