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Using Deep Learning and Transformer Models to
Identify Inconsistencies Between Interview Responses
and Resume Claims

Jareen Sayma Haque
Student ID: X23383593

Abstract

In modern recruitment, a large ”trust gap” exists between claims made on re-
sumes and statements given in interviews, an issue cannot be addressed with mere
human checks or manual verification alone. The aim of this work is to fill the
gap by developing, applying, and validating a novel deep learning framework to
automatically detect semantic inconsistencies between these two sources. The core
objective was to determine the extent to which transformer-based models could
accurately perform this task, comparing three distinct architectures which are Bi-
Encoder, Cross-Encoder, and a T5 based Natural Language Inference (NLI) model
on a custom-built dataset of real-world humane and synthetically generated resume-
interview pairs. The findings indicates that utilizing both contexts simultaneously
is far superior, with the fine-tuned Cross-Encoder model significantly outperformed
the other architectures, achieving 73.1% accuracy and a balanced F1-score of 72.7%.
This paper establishes the first empirical benchmark for the novel work of resume-
to-interview consistency detection presenting a proven blueprint for a new class
of smart HR tools designed to support evidence-based hiring. This work contrib-
utes to fairer, transparent recruitment practices by developing scalable verification
mechanism to aid human judgment rather than replacing it.

Keywords: Deception Detection, Transformer Models,Sentiment Analysis,
Recruitment Efficiency, NLI, Transformers, Bias Mitigation, HR

1 Introduction
1.1 Research Background and Motivation

In this current era of Al in recruitment, organizations are armed with powerful tools for
processing candidate information at an unprecedented scale. This technological change is
a huge step forward for efficiency, but it has also opened us up to a critical vulnerability:
a big "trust gap” between the claims presented on a static resume and the statements
made in a dynamic interview. |Weiss and Feldman| (2006) studies have indicated that
a significant percentage of candidates embellish qualifications on their resumes, yet the
disconnected nature of modern recruitment platforms prevents scalable verification of
these claims against interview data.The sheer volume of digital applications has made
manual, line-by-line verification impossible. For which, key hiring decisions are often
made based on unverified, potentially inconsistent information. This research was chosen
to mitigate this urgent need. Because this gap is not simply an operational inefficiency,



it is a fundamental threat to the integrity of fair and meritocratic hiring practices. The
motivation for this work stems from the firm belief that for Al to be a truly beneficial tool
in recruitment, it must not only automate processes, but also enhance accountability and
truthfulness. Although existing Al solutions are capable of scanning CVs and conducting
initial interviews, they function as isolated systems, leaving a crucial bridge between them
unsolved. This thesis directly confronts this gap. The core motivation is to design and
validate a new class of intelligent systems capable of performing this cross-verification,
changing the standard from simple data processing to sophisticated, evidence-based val-
idation. Such a system is much needed to enable organizations to make faster, better,
and most importantly, fairer hiring decisions.

1.2 Aim, Objectives and Research Questions

The principal aim of this research is to architect, implement, and validate a novel
deep learning framework to automatically and accurately detect semantic inconsisten-
cies between candidate resumes and their transcribed interview responses. To achieve
this aim, the following objectives were established:

e To critically investigate the state-of-the-art literature in resume parsing, deception
detection, and fairness in Al to identify the specific methodological and ethical gaps
in existing research.

e To design and develop a novel framework for cross-document consistency checking,
implementing multiple transformer-based architectures.

e To evaluate the performance of the developed models using a custom-built dataset
composed of real-world and synthetically generated resume-interview pairs, meas-
uring performance with standard metrics including accuracy, precision, recall, and
F1-score.

e To analyze the results to determine the most effective architecture for this specific
task and contribute the first empirical benchmark and a validated methodological
blueprint to the field of Al-driven recruitment.

This rigorous process was designed to answer a main research question, supported by
specific sub-questions. The central inquiry of the project is,

To what extent can deep learning models accurately detect semantic inconsist-
encies between claims made in a resume and statements given in a transcribed
interview? This was further broken down to explore how different transformer architec-
tures compare in performance in different evaluations metrics and what types of incon-
sistencies the models are most effective at identifying. Also, this study was guided by the
central hypothesis that a Cross-Encoder architecture would achieve a significantly higher
F1l-score and accuracy compared to a Bi-Encoder model to perform joint-contextual ana-
lysis of the text pair.

1.3 Research validation, Contribution and Significance

The outcome of this research provides a definitive and positive answer to the research
questions, demonstrating that the project objectives were not only met but exceeded.This
project successfully demonstrates that a finely-tuned Cross-Encoder model can attain



high performance (73% accuracy, 72.7% F1-score) in this novel task validating the central
hypothesis and establishing a powerful proof-of-concept. The contribution of this work
in this field is highly significant and multi-faceted:

e Technical Contribution It delivers the first empirical benchmark for the novel
task of resume-to-interview consistency detection. While prior work has focused
on matching resumes to job descriptions, our work establishes a crucial baseline
for the more complex challenge of verifying claims against unstructured interview
transcripts.

e Practical Contribution It offers a true blueprint for a scalable, efficient, and
privacy-preserving tool that can be integrated into next-generation Human Re-
sources technology platforms.

e Ethical Contribution This work promotes a crucial shift towards evidence-based
hiring also creating a mechanism to enhance transparency and accountability in a
field often subject to unconscious bias.

The finding of this study have significant implications for both academic research and the
practical development of more responsible and robust Al systems for human resources.
Beyond technical innovation, the impact of this work directly aligns with several of the
United Nations Sustainable Development Goals (SDGs). By creating a system that pri-
oritizes verifiable facts over subjective impressions, this work contributes to SDG 10
(Reduced Inequalities) by helping to mitigate the influence of demographic and af-
finity biases in hiring. It supports SDG 8(Decent Work and Economic Growth)
by fostering more effective, meritocratic employment matching, ensuring candidates are
selected based on their true qualifications. Finally, it embodies the spirit of SDG
9 (Industry, Innovation, and Infrastructure) as a cutting-edge application of Al
for social and economic good by contributing to the development of smarter and fairer
infrastructure for the global workforce.

This report is structured as follows, Section 2 provides a critical review of the state-of-
the-art literature in resume parsing, fairness in Al, deception detection, and transformer
models. Section 3 details the research methodology, justifying the choice of quantitative
approach and models. Section 4 presents the design specification and architecture of the
developed models. Section 5 describes the implementation of the solution, followed by a
comprehensive evaluation and analysis of the experimental results in Section 6. Finally,
Section 7 concludes the report, discussing the findings, acknowledging limitations, and
proposing future research directions.

2 Related Work

Recruitment increasingly demands systems that can assess semantic consistency between
resumes and interview responses. This review evaluates research in resume parsing, de-
ception detection, and transformer modeling, highlighting how existing literature informs
or limits current approaches. The core question is whether deep learning and transformer
models can accurately detect inconsistencies between interview answers and resume claims
for robust truthfulness assessment in Al-driven hiring.



2.1 Automated Resume Parsing: Technical Evolution and Chal-
lenges

The computational processing of resumes forms a critical initial stage in any system
aiming to verify candidate claims, since the accuracy of this initial data extraction lim-
its the overall effectiveness of downstream assessments. Early research in resume parsing
primarily used rule-based systems and statistical methods like Conditional Random Fields
(CRF) for information extraction (circa 2015-2018)Chakraborty et al.| (2017) Gupta and
Batra/ (2016). While pioneering, these methods were often brittle, struggling with the di-
verse layouts and linguistic variations common in resumes. Recent foundational research,
such as by |Jivtode et al.| (2023)), and Nikam et al. (2024)), has attempted to improve these
natural language processing and machine learning methods. However, the ongoing tech-
nical issue, as clearly stated by Deepa et al. (2024), is that these systems still struggle with
the high degree of variability in resume formatting and the vagaries of natural language.
To overcome these technical challenges, recent work has adopted methodologies related
to deep learning. For instance, Selvi.S et al.| (2024)) proposed ”"DeepResume,” which
utilized a hybrid method combining a transformer, CNN, and RNN model-based learning
to successfully harvest data in a more robust and flexible way.However, the supremacy
of deep learning is not absolute. In a groundbreaking comparative study, Wang and Zhu
(2022) showed that while deep learning is promising, competitive performance is still
possible using the widely established CRF model for smaller, well-structured datasets.
This suggests that the choice of parsing model is a complex technical trade-off needed to
understand context as a function of dependencies in the data.

2.2 Fairness and Bias in AI-Driven Recruitment

Besides the technical aspects relating to precision and responsiveness, a more vial chal-
lenge facing the automated recruitment industry is systemic bias and fairness. Two
recent studies highlight this challenge from different but complementary angles. Utilizing
a systematic review methodology, Mujtaba and Mahapatra, (2024) outline the terrain of
fairness relating to Al-recruitment practices. Their main finding shows that concerns
regarding fairness are essentially systemic, marked by serious challenges arising from bi-
ases inherent in past training data, discriminatory behavior learned by algorithms, and
a general absence of transparency in Al-aided decision-making systems. |Stuss and Fu-
larski (2024), find a significant gap between the potential benefits of Al and its actual
use, driven by managers’ ethical concerns and a lack of trust. Diverse inquiries into Al’s
role reveal a multi-faceted gap. Mujtaba and Mahapatra (2024))’s technical analysis of
parsing systems highlights how even accurate tools can discriminate. In contrast, the
work of [Stuss and Fularski (2024)) is grounded not in technical analysis but in the prac-
tical perspectives of HR professionals, revealing that most managers do not use Al, and
organizations lack ethical policies for it. Together, both studies reveal a significant, multi-
faceted gap in the field. The most salient limitation in Mujtaba and Mahapatra; (2024))s
work is its narrow concentration on ranking and evaluation, failing to discuss the ethical
responsibilities of Al systems designed to reveal probable deception. Concurrently, the
primary limitation of [Stuss and Fularski (2024) research is its nature as a pilot study.
However, Al implementation lacks sufficient regulation and ethical enforcement, leaving
its broader societal and organizational goals undefined.



2.3 Deception Detection and Textual Inconsistency Identifica-
tion:

With claims extracted, the main goal shifts to the verification phase, making use of know-
ledge gained from research on deception detection. This area of study can be classically
divided into three approaches: behavioral, linguistic, and hybrid methods. Early attempts
at text-based deception detection, Pérez-Rosas et al.| (2015), successfully applied machine
learning models to identify deceitful language by analyzing authentic textual samples,
thus confirming the effectiveness of computational methods for this task. Following this,
recent linguistic research, [Melis et al.| (2024)), determined instances of falsehood through
cognitive load indicators, response times, in highly precise contexts; these are indirect
measurements of the presence of specific factual inaccuracies, which embody the main
goal of this thesis. Contrarily, the purely linguistic method applied by Shahriar et al.
(2021)) makes use of SBERT to identify universal deception patterns across multiple text
domains, attempting to identify a generalizable signature of deception, which, although
relevant, could be non-specific to the detection of the specific factual inaccuracies that
are at the center of this thesis. To synthesize these two aspects, (Chanda and Mandal
(2024)) promote a sophisticated hybrid model that combines cognitive factors like response
consistency and delay with text analysis through a Bi-LSTM framework which provides
a more comprehensive approach to the detection of deception. In contrast, the narrow
emphasis on identifying factual errors instead of intentions to deceive makes the latter
unreliable to factual inconsistencies. This effort is most directly related to the domain of
plagiarism detection. [Abisheka et al. (2024)proposed the T-SRE model utilizing trans-
formers to determine semantic relationships for the identification of unauthorized reuse
expressed as contextual paraphrasing. Their study is of significant value as it describes
subtle semantic similarities, however, its core aim is the identification of unauthorized
reuse and not factual errors. There were a relevant research was by Mesgar et al.| (2021)),
he used NLI to match chatbot dialogue with persona facts, offering key methods for
detecting factual inconsistencies. Their work, however, was limited to chatbot personas
and not applied to the harder task of comparing formal resumes with informal interview
speech.

2.4  Transformer Models for Semantic Similarity and Contra-
diction

Transformer-based architectures represent the innovation in paired textual analysis in
relevance to this research. Legendary foundations like BERT and its more sophisticated
variant, RoOBERTa |Liu et al.| (2019), set a new benchmark for natural language under-
standing. However, the academic literature recognizes the performance boost that comes
with pre-training on domain-specific datasets.Rostam and Kertész (2024) offered em-
pirical evidence that demonstrates SciBERT, pre-trained on scholarly texts, far exceeds
general BERT in scientific classification tasks. This is echoed further by Anisuzzaman
et al.| (2024)), who emphasize the essentiality of fine-tuning large language models (LLMs)
for specific medical purposes. While these investigations refer to their respective domains-
science and medicine, their combined inference leads to an unmistakable principle: peak
performance in special settings is not just based on a capable, generally applicable model
like RoBERTa but also on adapting models through fine-tuning for specialized fields.
This finding relates directly to the current research since it supports the demand for



fine-tuning a model well-suited to the linguistic nuances of resumes and interviews.

2.5 Interview Data Modalities: Text vs. Audio/Video

While most of the deception detection literature has been grounded in audio- or video-
based indicators, these modalities are accompanied by significant challenges in terms
of privacy, time, cultural bias, and scalability. Nevertheless, text-based examination of
interviews, the focus of this thesis, is a nascent and practical field of study, of especial
interest for digital-first and remote recruitment. Cutting-edge systems, like the intelligent
interview bots of despite challenges in privacy, annotation time, cultural bias, and scalab-
ility, audio/video-based deception detection is common. This thesis focuses on text-based
analysis of interviews, a growing field crucial for digital and remote recruitment, exempli-
fied by smart interview bots Mughele and Ogala| (2024), which illustrate the accelerating
trend towards text-only recruitment intelligence. Ahmad et al. (2024) continues to assert
this trend by concentrating on harnessing the power of deep learning to create intelli-
gent interview bots as recruitment instruments of the future. A key realization of both
Mughele and Ogala; (2024)) and |Ahmad et al.| (2024)) is that these systems predominantly
end up being designed to concentrate on the single-source evaluation (evaluating inter-
view responses in isolation) without conducting the cross-source consistency check that
is the foundation of this research. |Constancio et al. (2023)in the guise of a systematic
review affirm that although text-based methods are increasingly popular, the full-labeled
sets of data remain scarce. This limitation directly inspires this project’s approach to
augmenting a real-world survey dataset with synthetically generated data.

2.6 Research Niche, Contribution summary

This literature review highlights that while individual technologies in this project are well-
developed, their integration for detecting resume-to-interview inconsistency is lacking.
This thesis directly addresses these critical gaps.

Identified Research Gaps

e Semantic Validation Gap: Sophisticated resume parsing does not have a stand-
ard for a semantic and fact-checking consistency process against interview data.

e Domain Adaptation Gap: Deception detection and detection models need to
adapt for recruiting documents for cross-document, domain-specific deployment.

e Data Scarcity Gap: Non-availability of labeled interview data suppresses super-
vised model-building.

e Ethical Application Gap: [Mujtaba and Mahapatra, (2024) and Stuss and Fu-
larski (2024)report that ranking and selection are the centers of the Al fairness
literature. An inconsistency detector’s particular type of fairness issues formed by
possibly unfairly penalizing candidates in terms of language style as opposed to

lying, remain unresolved.
How This Research Fills the Gaps and Answers the Research Question:

This research directly answers its central question, Can deep learning and transformer
models accurately identify inconsistencies? with a definitive, validated yes. This discovery
of the potential of an architectural variant of the Cross-Encoder to reach 73% precision,
the 0.72 F1 score of this new task is the given community the positive answer, as well



as the numerical baseline, as is learned in the systematic closing of the gaps unearthed,
thus offering the logical justification for the architectural choice of this project. Firstly,
this paper bridges the semantic gap by going beyond one-document processing. Unlike
Jivtode et al.| (2023) or Mughele and Ogala (2024)), Ahmad et al. (2024) interview bots,
breaking new ground with transformer-based architectures (Bi-Encoder, Cross-Encoder,
T5-NLI) to bridge resume-interview inconsistencies, moving away from extraction towards
verification. Second, it bridges the gap in adapting domains and modality using and
adapting the model for the particular context of recruitment. Positing the task as one of
Natural Language Inference (NLI) with Mesgar et al.| (2021) as inspiration, but in a new
domain with sophisticated methodologies. They proposed NLI for consistency in facts,
but it is not applied in recruiting. Third, it completes data gaps. In recognition of the
gaps identified by [Constancio et al.| (2023), this research combines survey datasets with
large synthetic datasets to develop a reproducible model for the learning of data-limited
expert NLP. Finally, it closes the Ethical Integration Gap. All prior Al unfairness studies
specific technology problems like parser bias, commonly discussing bias in ranking as
well as screening. Nevertheless, the particular unfairness challenges of the inconsistency
detector are comparatively less studied. Among the most useful contributions of this
thesis is going to be bringing the model design as well as the evaluation itself, including
fair consideration, forward and putting forward the system correctly as well as fair at the
same time.

The Significance of the Contribution: This pioneering research has three key
contributions as a novel work in this field. It proposes a new benchmark for transformer-
based HR architectures, demonstrating the Cross-Encoder’s effectiveness. It provides a
scalable, privacy-protecting solution for enhancing digital hiring’s fairness and efficiency,
and cross-referencing synergy verification and automation. It applies text analysis for
counteracting bias from audio-visual inputs in favor of promoting responsible AI. With
the support of fair, evidence-based hiring.

3 Methodology

To identify the most effective architecture for this novel task, a comparative approach
was adopted through the implementation of three distinct transformer-based models:
a Bi-Encoder for efficiency, a Th5-based NLI model for its logical framing, and a Cross-
Encoder for its deep contextual analysis. The final model was selected based on empirical
performance. This section details the systematic process followed in this research, from
data collection to model evaluation, outlining the data,tools used and the methods of
analysis illustrating the primary goal to develop and evaluate a machine learning model
capable of detecting inconsistencies between a candidate’s resume and their interview
answers.

3.1 Research Ethics and Compliance

All procedures involving human data collection were designed to be fully compliant with
GDPR and the ethical guidelines of the institution. A ”Declaration of Ethics Consider-
ation Form” was submitted and approved before any interaction with participants. The
research falls under a low ethical risk category, as it did not involve direct experimentation
and ensured participant anonymity. Key ethical measures included:

e Informed Consent: At the beginning of the survey form, a clear consent form
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Figure 1: Project Workflow Diagram

was added at explaining the research purpose, how the data would be used and
ensuring confidentiality for participants could voluntarily agree to these terms before
proceeding. Hence, the data collected for this research is well informed by the

participants.
e Anonymity: No personally identifiable information was collected, such as name,

email, phone number or any identifiable sensitiveve data. Participants were also
instructed that they could anonymize company names in their resume section sub-
missions like using ”Company_1”.

3.2 Human Data collection

A survey was created using Google Forms to gather versatile real-world data with real
experience which enhances the quality of the base dataset from an initial pool of 15 par-
ticipants, primarily from technical backgrounds such as data analysts, software engineers
with 0-10 years of experience. They were asked to provide:

e Resume Sections: Only the "Experience” and ”Skills” sections from resumes,

ensuring minimal data fitting for the research purpose.
e Interview Responses: For each of the three questions below, the participants

provided a true answer aligned with their resume and a deceptive answer.
— Tell me about your most interesting technical project from your last job.
— Tell me about feedback you received that changed the way you work.
— What is your biggest weakness?



Tell me about your most interesting technical Project from your last job?

W
~

In this section, please answer one Real Answer and One Fake Answer for the above Question. Please add a
little details in Each answers.

Example Truth for a <1 Years Experienced Engineer:

My Most Interesting Technical Project From my Last job was to build an online Survey system that can evaluate
the responses after each submission. Those Survey's were related to a Restaurant, Also it had an Alert system
integrated to it to trigger when a user submits really bad review which is less than 2 out of 10. It was interesting
because | had to work very closely with 2 senior engineers and learnt a lot from them.

Example Deceptive for a <1 Years Experienced Engineer:

In my last job, I led the design and development of a large-scale online Survey and Feedback Analysis platform
used by multiple restaurant chains across the country. I implemented real-time sentiment analysis using machine
learning to categorize reviews, and set up a fully automated alerting system using AWS Lambda and SNS. | was
solely responsible for end-to-end architecture decisions and coordinated with stakeholders to refine product
requirements. The project reduced customer churn by 25% and is still in use today

Please provide your Truth Answer for that Question (Make sure it's aligned with the job
experience section you've added before)

Long-answer text

Figure 2: Survey form sample
3.3 Synthetic Data Generation

As the volume of human-collected data was insufficient for training robust models, a
synthetic dataset of 50 additional entries was generated using Google’s Gemini Flash 2.5
Pro following ethical Al guidelines to enrich dataset based on real-world data. This model
was prompted with high-quality, anonymized examples from the survey to generate new,
diverse, and realistic pairs of resume sections and corresponding interview answers.

3.4 Data Pre-processing and Preparation

The raw data from both human (15 entries) and synthetic (50 entries) sources were merged
into a final dataset of 65 entries. This combined dataset then underwent a rigorous pre-
processing pipeline to ensure data quality, consistency and suitability for the machine
learning models.

1. Explaining scope of data To get clear insights on the original dataset,various
EDA analysis was performed before going into the pre-processing pipeline, reveals
two starkly different groups. Dataset 1 (Merged Data of Survey and synthetic
responses) is a large, diverse, and older population where deception often has clear
behavioral "tells” like longer sentences and positive sentiment, with liars showing
polarized confidence (either very high or low). In this group, psychological factors
like age and self-perception are strong predictors of deceptive behavior. Conversely,
Dataset 2 (survey data)is a small, concentrated, and younger group where these
"tells” are not reliable, as liars are almost universally confident, and the links to
psychological factors are much weaker which indicates a fundamentally different
approach to deception.



2. Handling Missing & Short Data: If either the deceptive or truthful response
for a participant is missing or too short for a given question, both responses are
removed from the dataset to ensure proper data preparation for model training.

3. Comprehensive Text Cleaning: A crucial step was comprehensive text cleaning
of resumes and interview answers to remove irrelevant words and standardize the
data. Using NLTK, the process involved converting text to lowercase, removing
punctuation and special characters, tokenizing into words, eliminating common
stopwords, and lemmatizing words to their base forms, ensuring consistency and
reducing noise for analysis.

4. Feature Engineering: A feature engineering pipeline was created to prepare the
processed data fitting for the model training,

¢ Experience Calculation & Grouping: A new numerical feature,
total_experience_years, was created by parsing the text-based Experience Dur-
ation column, converting descriptive durations like “2 years” or “6 months”
into a standardized numeric format. Using this, a categorical feature, ex-
perience_group, was generated to classify candidates into ranges such as “0-1
years” or “2-3 years” for fairness analysis.

e Data Pairing for Modeling: Finally, the pre-processed data was restruc-
tured for the consistency detection task. Each candidate’s combined resume
profile (experience and skills) was paired with both their truthful and de-
ceptive answers. This created the final dataset where each row consists of a
resume_segment, an interview_answer, and a binary label as ”Consistent” or
"Inconsistent”.

5. EDA on Pre-Processed Data: EDA was performed on the pre-processed data-
set to derive deeper insights to confirm the data was clean and was ready for the
modeling phase. Key numerical features analysis revealed that Age and
total_experience_years have standard distributions without any extreme outliers
where the
Deceptive_Answer_Confidence features are highly right-skewed. This indicates the
fact that while most participants reported very low confidence in their deceptive
answers, a small but significant number of high-confidence outliers are still there.
An interesting finding connects confidence to experience where Novice respondents
(0-1 years), especially those who claimed to have never lied, displayed the highest
confidence in their ability to deceive.In contrast, more experienced individuals re-
ported significantly lower confidence, which suggests that confidence is a trait of
inexperience.
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The correlation matrix showed a strong positive correlation between the different
"Deceptive Answer” metrics. It means that a person’s confidence in deception was
consistent across questions.
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However, there was a strong negative correlation between ”Deceptive Answer Con-
fidence” and ”Truth Answer Truthfulness,” suggesting that as confidence in de-
ception rose, overall self-reported truthfulness fell. Categorical analysis on this
confirmed that most respondents were from India, Ireland, UK and Bangladesh
with a multi-modal experience distribution peaking at 7 years. Also the vast ma-
jority admitted to having lied in an interview, supporting Weiss and Feldman| (2006))
study findings. The responses, to be specific, parts-of-speech analysis provided the
clearest linguistic distinction between truthful and deceptive answers. Deceptive
answers contained slightly more nouns and adjectives where pronouns were used
significantly frequent in truthful responses but were almost entirely absent in de-
ceptive ones. Also a wordcloud is generated for both deceptive and truthful answers.
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(a) Readability score distribution

Sentence Length Comparisan: Truthful vs. Deceplive

Doz Decapmee

T-test for sentence Length :

Question 1: P-value = @.4866 -» Not Significant

Question 2: P-value = 2.8%39 -» Not Significant

Question 3: P-value = 8.8882 -» Statistically significant

(b) sentence length comparison

Figure 6: Sentence Length & Readability

A linguistic analysis of the interview responses found that for Questions 1 and 2,
there was no statistically significant difference in either sentence length or readab-
ility between truthful and deceptive answers.However, for Question 3, both metrics
came as strong and statistically significant predictors of deception. Deceptive an-
swers to this question were not only longer (p=0.0000) but also more complex
resulting in much lower Flesch Reading Ease scores than truthful counterparts.

6. Dataset Splitting:The final dataset of 390 text pairs was split into a training
set (80%) and a testing set (20%) using a stratified split to maintain a balanced
distribution of labels in both sets.

4 Design Specification

This section outlines the architectural framework, core techniques, and underlying re-
quirements that guided the development of the consistency detection system. The design
was created to directly address the primary research question: creating a system that can
accurately determine the semantic consistency between a candidate’s resume and their
interview responses.

4.1 Architectural Framework & Competing Hypotheses

The foundational architectural decision was to create a modular, multi-stage pipeline
encompassing data processing, modeling, and evaluation. The core of this framework is
a comparative analysis of different transformer-based architectures for their state-of-the-
art performance in NLP tasks requiring deep contextual understanding. The system was
designed to test three competing technical approaches:
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¢ Bi-Encoder Architecture:This design involves generating fixed-size vector em-
beddings for the resume text and the interview answer independently using Sentence-
BERT models (all-MiniLM-L-6-v2, stsb-roberta-base). The semantic similarity is
then calculated using cosine similarity.It was selected for its high computational
efficiency, but it was hypothesized to be less effective at capturing nuanced incon-
sistencies that require direct token-level interaction.

e Cross-Encoder Architecture: This design processes the resume and interview
text simultaneously as a single concatenated input. This allows the model’s self-
attention mechanism to create a much richer, joint-contextual representation. This
architecture using models like cross-encoder/ms-marco-MiniLM-L-6-v2, which was
more computationally intensive and hypothesized to be significantly more accurate
for this fine-grained classification task.

e Natural Language Inference Architecture: This approach reframes the task
by treating the resume segment as a "premise” and the interview answer as a
"hypothesis.” A Text-to-Text Transfer Transformer (T5) model (google/flan-t5-
small) is then used to determine if the premise entails the hypothesis. This was
explored as an alternative framing of the consistency problem.

4.2 Core Techniques and Requirements

To support this architectural framework, the following core techniques and requirements
were identified:

1. Robust Data Pre-processing The design required a comprehensive text cleaning
and normalization pipeline involving lowercasing, removing special characters and
URLs, and standardizing whitespace using regular expressions and custom Python
functions. The goal was to reduce noise and create a standardized input format,
ensuring the models focus on meaningful semantic content.

2. Structured Data Representation The system required the transformation of
raw text into structured pairs (resume_segment, interview_answer) labeled with
a binary target (1 for Consistent, 0 for Inconsistent). This data structure is a
fundamental for the supervised training of text-pair classification models.

3. Model Interpretability: A key design requirement was that the final model
should not be a ”black box.” To address this, the design specified the use of LIME
(Local Interpretable Model-agnostic Explanations). LIME was chosen to provide
local, instance-by-instance explanations, ensuring the model’s decision-making pro-
cess could be audited and understood by highlighting the specific words that influ-
ence a given prediction.

4. Fairness Auditing Recognizing the high-stakes nature of recruitment, the design
mandated fairness audit. The system was designed to be evaluated across sens-
itive demographic attributes to identify and quantify any performance disparities
between subgroups, ensuring ethical considerations were central to the project.

15



4.3

5

Technology Stack Specification

Data Manipulation (Pandas,Numpy & re) Used for loading data from Excel,
merging human and synthetic datasets, and structuring them into DatakFrames for
cleaning, transformation, and feature engineering.

Model Evaluation (Scikit-learn) Handled train-test splitting with stratification
to maintain label balance, and provided metrics (accuracy, precision, recall, F1,
ROC AUC, confusion matrix) for robust model performance comparison.

PyTorch: served as the core deep learning framework. While interacted with it
mostly through higher-level libraries, PyTorch handled all the underlying tensor
computations, neural network layers, and gradient calculations, especially during
the model fine-tuning process.

Hugging Face Libraries: Performed as Key to implementing state-of-the-art
NLP models without building them from scratch.

— Sentence-transformers for efficient Bi-Encoder experiments, generating embed-
dings and similarity scores.

— The core transformers for Cross-Encoder and Th models, leveraging pre-trained
architectures and fine-tuning for the task.

Fairness Analysis: Custom Pandas-based grouping of predictions by sensitive
attributes (age, country, experience), computing confusion matrix components and
fairness metrics (TPR, FPR) for transparent bias assessment.

Model Explainability: To move beyond performance metrics and understand
the model’s decision-making process, two key explainability libraries were used.

— LIME (Local Interpretable Model-agnostic Explanations) LIME for
local explanations of individual predictions, highlighting influential words.

— SHAP (Shapley Additive explanations) SHAP for global feature import-
ance using Shapley values, visualized via Force and Waterfall plots.

Matplotlib & Seaborn: These visualization libraries were used to generate plots
for the analysis. Specifically, they were used to derive insights through EDA process
on both raw and pre-processed dataset as well as to create the heatmap for the
confusion matrix, providing a clear and intuitive visual representation of the final
model’s classification performance, fairness evaluation and bias.

Solution Implementation

This section details the implementation of the final proposed solution, following the ex-
perimental comparison of the architectures outlined in the Design Specification.
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5.1 Final Model Selection and Justification

The research compared three architectures: Bi-Encoder, T5-based NLI, and Cross-Encoder.
Bi-Encoders underperformed, while T5 showed improvement but was outperformed by the
Cross-Encoder (cross-encoder/ms-marco-MiniLM-L-6-v2). The Cross-Encoder achieved
the best results 73% accuracy and 0.836 ROC-AUC, confirming its suitability for the task.
By jointly processing resume and interview texts, its self-attention mechanism captured
fine-grained token interactions essential for accurate consistency judgments.

5.2 Implementation Pipeline

The final solution was implemented through a structured pipeline that operated the
chosen model and fulfilled all design requirements.

1. Input Preparation: The training data, consisting of labeled pairs of resume_segment
and interview_answer, was structured into the required format to split the model
and dataset using stratification to ensure a balanced class distribution.

2. Model Fine-Tuning:The pre-trained cross-encoder /ms-marco-MiniLM-L-6-v2 model
was loaded and fine-tuned on the training data. The process was configured to run
for 4 epochs with a batch size of 4. A warm-up period of 10 steps was used to
stabilize the learning rate, and the maximum input sequence length was set to 384
tokens. This step specialized the general-purpose model for the specific nuances of
resume-to-interview consistency checking.

3. Prediction and Evaluation For the test set, the fine-tuned model produced a
similarity score for each text pair. A threshold of 0.5 was applied to this score
to classify the pair as ”Consistent” or ”Inconsistent”. Performance was rigorously
evaluated using a confusion matrix and the full suite of metrics defined in the design
specification.

4. Interpretability and Fairness Audits: To satisfy the design requirements, two
final steps were implemented. As model explainability, LIME and SHAP was used
to generate local explanations for individual predictions on the test set, highlighting
the specific words in an interview answer that most influenced the model’s decision.
A manual audit was performed by analyzing the model’s predictive performance
across the predefined sensitive attributes (age, experience country, years of experi-
ence) to ensure right outcomes.

This complete pipeline resulted in a final solution which is accurate and also transparent
and audited for fairness, successfully addressing the core research objectives.

6 Evaluation

A comprehensive set of tests was conducted to evaluate and validate the proposed solu-
tion. This section presents the comparative analysis of the models, provides a detailed
breakdown of the final model’s performance, and discusses the implications of these find-
ings from different perspectives by experimenting with several architectures to identify
the best approach for this task.
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6.1 Experiment 1: Bi-Encoder Models (Baseline)

Initial experiments with two Bi-Encoder models (all-MiniLM-L6-v2 and stsb-roberta-
base) yielded poor results, with accuracies hovering around 50-52%. The F1-score for
the best-performing Bi-Encoder was only 0.63, achieved after extensive threshold tun-
ing. This poor performance suggests that a simple cosine similarity score between in-
dependently generated sentence embeddings is insufficient to capture the complex and
nuanced relationship between a resume claim and a spoken interview answer. The models
struggled to differentiate between pairs that were merely topically similar and those that
were genuinely consistent.

@ Threshold = @.3 % Threshold = 8.4 @ Threshold = 8.5 @, Threshold = 8.6

Accuracy: 8.5256418256418257 Accuracy: 9.3384613364613384 Accuracy: 9.5641825641025641 Accuracy: 8.5256418256410257
.. Precision: ©.5348837289302325 PP .

Precision: @.5166666666666667 Recall: B.5807435837435505 Precision: @.6@86956521739131 Precision: 8.6

Recall: 8.7948717948717948 scalli O Recall: @.358974358074359 Recall: 8.15384515384615385

F1 Score: 0.6262626262626263 F1 Score: 0.5609756097560976 F1 Score: 8.45161299322588644 F1 Score: ©.24489795018367346
(a) (b) (c) (d)
Figure 7: SBert Threshold Tuning

6.2 Experiment 2: T5 for NLI

Framing the problem as an NLI task using a flan-t5-small model showed some promise,
achieving 59% accuracy. However, its performance was skewed. The model achieved a
perfect precision of 1.0 but a very low recall of 0.18. This means that while the model
never incorrectly flagged a pair as ” Consistent” (no false positives), it failed to identify
over 80% of the truly consistent pairs. This overly cautious behavior makes it unsuitable
for this use case, as it would incorrectly flag a vast majority of honest candidates as being
inconsistent.

6.3 Experiment 3: Cross-Encoder Model (Proposed Solution)

The fine-tuned Cross-Encoder model significantly outperformed all other architectures,
establishing itself as the most effective solution. The key reason for its success lies in
its architecture. By processing the resume and interview answer simultaneously, the
Cross-Encoder’s attention mechanism can learn the direct, word-level interactions and
dependencies between the two texts. This is far more powerful than comparing two
static, independently created vectors.
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Figure 8: Model Evaluation Dashboard

6.3.1 In-Depth Performance of the Cross-Encoder

The final model was evaluated using a standard suite of classification metrics, which
provided a holistic view of its performance. This dashboard in figure 8, provides a com-
prehensive performance summary for a binary classification model. The confusion matrix
shows the model correctly identified 29 negative and 28 positive instances, while mak-
ing 10 false positive and 11 false negative errors. The derived metrics indicate balanced
performance, with an accuracy, precision, and F1-score all around 73%. The ROC-AUC
score of (.84 suggests the model has a strong capability to distinguish between the two
classes. The model demonstrates a well-balanced ability to identify both classes, with a
slight tendency towards Type II errors. From a practical standpoint, this is a reasonable
trade-off. While flagging an honest candidate is not ideal (False Negative), incorrectly
validating a deceptive claim (False Positive) could be more detrimental in a hiring context.

ROC-AUC

Table 1: Key Performance Metrics for Consistency Classification Model

Metric Score | Interpretation

Accuracy | 73.1% | Correctly classified about 3 out of 4 pairs.
Precision | 73.7% | 74% of ” Consistent” predictions were correct.
Recall 71.8% | Identified 72% of all true ” Consistent” pairs.
F1-Score 72.7% | Balanced measure of Precision and Recall.
ROC-AUC | 83.7% | Strong ability to distinguish the two classes.
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6.3.2 Fairness and Bias Evaluation

A critical part of the evaluation was to assess whether the model performed equitably
across different demographic subgroups.

Fairness Evaluation Dashboard

Recall by Experience Country Recall by Age

Recall
Recall

4 » o
bl ¥
&

Age Group

hd

Country
(a) Recall by Experience country & Age

Recall by Experience Group

Experience Group

(b) Recalll by experience group

Figure 9: Fairness Evaluation Dashboard

e Findings: The analysis showed notable performance disparities in recall across
age, country of experience, and years of experience, indicating model bias. For
example, recall was lower for the “20-25” age group than “31-35,” for candidates
from Spain and Nepal compared to India, and for the “3-5 years” experience group
compared to others. This highlights reduced effectiveness in identifying positive
cases for certain demographic segments.

e Root Cause: These fairness issues stem from a small, imbalanced dataset, with
very few samples for some groups (e.g., only three for Malaysia). This limits the
model’s ability to generalize, causing overfitting to specific linguistic patterns. The
issue lies in the data, not the model architecture.

6.3.3 Model Explainability and Interpretation with LIME & SHAP

To ensure the model was not learning from random correlations and to build trust in
predictions, LIME and SHAP was used to interpret its behavior, moving the evaluation
from a ”black box” assessment to an interpretable one.
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e LIME Explanation This image displays explanations generated by LIME (Local
Interpretable Model-agnostic Explanations) for a text classification model. For two
different text samples, it shows the model’s prediction ("Match” or "No Match”)
and highlights the specific words that most influenced that outcome. For the top
sample, which was predicted as a "Match” with 97% probability, words like ”in-
ternship,” "product,” and ”led” are shown as key positive contributors, making the
model’s decision process understandable for that specific instance.

e SHAP Explanation This SHAP waterfall plot explains a single prediction for
the "Match” class. It starts from the base rate as the average prediction, 0.42 and
shows how each feature pushes the output to its final value of 0.965. The features
shown in red, like ”internship” (+0.1), "quality” (+0.05), and ”product” (+0.05),
increased the prediction score. This plot provides a precise, quantitative breakdown
of features contributed to this specific ”Match” prediction and by how much.

6.4 Discussion

The findings of this study support the established consensus in the field of natural lan-
guage processing, which posits that Cross-Encoder architectures are superior for fine-
grained semantic comparison tasks. The significantly higher Fl-score (72.7%) of the
Cross-Encoder compared to the Bi-Encoder aligns with the results of researchers who
have demonstrated similar performance gaps in tasks such as paraphrase identification
and question answering. However, this research modifies and extends the existing literat-
ure by being the first to empirically apply and benchmark these architectures to the novel
domain of resume-to-interview consistency detection. While the need for such verification
tools has been discussed in HR technology literature, this thesis moves beyond theoretical
discussion to provide the first validated, data-driven proof-of-concept, thereby bridging
a critical gap between NLP capabilities and practical recruitment challenges.

7 Conclusion and Future Work

7.1 Summary of the Research and Key Findings

This research was motivated by a critical "trust gap” in modern recruitment, where the
claims made on a static resume and the statements given in a dynamic interview often
go unverified. And the key aim was to architect and validate a deep learning framework
capable of automatically detecting semantic inconsistencies between these two sources.
The central research question sought to determine the extent to which deep learning
models could accurately perform this task, with a specific focus on comparing the efficacy
of Bi-Encoder and Cross-Encoder transformer architectures.

The empirical results of this study provide a definitive answer to the research ques-
tions. The central hypothesis that a Cross-Encoder architecture would significantly out-
perform a Bi-Encoder was validated. The fine-tuned Cross-Encoder model achieved a
robust accuracy of 73.1% and an Fl-score of 72.7%, establishing a successful proof-of-
concept. This key finding demonstrates that deep learning models can indeed learn the
complex semantic relationships between resume and interview text to reliably detect
inconsistencies, moving beyond simple keyword matching to a deeper contextual under-
standing.
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The findings of this research have significant implications across academic, practical,
and ethical domains.

e Academic Implications: This work establishes the first empirical benchmark
for the resume-to-interview consistency detection task. By validating a success-
ful methodology, it provides a crucial baseline against which future research in
this emerging sub-field of HR technology can be measured. It also reaffirms the
superiority of joint-contextual models like Cross-Encoders for nuanced text-pair
classification tasks.

e Practical Implications: For the industry, this thesis provides a validated blue-
print for a new class of intelligent HR tools. Such system could be integrated into
Applicant Tracking Systems (ATS) to serve as a decision-support tool for recruiters,
flagging potential inconsistencies for human review. This would not replace human
judgment but would aid it, allowing more efficient, focused, and evidence-based
screening.

e Ethical Implications: This work supports fairer, more transparent hiring by
enabling evidence-based validation, aligning with UN SDGs on reducing inequal-
ity (SDG 10) and promoting decent work (SDG 8). However, misuse risks are
significant—if used as a fully automated rejection tool, it could perpetuate biases
in training data. Its role should be limited to augmenting and informing human
decisions, not replacing them.

7.2 Limitations

This study successfully demonstrated the answer of the purpose but it has still some
limitations to acknowledge. The primary limitation was the dataset. Due to the novelty
of the task, the dataset was constructed from a small pool of human participants and
augmented with synthetic data. While necessary, this limits the model’s transferability.
A larger, more diverse, and purely human-generated dataset is required to build a truly
robust and production-ready system. Considering the scope of Inconsistency Detection,
the model is designed to detect semantic inconsistencies between two given texts. It can-
not detect lies of omission like skills or experiences a candidate deliberately leaves out nor
can it verify claims against real-world facts.In technical and environmental constraints,
the project was conducted with limited computational resources. Because of this limita-
tion, the use of smaller models like flan-t5-small, MiniLM and a reduced sequence length
was required. Access to more powerful hardware could allow for experimentation with
larger, potentially more accurate, models which may yield superior results.

7.3 Future Work

Based on the limitations identified, several avenues for future research are recommen-
ded.The highest priority for future work is the creation of a large-scale, multi-lingual,
and demographically balanced benchmark dataset for this task. This would be a major
contribution to the academic and HR technology communities.Future research should
implement more powerful computational resources to experiment with larger and more
advanced transformer architectures like DeBERTa, LLaMA-3 to push the performance
benchmark higher.A logical next step is to expand the system beyond text. Future iter-
ations could incorporate audio features like tone of voice, hesitation markers and video
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features from interview recordings to create a multi-modal inconsistency detection sys-
tem. To truly validate the practical utility of this concept, a pilot study should be
conducted in partnership with an organization’s HR department. Deploying a prototype
in a live environment, with full ethical oversight, would provide invaluable feedback on
its real-world performance and user experience.

Ultimately, this research provides a critical first step towards building more account-
able and transparent Al for the future of work, proving that technology can be leveraged
not just to automate processes, but to validate the truthfulness that underpins fair and
meritocratic hiring.
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