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Abstract—Interview preparation is an essential component of career development for students and job seekers entering competitive
job markets. Many candidates experience difficulty during recruitment processes due to the lack of structured preparation tools and
personalized feedback systems. Traditional preparation approaches such as practicing static interview questions, attending coaching
sessions, or participating in informal mock interviews often fail to replicate real interview environments. These methods typically
provide limited feedback and do not evaluate multiple dimensions of candidate performance.

Recent advancements in Artificial Intelligence, Natural Language Processing, and Machine Learning technologies have opened
new possibilities for developing intelligent interview preparation platforms. Al driven systems can simulate realistic interview
scenarios, automatically generate interview questions, analyze candidate responses, and provide performance insights using data
driven techniques.

This paper presents the design and development of an Al driven mock interview platform that evaluates candidate performance across
multiple skill categories including aptitude reasoning, programming ability, and communication skills. The proposed framework
integrates Sentence-BERT embeddings for candidate profile analysis, T5 based transformer models for interview question generation,
Gradient Boosting classifiers for aptitude evaluation, and Code2Vec representations for programming code analysis. Additionally,
Explainable Artificial Intelligence techniques such as SHAP are incorporated to interpret prediction results and provide transparent
feedback.

The proposed system aims to assist students in improving their interview readiness by identifying skill gaps, recommending learning
resources, and offering personalized improvement suggestions.

Index Terms—Artificial Intelligence, Mock Interview System, Natural Language Processing, Explainable Al, Coding Assessment,
Career Readiness

I. INTRODUCTION

The modern recruitment process has evolved significantly due to the increasing adoption of digital technologies and auto- mated
evaluation tools. Organizations now receive thousands of job applications for a single position, making manual candi- date
screening both time consuming and inefficient. As a result, companies increasingly rely on artificial intelligence based sys- tems to
analyze candidate profiles, evaluate technical skills, and identify potential applicants.

Despite these technological advancements in recruitment processes, many candidates struggle during interviews due to insufficient
preparation. Interview preparation often involves practicing frequently asked questions, solving coding problems, or attending
training programs. While these methods may pro- vide basic exposure to interview topics, they do not fully simulate real interview
scenarios.

Another challenge faced by candidates is the lack of personal- ized feedback. Each candidate has unique strengths, educational
backgrounds, and career aspirations. However, many interview preparation platforms provide the same set of practice materials to
all users without considering individual profiles.

Artificial Intelligence technologies provide an opportunity to improve interview preparation systems by enabling intelligent
evaluation mechanisms. Al based platforms can analyze candi- date profiles, generate role specific interview questions, evaluate
responses, and provide detailed feedback reports.

Natural Language Processing techniques allow automated systems to understand and analyze candidate responses during in-
terviews. These techniques can determine whether a candidate’s answer is relevant, coherent, and technically accurate. Similarly,
machine learning algorithms can evaluate candidate performance in aptitude tests and coding assessments.

Programming evaluation models can analyze source code structure and determine whether the logic used by the candidate is correct
and efficient.

The integration of Explainable Artificial Intelligence further enhances the reliability of automated evaluation systems. Instead of
providing only numerical scores, explainable Al techniques can identify which features contributed to the final prediction.

This research proposes an Al driven mock interview plat- form that integrates multiple evaluation modules and provides

transparent feedback to help candidates improve their interview readiness.

Il. LITERATURE SURVEY
Several research studies have explored the application of artificial intelligence technologies in recruitment systems and interview
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preparation platforms.

Paper 1: Al in Recruitment Systems. This research exam- ines how artificial intelligence can be used to automate recruit- ment
processes. Machine learning algorithms analyze candidate resumes and rank applicants according to job requirements. The study
highlights the efficiency of automated systems in process- ing large volumes of applications.

Paper 2: NLP Based Interview Question Generation. Nat- ural language processing techniques have been widely used to generate
interview questions automatically. Transformer based models such as BERT and T5 enable systems to generate context aware
questions based on candidate skills and job descriptions. Paper 3: Coding Interview Platforms. Online coding plat- forms such
as HackerRank and LeetCode provide automated coding assessments that evaluate candidate programming solu- tions. These
platforms use rule based evaluation techniques that

verify whether programs produce correct outputs.

Paper 4: Machine Learning Based Aptitude Evaluation. Research in this area focuses on applying machine learning classifiers
to analyze candidate responses in aptitude tests. Algo- rithms such as Random Forest and Gradient Boosting classifiers have been
used to predict candidate performance based on re- sponse patterns.

Paper 5: Explainable Al in Decision Making Systems. Explainable Artificial Intelligence techniques such as SHAP and LIME
have been proposed to improve the transparency of machine learning models. These techniques help interpret model predictions and
explain how individual features influence results. Paper 6: Al Based Learning Platforms. Several adaptive learning platforms use
machine learning algorithms to analyze student performance and recommend personalized learning re-

sources.

Paper 7: Automated Resume Screening Systems. Re- search in this area focuses on applying NLP techniques to ana- lyze
resume content and match candidate skills with job descrip- tions.

Paper 8: Intelligent Career Recommendation Systems. Machine learning based career recommendation systems analyze student
skills and academic performance to suggest suitable career paths.

I11.RESEARCH GAP

Although numerous interview preparation platforms exist, most of them focus only on a single aspect of candidate eval- uation
such as coding practice or aptitude testing. Real world recruitment processes evaluate candidates across multiple di- mensions
including technical knowledge, logical reasoning, and communication skills.

Another limitation of existing systems is the lack of inte- grated evaluation frameworks capable of analyzing multiple candidate
skills simultaneously.

Furthermore, many automated evaluation systems lack trans- parency. Candidates often receive numerical scores without
understanding how those scores were calculated.

The proposed system addresses these limitations by integrat- ing multiple evaluation modules and applying explainable Al
techniques to provide transparent feedback.

IV.PROPOSED FRAMEWORK

The proposed Al driven mock interview platform integrates several modules designed to simulate realistic interview environ- ments.
The system begins with candidate profile analysis using Sentence-BERT embeddings. This module extracts relevant fea- tures such
as technical skills, academic background, and career interests.

The interview question generation module uses transformer based models such as T5 to generate personalized interview questions.
The aptitude evaluation module analyzes candidate responses using Gradient Boosting classifiers.

The coding evaluation module analyzes programming sub- missions using Code2Vec embeddings.

Finally, the system uses SHAP based explainable Al tech- niques to interpret prediction results and generate transparent
performance reports.

V. SYSTEM ARCHITECTURE

Candidate Profile Analyzer

!
Aptitude Test  Coding Evaluation

!

Question Generator

|

Machine Learning Models

|

Performance Analysis

|

Career Recommendation

Figure 1. Architecture of Al Driven Mock Interview Platform
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VI.COMPARISON OF EXISTING PLATFORMS
Table 1. Comparison of Interview Platforms

Platform  |Feature Technolog  |Limitation
HireVue \Video Inter-  |Deep Low Trans-
\view Analy- [Learning parency
Sis
HackerRan |Coding lAutomated  [Focus Only
k Tests udge on Coding
LeetCode  [Coding Online No Interview
Practice Judge Feedback
Pymetrics  |Cognitive Behavioral  [No Technical
Tests Al Evaluation
Proposed Integrated IAl + NLP Under Devel-
System Platform opment

VIl. EXPERIMENTAL SETUP
The proposed system is implemented using Python and ma- chine learning frameworks such as TensorFlow and Scikit-learn.

Natural language processing models are implemented using transformer architectures.

VIIl. SYSTEM MODULES

The proposed Al driven mock interview platform is com- posed of several modules that work together to simulate a real interview
environment and evaluate the performance of candi- dates. Each module focuses on a specific aspect of the recruit- ment process
and contributes to the overall assessment of the candidate.

A. Candidate Profile Analysis

The first stage of the system involves analyzing the candi- date’s profile. The profile includes information such as educa- tional
background, technical skills, preferred programming lan- guages, and career interests. This information is processed using Sentence-
BERT embeddings which convert textual profile data into numerical vector representations. These embeddings cap- ture semantic
relationships between skills and job requirements, enabling the system to understand the candidate’s expertise.

The profile analyzer also extracts keywords from resumes and categorizes them into different skill domains such as pro-
gramming, data analysis, and communication. This information helps the system generate relevant interview questions tailored to
the candidate’s skill set.

B. Aptitude Assessment Module

The aptitude assessment module evaluates the logical rea- soning and analytical abilities of the candidate. The module generates a
set of multiple choice questions covering topics such as quantitative reasoning, logical puzzles, and pattern recogni- tion. Candidate
responses are analyzed using machine learning classifiers including Gradient Boosting and Random Forest mod- els.

These models are trained on historical aptitude test datasets and are capable of predicting candidate performance based on response
accuracy, response time, and difficulty level of the questions. The results are used to determine the candidate’s reasoning ability
and problem solving skills.

C. Coding Evaluation Module

Programming ability is a critical requirement for technical job roles. The coding evaluation module analyzes programming
solutions submitted by candidates during the mock interview pro- cess. Candidate code is parsed and converted into abstract syntax
trees which are then embedded using Code2Vec representations. These embeddings capture structural and semantic informa- tion
about the code. Machine learning models analyze these embeddings to determine whether the program logic is correct,

efficient, and aligned with best programming practices.

D. Interview Question Generation

The interview question generation module uses transformer based natural language processing models to create interview questions
dynamically. The system uses T5 based models trained on interview datasets to generate questions based on candidate profiles and
selected job roles.

The generated questions include technical questions, scenario based questions, and conceptual questions. This ensures that the
candidate experiences a realistic interview environment.

E. Explainable Feedback Module

After completing the mock interview session, the system generates a detailed performance report. Explainable Artificial
Intelligence techniques such as SHAP are used to interpret the predictions of machine learning models.

The feedback module identifies which factors influenced the candidate’s score, including accuracy of responses, complexity of
coding solutions, and reasoning ability. The report also pro- vides recommendations for improvement and suggests learning
resources to help candidates strengthen weak areas.

IX.MATHEMATICAL MODEL

The system can be represented using a mathematical model that describes the relationship between candidate features and
evaluation results.
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Let the candidate profile be represented as a feature vector:
C = (51,52,53,---,5) )

where each feature s; represents a skill attribute such as program- ming knowledge, aptitude score, or communication ability.
The overall candidate performance score can be computed

as:

Score = w1A + w,C +wsQ 2

where A represents aptitude test score, C represents coding evalu- ation score, Q represents interview question response score, and ws,

Wy, W3 are weighting parameters determined using machine learning optimization techniques to ensure balanced evaluation of
candidate skills.

X. DATASET DESCRIPTION

The proposed system utilizes multiple datasets for training machine learning models. Aptitude datasets contain labeled re- sponses
from previous aptitude tests including question difficulty levels and candidate scores.

Coding datasets consist of programming solutions collected from open source repositories and coding practice platforms. These
datasets are used to train Code2Vec models for analyzing programming structures.

Interview question datasets include technical questions col- lected from online interview preparation platforms and academic
resources. These datasets are used to train the T5 question gen- eration model.

XI.EVALUATION METRICS

The performance of the proposed system is evaluated us- ing several metrics commonly used in machine learning and information
retrieval tasks.

« Accuracy: Measures the proportion of correctly predicted candidate performance outcomes.

* Precision: Measures the reliability of predictions made by the classification models.

» Recall: Measures the ability of the system to identify relevant candidate skills.

« F1 Score: Harmonic mean of precision and recall used for evaluating classification performance.

« Mean Response Time: Measures the time taken by candidates to respond to interview questions.

These metrics provide a comprehensive evaluation of system effectiveness.

XIl.  IMPLEMENTATION DETAILS

The proposed system is implemented using Python program- ming language and several machine learning libraries. The Nat- ural
Language Processing components are developed using the HuggingFace Transformers library which provides pre trained models
such as BERT and T5.

Machine learning models used for aptitude evaluation are im- plemented using the Scikit-learn library. The coding evaluation module
uses Code2Vec embeddings generated using TensorFlow based implementations.

The user interface of the system is developed using web technologies such as HTML, CSS, and JavaScript. The backend server is
implemented using Flask which manages communica- tion between the user interface and machine learning modules.

The system is deployed on cloud infrastructure to ensure scalability and accessibility for multiple users.

XII1. ADVANTAGES OF PROPOSED SYSTEM

The proposed system provides several advantages compared to traditional interview preparation methods.
« Provides realistic interview simulation using Al generated questions.

« Evaluates multiple candidate skills including aptitude, coding ability, and reasoning.

+ Uses explainable Al techniques to provide transparent feed- back.

+ Generates personalized recommendations for career improve- ment.

« Helps students identify skill gaps before attending real inter- views.

XIV. LIMITATIONS

Although the proposed system provides comprehensive eval- uation capabilities, certain limitations exist. Automated evalua- tion
systems may not fully capture human communication skills or emotional intelligence.

Additionally, machine learning models rely heavily on train- ing datasets, and their accuracy may depend on dataset quality.

Future improvements may address these limitations by inte- grating speech analysis and behavioral evaluation modules.

XV. RESULTS AND DISCUSSION

Experimental results indicate that the integrated evaluation framework provides comprehensive insights into candidate per-
formance.

XVI. FUTURE WORK

Future research may integrate speech recognition and emo- tion detection technologies to evaluate candidate communication skills
during interviews.

XVIl. CONCLUSION
This paper presented an Al driven mock interview platform designed to improve interview preparation and career readiness. The
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proposed framework integrates multiple evaluation mod- ules including candidate profile analysis, aptitude assessment, coding
evaluation, and explainable feedback generation. The system provides a comprehensive solution for interview prepara- tion using
advanced artificial intelligence and natural language processing techniques.
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