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Abstract

Recruitment processes often rely on question banks that
are manually distributed among candidates, which can
unintentionally introduce bias and inconsistency in
evaluation. This paper presents Interview Question
Analyzer, a framework designed to ensure fairness in
question distribution and candidate assessment. The
system integrates a secure authentication module,
automated difficulty classification, and equity-driven
allocation algorithms to generate balanced interview
papers. Question pools are ingested from CSV or PDF
formats, with difficulty levels determined through
heuristic keyword analysis and contextual length
evaluation. A fairness audit mechanism highlights
disparities in distribution, while a corrective equity
algorithm enforces structural parity across candidates.
Additionally, relevancy scoring is performed using TF-
IDF vectorization against job descriptions to align
questions with role-specific competencies. The
framework incorporates archival and reporting features,
enabling consolidated candidate assessments in
PDF/CSV formats and secure storage in a relational
database. An interactive dashboard built with Streamlit
and Plotly provides HR professionals with real-time
analytics, fairness notifications, and thematic
visualizations. By combining automated distribution,
bias detection, and equity enforcement, the proposed
system contributes to transparent and standardized
interview evaluation practices, reducing subjectivity
and enhancing reliability in candidate assessment.

Keywords:- Interview systems, bias-free evaluation,
fairness algorithm, question distribution, TF-IDF
relevancy, equity enforcement, recruitment analytics.

1. INTRODUCTION

In modern recruitment practices, interview evaluation
plays a pivotal role in selecting candidates who align
with organizational requirements. However, traditional
methods of distributing interview questions often suffer
from inconsistencies, bias, and lack of transparency.
Human resource professionals frequently rely on
manually curated question sets, which may
inadvertently favor certain candidates due to uneven
difficulty levels or misalignment with job descriptions.
These challenges highlight the need for a systematic
framework that ensures fairness, accuracy, and
efficiency in candidate assessment.

The proposed system, Interview Question Analyzer,
addresses these limitations by automating the
distribution and evaluation of interview questions. The
framework integrates secure authentication, intelligent
difficulty classification, and equity-driven algorithms to
generate balanced question papers for multiple
candidates. By leveraging heuristic keyword analysis
and contextual length evaluation, the system categorizes
questions into easy, medium, and hard levels, ensuring
structural parity across all participants. Furthermore,
relevancy scoring using TF-IDF vectorization aligns
questions with job-specific competencies, thereby
enhancing the validity of the evaluation process.

Beyond distribution, the framework incorporates
fairness auditing mechanisms that detect disparities in
question allocation and notify HR professionals of
potential bias. A corrective equity algorithm enforces
balanced distribution, ensuring that each candidate
receives a comparable mix of questions. The system
also provides archival and reporting capabilities,
enabling consolidated candidate assessments in PDF
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and CSV formats, while maintaining secure storage in a
relational database.

To facilitate practical usability, an interactive dashboard
built with Streamlit and Plotly offers real-time analytics,
fairness notifications, and thematic visualizations. This
empowers recruiters to monitor distribution patterns,
evaluate candidate fit scores, and maintain transparency
in the assessment process. By combining automation,
bias detection, and equity enforcement, the Interview
Question Analyzer contributes to standardized and
bias-free recruitment practices, bridging the gap
between traditional evaluation methods and modern
data-driven approaches.

1.2 Objectives

The main objective of this project is to design a
framework that ensures fairness and transparency in
interview question distribution. The system minimizes
bias by automating question allocation, enforcing equity
across difficulty levels, and aligning questions with job-
specific competencies.

Specific objectives include:

. To classify questions into easy,
medium, and hard levels using heuristic
analysis.

o To distribute questions fairly among
candidates and detect bias through auditing.

. To apply an equity algorithm that
enforces structural parity in question sets.

. To evaluate relevancy of questions
against job descriptions using TF-IDF scoring.

o To provide secure authentication,
archival of assessments, and consolidated
reporting.
. To develop an interactive dashboard for
real-time fairness analytics and candidate
evaluation.

2. LITERATURE REVIEW

Recruitment fairness has been a recurring theme in both
academic and industry studies. Prior works highlight
that manual interview processes often introduce bias
due to uneven distribution of questions and subjective

difficulty levels. Researchers have explored automated
classification of questions using keyword-based
heuristics, which helps in categorizing them into easy,
medium, and hard levels.

Text similarity techniques such as TF-IDF have been
widely applied in information retrieval and
job-matching systems, showing their usefulness in
aligning evaluation content with role requirements.
Studies on fairness in testing environments also
emphasize the importance of equity algorithms to
ensure balanced assessment across participants.

While these approaches provide valuable insights, most
existing systems focus on isolated aspects such as
classification or relevancy. Few integrate fairness
auditing, equity enforcement, and visualization into a
single framework. The proposed Interview Question
Analyzer builds on these foundations by combining
automated distribution, bias detection, and role-specific
relevancy scoring into a unified solution for transparent
candidate evaluation.

3. DATASET DESCRIPTION

The dataset used in this project consists of interview
questions collected from multiple sources in CSV and
PDF formats. Each entry includes the question text and,
where available, an associated difficulty label. In cases
where difficulty is not explicitly provided, the system
applies heuristic rules based on keywords and question
length to classify them into Easy, Medium, or Hard.

Additional metadata is generated during processing,
including the original difficulty, adjusted difficulty (if
modified by the equity algorithm), and relevancy scores
computed against job descriptions using TF-IDF
vectorization. Candidate information such as
qualification and reference identifiers is also stored to
support fairness auditing and archival.

The dataset is managed through a SQLite relational
database, which maintains two primary tables: one for
user authentication and another for interview history.
The history table records timestamps, job roles,
candidate references, and the distributed question sets in
JSON format. This structured storage ensures
consistency, supports retrieval for analysis, and enables
generation of consolidated reports.

Overall, the dataset integrates raw question pools with
system-generated attributes, forming a comprehensive
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foundation for bias detection, equity enforcement, and
transparent candidate evaluation.

4. METHODOLOGY

The methodology adopted for the Interview Question
Analyzer framework is organized into sequential
phases that collectively ensure fairness, transparency,
and efficiency in interview question distribution and
evaluation. Each phase integrates technical components
ranging from data handling to equity enforcement,
supported by secure authentication and interactive
visualization.

4.1 Data Acquisition and Preprocessing

Interview questions are ingested from CSV and PDF
sources. During preprocessing, the system extracts
question text and applies heuristic rules to classify them
into difficulty levels. Keyword analysis and
length-based heuristics are used to assign initial labels
of Easy, Medium, or Hard. In cases where difficulty
labels are missing or inconsistent, the classification
engine ensures standardized categorization. Candidate
details, including qualifications and identifiers, are also
captured to support fairness auditing.

4.2. Difficulty Classification and Relevancy Scoring

The framework integrates a hybrid approach for
question evaluation. Difficulty classification is
performed using heuristic keyword detection combined
with contextual length analysis. To align questions with
job-specific competencies, the system applies TF-IDF
vectorization and cosine similarity measures. This
generates relevancy scores that quantify the degree of
alignment between candidate questions and the
provided job description, ensuring contextual validity in
the evaluation process.

4.3. Fairness Auditing and Equity Enforcement

A fairness auditing mechanism continuously monitors
the distribution of questions across candidates. It
identifies disparities in the allocation of easy, medium,
and hard questions, generating alerts when imbalances
are detected. To correct these disparities, an equity
algorithm enforces structural parity by redistributing or
modifying question sets. This ensures that each
candidate receives a balanced mix of questions, thereby
minimizing bias and promoting transparency in the
assessment process.

4.4 System Architecture and Implementation

The system is implemented using Python with
Streamlit for the user interface and SQLite for
relational data storage. Authentication modules secure
user access, while archival functions preserve
distributed question sets for future reference. The
architecture integrates multiple modules: data ingestion,
classification, fairness auditing, equity enforcement,
and reporting. Visualization components, built with
Plotly, provide bar charts, pie charts, and line charts to
represent distribution patterns, fairness checks, and
relevancy scores. The interactive dashboard enables HR
professionals to monitor candidate assessments in real
time.

4.5. Reporting and Archival

The final stage of the methodology involves generating
consolidated reports in PDF and CSV formats. These
reports include distributed question sets, difficulty
levels, and relevancy scores. Archival functions store
historical data with timestamps, job roles, and candidate
references, ensuring traceability and supporting
longitudinal analysis of recruitment practices.

5. EXISTING AND PROPOSED SYSTEM
5.1. Existing System

Traditional interview evaluation systems rely heavily on
manual processes where HR professionals curate
question sets and assign them to candidates. This
approach often lacks consistency, as difficulty levels are
not standardized and distribution may unintentionally
favor certain individuals. Without automated
classification or auditing, the fairness of assessments is
difficult to guarantee, leading to potential bias and
inefficiency in recruitment practices.

Some existing digital platforms provide limited
automation, such as storing question banks or offering
basic categorization. However, these systems typically
focus on isolated functions like question storage or
keyword matching, without integrating fairness
auditing, equity enforcement, or relevancy scoring. As
a result, they fail to ensure balanced distribution across
candidates and lack transparency in evaluation
outcomes.

5.2. Proposed System

The Interview Question Analyzer framework
automates the distribution and evaluation of interview
questions to ensure fairness and transparency. It
integrates secure authentication, heuristic classification,
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and TF-IDF relevancy scoring to categorize questions
into easy, medium, and hard levels while aligning them
with job-specific competencies. This structured
approach minimizes bias and provides balanced
question sets for all candidates, improving the reliability
of recruitment assessments.

To further enhance equity, the system incorporates a
fairness auditing mechanism that detects disparities in
question allocation and applies an equity algorithm to
enforce structural parity. An interactive dashboard built
with Streamlit and Plotly offers recruiters real-time
analytics, fairness notifications, and visualizations such
as bar charts, pie charts, and line charts. Consolidated
reporting in PDF and CSV formats, along with archival
in a relational database, ensures transparency,
traceability, and practical usability in modern
recruitment practices.

6 IMPLEMENTATION
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Figurel: System Architecture

The system is implemented using Python as the core
programming language. The user interface is developed
with Streamlit, providing an interactive and responsive
dashboard. Plotly is integrated for visual analytics,
enabling bar charts, pie charts, and line charts to
represent fairness distribution and relevancy scores.
Data storage and retrieval are managed through a
SQLite relational database, ensuring lightweight yet
reliable persistence of user authentication and interview
history.

6.2 Database and Security

A relational database schema is designed with two
primary tables: one for user authentication and another
for interview history. Passwords are secured using
SHA-256 hashing, ensuring confidentiality of user
credentials. The history table records timestamps, job

roles, candidate references, and distributed question sets
in JSON format. This design supports archival,
retrieval, and consolidated reporting while maintaining
data integrity.

6.3 Question Classification

Interview questions are ingested from CSV and PDF
formats. A heuristic classification engine categorizes
questions into Easy, Medium, and Hard levels based
on keyword analysis and contextual length evaluation.
When difficulty labels are missing, the system applies
automated rules to ensure standardized categorization.
This step forms the foundation for equitable distribution
across candidates.

6.4 Fairness Auditing and Equity Algorithm

The fairness auditing module monitors distribution
patterns and generates alerts when disparities are
detected. To enforce parity, the equity algorithm
redistributes or modifies question sets, ensuring each
candidate receives a balanced mix of difficulty levels.
This mechanism minimizes bias and strengthens
transparency in evaluation outcomes.

6.5 Relevancy Scoring

To align questions with job-specific competencies, the
system applies TF-IDF vectorization and cosine
similarity. This generates relevancy scores that
quantify the contextual fit of questions against job
descriptions. These scores are displayed in the
dashboard, enabling recruiters to evaluate candidate
assessments with greater accuracy.

6.6 Visualization and Reporting

The dashboard integrates multiple visualization
components, including bar charts for difficulty
distribution, pie charts for categorical proportions, and
line charts for performance trends. Recruiters can
download consolidated reports in PDF and CSV
formats, which include distributed question sets,
difficulty levels, and relevancy scores. Archival features
preserve historical data for long-term analysis.

7. RESULT

The Interview Question Analyzer was tested across
multiple candidate profiles using varied question pools
in CSV and PDF formats. The system successfully
classified questions into three difficulty levels and
distributed them equitably among candidates.
Relevancy scores were computed using TF-IDF
vectorization, aligning questions with job descriptions
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to ensure contextual accuracy. Fairness auditing
identified disparities in question allocation, which were
corrected using the equity algorithm. The dashboard
provided real-time analytics, and consolidated reports
were generated in both PDF and CSV formats.

The table below summarizes the distribution metrics
and relevancy scores for a sample set of candidates. It
highlights how the system enforces structural parity and
maintains consistent evaluation standards across

different profiles.

Candidate | Easy Medium | Hard
Candidate | 2 2 2

1

Candidate | 2 2 2
2

Candidate | 2 2 2

3

Table 1: Question Distribution System

Candiadate | Relevancy Equity
(%) Adjusted
Candidate 1 | 87.5 1 (Hard —
Medium)
Candidate 2 | 85.2 0
Candidate 3 | 89.1 1 (Medium
— Easy)

Table 2 : Relevancy and Equity Metrics

- Ha

- Ea

c1 C2 c3
Candidate

Figure 2 : Difficulty distribution of questions across
candidates

The bar chart illustrates the distribution of interview
questions categorized into Easy, Medium, and Hard
levels across three candidates. Each candidate received
an equal mix of two easy, two medium, and two hard
questions. This demonstrates the system’s ability to

enforce structural parity and eliminate bias in question
allocation.

. All candidates received balanced sets
of questions, ensuring fairness.

) The equity algorithm corrected minor
disparities detected during auditing, resulting in
uniform distribution.

) The visualization confirms that the
framework successfully minimizes bias and
maintains transparency in evaluation.

Imbalanced

Balanced

Figure 3: Fairness auditing results

The pie chart illustrates the outcome of fairness auditing
performed on distributed interview question sets. Out of
all candidate sessions analyzed, 80% were initially
balanced, meaning they received an equitable mix of
easy, medium, and hard questions. The remaining 20%
were flagged as imbalanced, triggering the equity
algorithm to adjust the distribution.

o The system achieved a high fairness

rate (80%) even before equity enforcement.

o The auditing module effectively

identified bias in 20% of cases, allowing

corrective action.

o This  visualization confirms the

system’s ability to monitor and maintain

structural parity across candidate evaluations.
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Figure 4: Equity adjustments over sessions
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o The line chart visualizes the number of
equity adjustments made across ten candidate
sessions.

. Adjustments peaked at Session 3 with
3 corrections, indicating a high imbalance
initially.

. Sessions 6 and 7 required no
adjustments, showing improved fairness in
question distribution.

. The chart confirms that the equity
algorithm dynamically responds to fairness
gaps and stabilizes over time.

c1 c2 c3
Candidate

Figure 5: Relevancy score distribution across
candidates

The histogram illustrates the distribution of TF-IDF
relevancy scores across three candidates. Most scores
cluster in the 80-90% range, confirming that the
system consistently aligns interview questions with job
descriptions. Candidate 3 achieved the highest
frequency of high-relevancy questions, while Candidate
2 showed slightly lower alignment. This visualization
demonstrates the system’s ability to maintain contextual
accuracy across different candidate profiles.

Module Metric Result
Evaluated
Authentication | Login 100%
success rate
Classification | Avg. 0.8s
processing
time
Fairness Bias 96%
Auditing detection
rate
Equity Adjustments | 12%

Algorithm applied

Reporting Export 100%
success rate

Table 3: System Performance Metrics
8. CONCLUSION

The proposed system successfully ensures fair and
contextually relevant interview question distribution by
combining difficulty-level classification with TF-IDF-
based relevancy scoring. Through structured auditing
and equity adjustments, the framework maintains
balance across candidate sessions, minimizing bias and
promoting transparency in evaluation.

Visualizations such as the difficulty distribution bar
chart, fairness auditing pie chart, and equity adjustment
line chart confirm the system’s ability to enforce
structural parity and respond dynamically to detected
imbalances. The relevancy score histogram further
validates the system’s alignment with job descriptions,
reinforcing its practical applicability in real-world
recruitment scenarios.

Overall, the project demonstrates a scalable and
ethically grounded approach to automated interview
question generation. By integrating fairness metrics and
contextual accuracy, it offers a robust solution for
institutions seeking to enhance candidate evaluation
while upholding equity and relevance.

9. FUTURE ENHANCEMENT

To further improve the system’s adaptability, future
work can integrate semantic similarity models such as
BERT or Sentence Transformers alongside TF-IDF.
This would enhance contextual matching between job
descriptions and questions, especially for nuanced or
domain-specific roles where keyword-based scoring
may fall short.

The fairness auditing module can be extended to include
demographic sensitivity analysis, ensuring that question
distribution remains unbiased across gender, experience
level, or educational background. Incorporating
explainable Al techniques would also allow
stakeholders to understand and validate the fairness
logic applied during equity adjustments.

Finally, the system can be scaled into a real-time
interview assistant with dynamic question generation
based on candidate responses. This would require
reinforcement learning and conversational Al
integration, enabling adaptive interviews that maintain
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fairness while responding intelligently to candidate
performance.
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