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Abstract

Artificial Intelligence (AI) is transforming the process of recruitment making it efficient,
consistent, and more accurate in its decisions; however, there are still ethical concerns
like bias and obscurity. This paper constructs an Ethical Al Recruitment Framework and
based on a hybrid machine learning model that incorporates a combination of Logistic
Regression, Decision Tree, and Random Forest with soft voting to achieve a balance
between predictive accuracy and fairness and the final accuracy was measured 97.4% using
the hybrid model. Demographic Parity (DP), Equalized Odds (EO), and a Gender-Flip
Test were used to evaluate the system and a +5% threshold recalibration was applied to
minimize residual bias. The findings demonstrate high technical and ethical results with
an accuracy of 96% and a Fairness Index of 0.87, Transparency Score of 0.01 and Bias
Volatility of 0.027, which ensures reliability and fairness. Explainability SHAP and LIME
demonstrated that skills, education and experience were the most influential features
in hiring decisions and that gender and age became insignificant after applying these
features. The Selection Scoreboard (80% model prediction and 20% resumes strength)
of the framework offers a clear ranking of the candidates. In general, this study shows
that fairness, transparency, and accountability can be appropriately incorporated into Al-
based recruitment to provide a repeatable model of reliable and bias-resistant decision

making in the HR field.

Keywords: Artificial Intelligence (Al); Human Resource Management (HRM); Recruit-
ment and Selection; Supervised Machine Learning; Bias Mitigation; Ethical Standards;
Transparency and Accountability; Post-Processing Fairness Adjustment; LIME (Local
Interpretable Model-Agnostic Explanations).
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The next list describes several symbols & abbreviation that will be later used within the
body of the document
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Chapter 1

Introduction

The rapid expansion of technologies has improved the communication and information
world, which has created an impact in business and placed it in a new and challenging
condition (Akerkar, 2019)in[3]. Many companies and industries try to enhance their skills
that help them to remain in a competitive position. An organisation’s ability to make
decisions determines its success or failure (Porter et al., 1985)in[1]. At present, it is quite
tough to make important business decisions, and for this, people in higher positions like
managers or CEOs investigate many resources like information, data, knowledge, and
wisdom in order to make important business decisions. With the advancement of the
modern world, technology can help the people at work access and use the available re-
sources. The recruitment and selection (R&S) process is one business area that has been
influenced by technological advancements. There are several types of developments in
technology, like online recruitment, visa processing, and tracking systems for applicants,
which have created a significant impact on the recruitment and selection process (Woods
et al., 2019)in[5]. As per Upadhyay & Khandelwal (2018)in[2], in 2018, one of the most
common hiring trends was the adoption of artificial intelligence.

Recruitment is not only about matching skills with job descriptions it is about identify-
ing individuals, their potential, and the possibilities that the individuals best suit. As
more organizations are using algorithms to assist them in the hiring process, the prior-
ities have changed.to efficiency and speed to justice and responsibility. Al systems can
inadvertently take up the historical data biases, which will mirror the inequalities that
already exist.gender, background or education. Even when a model has been found to
work well in predicting who. It can be still used to support the unfair patterns even
after being hired unless it is carefully designed and monitored.That is why it is extremely
important to establish systems that will appreciate ethical responsibility as much as.accu-
racy, making all predictions to promote fairness and inclusion. The process of recruitment
and selection is not new; it has its origins as far as the World War Il.era, in which first
organized hiring began to take shape. Over the years, the process has evolved with the
social and technological advancement. What once relied on putting print advertisements
in the newspapers has changed to online and Al-driven. systems. Recruitment today is
more rapid and digital and is in an ever-changing state. keep up with the times of the
present day.

This study takes a direct challenge of that. Ethical is introduced in the study. Intelligent
Recruitment System, which is an Al-powered solution that is aimed at integrating tech-



nical precision with. moral accountability. It is a hybrid machine learning model that
combines. Logistic Regression, Decision Tree, and the Random Forest with a soft-voting.
team, to make decisions that are well-founded and well-balanced. Rather than focusing
Predictive power is the sole aspect that the system contains a fairness assessment, which
is based on the Demographic Parity (DP) and Equalized Odds (EO) measures. These
fairness checks are supplemented with a Gender-Flip Test, which is meant to ensure that
the model decisions are not biased with regard to various demographic groups. Once
such small imbalances may occur, a post-processing fairness adjustment, a minor +5%
threshold recalibration is implemented so that all candidates can be treated fairly.

As technology is evolving it leaves an imprint, whether good or bad on. All industries,
and in the same case, the recruitment and human resources are the ones that are impacted
management (HRM) industry. The field of artificial intelligence (AI) has produced a lot
of influence the recruitment industry, and its integration into the primary recruitment
process has been rather unfortunate. transformed and evolved the whole process. Ap-
plication of artificial intelligence has there are numerous good aspects, such as efficiency
improvement and cost decrease of the company through the recruitment process through
automated recruitment process. The AI powered accessories such as screening resump-
tion, and candidate evaluation programs can reduce the time of recruitment to as much
as 75 percent. But there can always be some problems, like ethical concerns over the
system, that can cause biases in training data, especially regarding gender and ethnic
disparities. In our regular system, there is a cost associated with these advantages and
opportunities of the following groups. The application of algorithms may create ethical
concerns about bias, data privacy, and the elimination of the human element. Our re-
search explores how artificial intelligence (AI) can be used in the recruitment process by
detecting its possibility of enhancing the performance of human resources (HR) processes,
ethical issues, and implementation issues.

The system also helps to make the decision making process more transparent.explainable
tools such as SHAP and LIME, which provide a clear picture as to why a certain can-
didate was favored or rejected. The AI model becomes a black box, rather than being
obscure.a rational partner- one that is able to provide real evidence of its conclusions.
Recruiters can visually represent the characteristics of most features, which are skills,
level of education, experience.influenced a specified outcome, creating trust between the
users and the system.

One of the strongest parts in this work is the establishment of a Selection Scoreboard,
which is a combination of algorithm prediction using human intuition. The applications
are rated using a Selection Score comprised of 80% model prediction, and 20% resumé
strength. This helps to balance the Al’s trust of the candidate based on his or her quali-
fications in the real world. The Selection Scoreboard at the time.ranks the applicants in
an open and clear way, demonstrating the manner every choice was made in a straight-
forward and clear manner.

The primary objective of this study is to come up with an Al-based recruitment system
that automates and provide an efficient method for screening and selection of candidates
through the Kruskal and Knapsack algorithms. The Kruskal algorithm is in the ranking
and selection process. In the ranking and selection process, the Kruskal algorithm is



used to prioritize candidates based on their skills and qualifications, while the Knapsack
algorithm helps balance suitability scores with job capacity constraints. The combination
of these approaches seeks to establish a fair, effective, and data-driven way of hiring The
paper then investigates the remaining part of the research about the implementation of
artificial intelligence in recruitment. The interviews of the candidates and the qualitative
research systems are also shown. Lastly, it discusses the lackings of the paper and also
the indications for the company and further research in the future.

Essentially, this paper seeks to reveal that Al can optimize the recruitment process with no
compromising ethics. Combining fairness, transparency, and explainability into a single
entity.system, the given model shows that automation can be effective and powerful at
the same time. The outcome is that the process of recruiting becomes quicker, more
objective. and—above all things fairer to all worthy candidates.

1.1 Research Problem

Organisations are being pressurised to enhance the efficiency, objectivity and their re-
cruitment processes have been very fast-changing environment.Such ways of recruitment
are constructed on human experiences, and in spite of that they are either lauded, and
are time-consuming in the subject to biases as we have explained.presented above and
very subjective. Such restrictions bring about inappropriate recruitment, longer decision
time and more expensive. Based on the information in [3], Automated recruiting tools
were created with an aim of offering a service that is easy and simplified enhances the
productivity of hiring. However, what they have demonstrated are bias acts because of
biases within training data and models. A key challenge lies in the biases prevalent in
traditional recruitment practices, which frequently lead to discrimination based on gen-
der, ethnicity, or disability, hindering diversity and inclusivity in the workplace.

The primary focus of our research is how artificial intelligence (AI) functions in the hiring
process. It mentions the ethical concerns like privacy and data protection in our work
process. Despite the capability of AI, human presence is vital in the recruitment process,
as humans are the ultimate mastermind. To gather more information and recruit efficient
candidates, interviews with experienced recruiters were conducted, which provided quali-
tative insights. The main objective of our research is to implement Al in the recruitment
process to make human life easier. Moreover, it will also maximize the effectiveness of
the human resource process and identify challenges associated with Al implementation.
The main focus is to improve fairness in machine learning applications and it emphasizes
the need for unbiased AI development. It also highlights the limitations in current re-
search methodologies, and because of this, a lack of sufficient strategies for mitigating
biases can be found and a lack of empirical evidence on bias impacts in decision-making.
The primary focus here is on hiring and how we can use unbiased AI to hire the right
candidate for any given role. We will also point out the possible biases in the selection
process and how cognitive biases can be overcome in Al systems, as this would help to
provide an understanding towards the sharing of knowledge on transparency about Al.
One way to overcome these problems is by incorporating machine learning (ML) and
artificial intelligence (AI) into the hiring process. Al-driven systems promise significant
improvements in candidate screening, selection, and overall hiring efficiency, with au-



tomation tools capable of reducing time-to-hire by up to 75%, cutting recruitment costs
by 70%, and improving candidate quality by 50% (Kaushik et al., 2023). Many compa-
nies work with Al to hire qualified applicants rapidly and effectively, companies such as
Vodafone (with its Al-based application platform) and Unilever have already adopted
Al systems to streamline parts of the hiring process. According to Lena and Kriebitz
(2023), these systems automate tasks like résumé screening, candidate ranking, and video
interview analysis, allowing organizations to handle large volumes of applications more
efficiently and fairly. Studies, including Yanamala et al. (2022), have demonstrated that
those tools do not only save time, but also enhance productivity and impartiality in
recruitment. Nevertheless, research has its benefits despite this it has also shown the bias
in Al recruiting tools can still exist. A well-known example is an Al recruiting system
used by Amazon, but which unintentionally discriminated against applicants of the fem-
inine gender.

Bias in AT systems can appear at several stages of the recruitment process, including can-
didate identification, ranking, and final selection. Recognizing where these biases occur
is essential for developing fair and accountable hiring models. AI models that learn from
imbalanced data can produce biased rank orders simply because of the way it weights
its results-meaning companies could risk recruiting hires unproven in their jobs (if not
outright poor candidates) and suffer high turnover rates. In addition, Al systems com-
monly suffer from a lack of transparency and are sometimes referred to as “black-box”
solutions because the decisions made by cryptic algorithms in these systems can be hard
for organizations to interpret or defend. However, the question is how to ensure that these
systems are answerable and at the same time making sure that they are privacy minded
to violate GDPR requirements. The following paper is presented by Yanamala at el.
(2022) to provide a gender-specific adaptive framework to on-the-fly detect and correct
biases. and ethnicity. This involves the application of live detection software that has an
inbuilt decision compensation to be made on a fair basis between the various demographic
groups. Hunkenschroer et al., On the same note, as Hunkenschroer at el.(2022) does, re-
searches the prevalence of biases.in Al recruitment tools and provides several mitigation
measures, such as the reduction of pre-processing, in-processing and post-procedures can
be used. discrimination of other kinds of sensitive aspects like gender and ethnicity. Both
lines of study indicate the need to have complex, evolving policies, which are aimed at
a. widespread range of biases so that Al-enabled hiring will be more transparent and.
just; it is also the reflection of the larger demand that requires companies to demon-
strate themselves. be responsible and adhere to existing legal requirements. Moreover,
though Al-derived such algorithms like the Kruskal algorithm of candidate matching or
the Knapsack resource optimization method have potential in improving recruitment the
level of productiveness, to what extent they apply to the practical HR context have not
been yet determined. The existing methods of bias mitigation (example: pre-processing,
in-processing and post-processing techniques) can be more refined to prove efficient for a
wider range of industries & job roles.

As mentioned earlier, developing and evaluating an Al-powered recruitment system that
leverages the Kruskal algorithm, the Knapsack approach, inverse weight clustering (IWC),
and decision tree (DT) algorithms, to develop an Al-powered recruitment system that
can mitigate biases, enhance candidate diversity, and improve transparency in decision-
making. Useful ethical algorithmic approaches



drastically lower the dangers related to Al systems’ innate biases (Rodgers et al., 2023).
According to [4], the study also aims to identify strategies that ensure compliance with
both ethical principles and legal requirements, such as the GDPR, while helping orga-
nizations improve efficiency and reduce time-to-hire. As highlighted in [6] and [7], one of
the main challenges of using “black-box” AI algorithms in recruitment is the difficulty of
understanding and explaining their decisions. Therefore, transparency and accountability
must be central to any ethical Al system. To address this, the framework applies bias
mitigation techniques—including pre-processing, in-processing, and post-processing
methods—to minimize biases related to gender, ethnicity, or other sensitive character-
istics. This approach not only strengthens fairness and regulatory compliance but also
promotes trust, supporting more responsible and transparent Al-driven recruitment prac-
tices.

But there come many problems, like qualitative findings cannot predict broader popular
results and as the exploration of AI’s ethical implications in recruitment is limited, there
is need for research on recruiter perceptions of AI. Cost benefit analysis in Al used in the
recruitment process should also be worried about as a matter of fact.

So, there will be many challenges, like ethical concerns, human factor involvement, AI’s
full integration, etc., and by overcoming all of these, we can reach our goal of implementing
Al in the hiring process, considering all positive and negative impacts.

1.2 Research Objectives

The main aim of this study is to develop an Ethical AI-powered Recruitment Sys-
tem that promotes fair, transparent, and data-driven hiring decisions.

1. Model Development: Create a hybrid ensemble model that combines Logistic
Regression, Decision Tree, and Random Forest to achieve accurate and balanced
candidate predictions.

2. Fairness Evaluation: Assess and reduce bias using metrics such as Demographic
Parity, Equalized Odds, and Gender-Flip tests to ensure fairness across demo-
graphic groups.

3. Transparency and Explainability: Make the decisions of the model more ex-
plainable using SHAP and LIME to demonstrate how the various candidate features
affect it.

4. Fairness Adjustment: Use calibration and post-processing techniques to make
the prediction fair to all the candidates.

5. Selection Scoreboard: Develop a model probability based resumé strength based
selection system that is transparent and clearly and objectively based upon merit.



1.3 Workflow

The workflow starts with the data preparation phase where the information about the
candidates is obtained. the Kaggle HR data is gathered and narrowed. The step en-
compasses the cleaning, encoding,and standardizing the data and eliminating outliers
or irrelevant variables. Notably, sensitive attributes such as gender were not included
in the model training process and were utilized only to be considered fairly later. This
made sure that the predictions of this model were purely based on the pertinent qualifica-
tions and independent of demographic factors. Feature engineering then converts the use
of text based skill sets and educational levels into the structured numeric values so that
the model will only be learning based on merit-based inputs but not a bias one identifiers.

The data has been prepared, and then transferred to model development stage. The
dataset was divided into training and testing weight 70:30. There are three fundamental
algorithms- Logistic Regression, Decision tree and random forest- A hybrid soft-voting
was used. This ensemble became more consistent by combining their personal advan-
tages.and precise forecasts on hiring candidates. The system goes into a state of model
training. fairness audit stage, in which it verifies bias based on Demographic Parity,
Equalized Odds. and a Gender-Flip test. Should an imbalance be detected, a minor
action after processing will be made. (e.g., a +5 percent shift of the threshold) aids in
removing under-selection of minority groups without modifying the basic model.

Lastly, the explainability and decision stage will make sure that all predictions are possi-
ble.understood and justified. SHAP and LIME techniques disclose the factors, including
skills, that are significant.Every decision is influenced most by education, or experience. A
transparency audit is selected on the leading 1 percent of candidates to ensure that there
is no sensitive feature at work.outcomes. The system subsequently generates a Selection
Scoreboard to rank out the applicants in terms of.using model probability and resumé
strength to create a fair, explainable, andrecruiters can get a shortlist based on data. This
ordered pipeline, which is represented in the workflow.diagram, provides a performance,
fairness, and interpretability balancing loop across.all phases of the recruitment proce.



Figure 1.1: Workflow of the Fair Recruitment Model

This Figure 1.1 illustrates the complete workflow of the proposed Al-driven ethical re-
cruitment system. Starting from data collection and preprocessing, it progresses through
model training, fairness auditing, and post-processing adjustments. The pipeline con-
cludes with explainability and transparency evaluations, leading to a final output that
ensures fair, interpretable, and trustworthy candidate ranking.



Chapter 2

Literature Review

Kaushik et al. (2023)in[11] suggested a methodology based upon leveraging Kruskal’s
and Knapsack algorithms for improved functioning of the HR department, specifically
during all rounds related to recruitment as well as pre-screening. The system is designed
to streamline recruitment, reduce bias and make agent selection more efficient. The tra-
ditional recruitment process is described as inefficient, time-consuming, and prone to sub-
jective biases, often resulting in poor hiring decisions. This paper addresses these issues
by proposing an Al-enhanced approach to improve candidate matching and streamline
the selection process. It introduces the "BTNT” test, designed to assess both technical
skills and emotional intelligence. The proposed system has shown a reduction of about
75% on hiring time and 70% cost per hire with being able to increase candidate quality
by 50% and diversity in the pipeline by up to 35%. While the approach outperforms
traditional recruitment processes by addressing issues like subjectivity, inefficiency, and
biases, further testing with real-world data is necessary to validate its performance, as
its efficiency has so far only been proven through simulations using hypothetical HR re-
cruitment scenarios.

Mujtaba and Mahapatra (2019)in[4] review the ethical challenges in Al-driven recruit-
ment processes, focusing on bias, fairness, and transparency. They analyze how bias and
discrimination in Al-based recruitment can arise from biased training data and algorith-
mic decisions. Although no specific dataset is mentioned, the paper references cases like
Amazon’s Al recruitment tool, which was discontinued due to gender bias against female
candidates. The workflow starts with the data preparation phase where the information
about the candidates is obtained. the Kaggle HR data is gathered and narrowed. The
step encompasses the cleaning, encoding,and standardizing the data and eliminating out-
liers or irrelevant variables. Notably, sensitive attributes such as gender were not included
in the model training process and were utilized only to be considered fairly later. This
made sure that the predictions of this model were purely based on the pertinent qualifica-
tions and independent of demographic factors. Feature engineering then converts the use
of text based skill sets and educational levels into the structured numeric values so that
the model will only be learning based on merit-based inputs but not a bias one identifiers.

Pena et al. (2023)in[12] explored the development of human-centered machine learning
applications, with a focus on automated recruitment processes. They highlighted the
importance of ensuring accountability, fairness, and justice in Al-driven decision-making.
A central concern of the study is the bias present in Al algorithms, particularly within



the recruitment field, where such biases often lead to demographic imbalances. Using
the FairCVdb dataset, which consists of 24,000 synthetic profiles, the research examined
recruitment bias through the Fairness Test methodology. This approach assessed how
sensitive information is extracted via machine learning techniques. The results confirmed
the presence of biases in candidate evaluation models, particularly in terms of gender
and race. The study sheds light on algorithmic discrimination by examining bias within
employment data but also emphasizes the need for further studies to broaden the test-
ing environment and enhance bias detection methods. Overall, this research provides a
framework for addressing bias in Al recruitment systems and offers valuable insights for
future investigations into human-centered Al.

Tian et al. (2022)in[14] presented a new machine learning recruitment system for HR
management in business process management systems that uses advanced techniques to
enhance recruitment efficiency. The problem of resumes holds, which is ineffective and bi-
ased evaluation of applications especially due to the increasing number of applications re-
ceived and available systems limitations and is being addressed. Textual Resume datasets
are taken into consideration and processed using LSA, BERT for textual vectorization
purposes with Support Vector Machines(SVM) used as predictive model builder. The
findings show that LSA and BERT can help in pulling out main dimensions contained in
a resume while SVM complements model performance enabling healthy and understand-
able performance reporting to HR practitioners. This study has proven to be the only one
that combines LSA, BERT and SVM in HRM resume classification presenting machine
learning techniques where available outperforming the studies. It should however also
be noted limitations of this study in terms of data availability, quality and distribution
and future research direction which should focus on larger datasets and avoiding SVM
problems with large data in situations where using an SVM (Support Vector Machine)
model may not be practical or effective.

Pessach et al. (2020)[6] introduce a framework that should improve human resource. pro-
cesses especially the staffing and placement by use of analytical methods. Their strategy
goes around the limitations of the traditional recruitment methods through the evalua-
tion of a massive, long datsaet. The selection is conducted based on an ethnically and
demographically diverse applicant pool consisting of more than 100 different attributes.
The methodology of the study is split into two steps. The first stage proposes a model
called Variable-Order Bayesian Network. Second phase refers to (VOBN), the measure
used to predict and measure the attainment of the success of the recruitment that cre-
ates an international optimization model having various considerations. The evidence
supports a conclusion that the developed procedure may have been formulated in the
framework. improve the rates of recruitment and significantly decrease the levels of di-
versity, raising. consequences that upset ordinary HR assumptions and practices. This
does not alter the recognition of some of the prejudices existing with historical data that
apply this investigation directly in the evaluation of recruiting, which when extended may
further enlighten more aspects of diversity and inclusion spans of reservists in the future
investigations.

Yanamala at el.(2022)in[9] A new real-time bias reduction system of Al-drivenm recruit-
ment systems: The new adaptive bias mitigation is also suggested in the study. sys-
tem that is capable of detecting and minimizing biases automatically and continuously,



contributing to making the hiring process fair and inclusive, the framework. Uses the
FairCVtest dataset, consisting a range of multimodal data. such types as resumes, social
media accounts and video interview performance and is explicitly developed to eliminate
the biases not only by genders but also by ethnicities.

Rather than employing only static pre- or post-processing adjustments as in traditional
bias mitigation methods, the framework continuously tracks not just Al system outputs
but also deploying adaptive algorithms to real-time decision making. The authors note
that diversity should be ensured, equity, and legality are upheld in systems of Al-based
recruitment. Fairness is maintained and favoritism does not betray fair recruiting func-
tions. Their suggested framework broadens an otherwise narrow debate on ethical Al
in. recruitment and is a worthy process in the direction of more equitable results. They
further indicate that a future study ought to be concerned with the refinement of these
adaptive. algorithms and determining how they can be used in a broader field of indus-
tries.

The systematic review on the ethical was conducted by Hunkenschroer et al. (2022)[7]
on Al-based recruitment and selection dimensions. Their work examined how Privacy is
invaded by algorithmic bias in candidate screening, which can be reduced accountabil-
ity and weakened, and transparency. As Al has its benefits, it comes with features like
reducing human subjectivity, enhancing uniformity, accelerating human resource recruit-
ment, it also brings with it new types of discrimination and moral greyness. The authors
analyzed 51 published research including the theoretical views, practice perspectives and
legal. problems, and technical implementations. Their results indicated that the majority
of current literature revealed most of them. research pays much attention to algorithmic
bias, whereas other important types of ethics, including, are present. as responsibility
and human autonomy- get substantially less consideration. They also noted that there
is a gap in empirical research and the ethic discourse tends to be ethnocentric. bound
in particular sciences. The paper ends with a recommendation on the wider. study to
develop a holistic ethical system of Al in the recruitment process, which is concerned
with fairness, transparency, and the need to uphold human oversight.

Hunkenschroer et al. (2023)[10] examined Al in the recruitment process by the use a lens
of a human rights approach, with its most prominent principles being autonomy,non-
discrimination, privacy and transparency. Their discussion does not believe that Al-
based recruiting is fundamentally unethical yet it suggests that it is something that can
go wrong It depends on its ways of usage by employers, especially in cases where hiring is
based on a starting point of treating applicants as points of data. The authors emphasize
that human bias can be minimized with the help of Al.and enhance the efficiency of the
recruiting process; but they also create the concern of risk and loss of human judgment,
and lack of transparency. The paper finally states that Al systems in the employment
sector must be transparent, audited on a regular basis.and was in conformity to human
rights. Meanwhile, it stresses the fact that more.There is a need to comprehend and
regulate empirical research and stronger regulations the practical impacts of Al-based
recruitment.

Waymond Rodgers and colleagues (2023)in[13] article: ”An Artificial IntelligenceHu-
man Resource Management Algorithmic Approach to Ethical Decision-Making.Processes”
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gave a summary of how artificial intelligence can be applied to ethical decision-making.
It is the application of artificial intelligence algorithms within the HRM.(Human Re-
source Management) which attempts to explain the decision making process of people is
grounded on a throughput model framework. The manner in which is considered in this
model various ethical positions may affect the Al-based decision-making, not to mention,
opinions, decisions.and information in decision making. Further research into the percep-

tion of workers of HRM.

This paper aims to get deeper into the ways Al may be applied to the hiring process
and examine how it may make the work of HR faster and easier, what types of concerns
arise when we indeed start using it, and what ethical issues we should consider. It also
takes the reader through the way in which applications such as screening algorithms and
vacancy-prediction models simplify the hiring process, increase productivity and reduce
costs. However, there are also drawbacks such as the black-box issue in which it is difficult
to justify the decisions, concerns on bias, data privacy and reduced human interaction.
We discuss international regulations, like GDPR and the AI Act, that place close restric-
tions on the use of Al in the recruitment process, and we emphasize the fact that it is
essential to ensure the data stays safe, justify the decisions and make the process trans-
parent. We took the Czech Republic as an example and examined how Al affects the
HR process, based on online interviews conducted in November 2023, which addressed
such aspects as Al in recruiting, ethical issues (such as bias and privacy), and how to
balance the use of AI and human intuition. Every participant acknowledges the signifi-
cance of candidate-client compatibility, but they expressed concerns about Al’s impact on
recruitment quality, team diversity, and potential biases. Ethical issues like transparency
and fairness and the loss of the "human factor” were key themes. Participants suggested
GDPR compliance and monitoring to mitigate risks. The findings highlight the need to
balance Al’s efficiency with human judgment as ongoing advancements seek to address
ethical concerns in Al-based recruitment. Lastly, we can say that this study investigates
the opinions of HR specialists regarding moral issues with Al hiring practices. Further
research is also necessary on emerging Al technology and changing laws pertaining to
ethical hiring practices (Sykorova et al., 2024, #)in[16].

This paper discusses the evolution of Al and how it brings significant ethical challenges,
including bias, transparency, ownership, misinformation, privacy, security, and job dis
placement (Abramov, 2024)in[15]. The manifestation of bias in Al systems can extend
discrimination, whereas a lack of transparency complicates accountability and further
complicates the issue of accountability. Furthermore, concerns about the ownership of
Al-generated art and social manipulation through misinformation, such as deep fakes,
have arisen. In fact, the reliance of Al on personal data increases privacy and surveil-
lance concerns, and job displacement as a result of automation is becoming a growing
concern. To ensure responsible and equitable integration of Al technologies, it’s impor-
tant to use diverse datasets, implement explainable AI methodologies, establish legal
frameworks, and adopt proactive policy measures.

This paper explores the potential biases in the Recruitment and Selection (R&S) process
when using Al systems, focussing on cognitive biases that can be embedded in AI mod-
els through data gathering, analysis, and decision-making (Soleimani, 2022)in[8]. The
research takes an exploratory and qualitative approach, using classic grounded theory to
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guide interviews with 39 HR managers and Al developers globally. In our study we ex-
tracted 925 pieces of code in the interviews to study and stuff such as data augmentation
and synthetic data. The findings cast some light on the construction of Al-Recruitment
Systems (AIRS), and we propose both technological and non-technological tricks that
could be used to minimize bias in the various phases of the construction. The analysis
identifies two cognitive biases, such as similar-to-me bias and stereotype bias, which also
occur during the R&S process. We state that knowledge transfer between fields between
HR managers and Al developers should deliver a check to such biases. The retraining of
machine learning models is a true necessity to building unbiased AIRS since continuous
learning is more accurate. The paper further also examines Al transparency and provides
a bigger picture on how Al is being applied in other areas of life such as education and
insurances and asks that we be responsible in the development of AI and stop pouring
bias into the decision making process.

More recent literature suggests the shift to multi-agent, end-to-end recruitment systems
that combine sourcing, vetting, rubric-based evaluation, and decision reporting because
of the apparent inefficiencies in fragmented, single-tool automation. Pathak and Pandey
in[17] present a modular architecture, which is Sourcing, Vetting, Evaluation, and Deci-
sion agents, based on GPT-4, LangChain, Pinecone, and PostgreSQL, that allows asyn-
chronous interviewing, standardized scoring, and sizeable report generation. The system
has been claimed to reduce time-to-hire by 65 percent in a large-scale, live-screening de-
ployment with 500+ candidates in India and LATAM, be on par with human technical
screening 91 per cent of the time, and have a 4.6/5 rating on the candidate-experience
scale, as well as reduce the evaluator variance using rubric consistency, implying that
agentic designs can be more efficient and equitable in technical hiring, and retain au-
ditability by logs and structured feedback (Pathak and Pandey, n.d.).

Our literature review establishes a feeling of the place of Al in recruitment strategy, as
well as various styles and roadblocks. In this line, Kaushik (2023) in[11] stipulates that
AT algorithms improve recruitment efficiency and reduce bias. Meanwhile, in[4], Mujtaba
(2019) suggests another point of view pointing out such ethical issues as fairness and
bias. Employing Al in hiring seems to be extremely promising with regards to up-, and
scaling-speed and increasing diversity, yet, it is also evident that the review raises a set
of ethical riddles. We must strike a balance between human judgment and automated
decision-making and not be on the wrong side of the law and privacy regulations. These
concerns will be sorted out to reduce the chances of bias, discrimination, and misuse of
data during future recruitment. To sum up, we have pointed out some main points of
our literature review that need to be addressed.

o Al in Recruitment: Al is also transforming the recruitment process by automat-
ing such tasks as resume filtering and ranking of candidates, making this process
more effective and less biased against hiring.

o Bias Concerns: Al recruiting systems may sustain any pre-existing biases on
training data, gender, ethnicity, and other demographic elements.

« Bias Mitigation: There is a focus on the researchers to ensure that Al sys-
tems deal with biases actively by applying pre-processing, in-processing, and post-
processing solutions.
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o Fairness Measures: Two important fairness measures that are applied to evaluate
Al recruitment models are Demographic Parity and Equalized Odds that aim to
guarantee balanced results among demographic categories.

e Human-Centred AI: The need to incorporate human control in Al decision-
making is emphasized since Al decisions may be inscrutable, building issues of
responsibility and justice.

 Reduction of Biases in Real-Time: There are models such as the one suggested
by Yanamala et al., which aim at detecting and continuously reducing biases during
the recruitment process that are induced in real-time.

o Feature Engineering: To prevent algorithmic bias, Al-based recruitment system
needs to carefully prepare data and engineer its features, including encoding job
skills and experience in a manner that does not lead to bias in algorithms.

o Transparency and Explainability: SHAP and LIME and similar methods are
necessary to make Al-based decisions on recruiting employees more comprehensible
to humans so that the candidates can understand why they were or were not chosen.

o Al and Diversity: Although Al bias is of concern, research indicates that Al
can be used to enhance diversity by making the selection criteria more objective,
although bias reduction is necessary.

e Human Intuition in the AI Systems: There is a critical relationship between
human intuition and AI efficiency. According to the multiple professionals, Al is
only supposed to assist and not to displace human judgement during the hiring
process.

2.1 Research Gap

1) Lack of Coherent Financial Structure: The extant literature focuses on fairness, bias
mitigation measures, and explainability individually, and few of them combine them into
one ethical Al recruitment strategy.

2) Minimal Attention to Hybrid ML Model: Studies addressing hybrid machine learning
systems to achieve a tradeoff between accuracy and equity in recruitment decision sys-
tems are scarce.

3) Insufficient Testing in the Real World: In a majority of fairness experiments, the data
used is based on public datasets, rather than actual recruitment data, making their ap-
plication and generalization more practical.

4) The underdeveloped use of explainability tools: There are not many studies that use
fairness measures together with interpretability tools such as SHAP or LIME to provide
transparency and accountability.

5) Lack of conformity to the ethical and legal standards: The issue of technical bias
mitigation strategies and their adherence to the changing frameworks (EU AI Act and

UK Equality Act) still exists.
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Chapter 3

Dataset Description and
Pre-Processing

To create and debug our ethical recruitment system using A, then, we scraped a valid
dataset on Kaggle, the "70k Job Applicants Data - Human Resource”, created by Ayush
Tankha. It has a lot of detailed, multi-dimensional information on candidates, so it is
ideal for predicting and also in evaluating the fairness of hiring. Besides, it has already
been applied in numerous Al research papers, so we are not picking it at random, but it
has academic backing.

o The dataset can be found at: Kaggle: 70k Job Applicants Data - Human Resource.

3.1 Dataset Overview

Total Records: 1,101,930 job applicant profiles

Total Features: 14

Prediction Target: Employment Status (Employed vs Not Employed)

Problem Type: Binary Classification

The goal is to predict whether a candidate is employed or not based on multiple personal,
educational, and professional attributes.
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Dataset Democgraphic Summary:

attribute category Count Percentage (%)
0 Gender Man 63450 93.289617
1 Gender Woman 3259 4 835769
2 Gender MonBinary 1275 1.874614
3 Age Group Other 44114 64 860176
4 Age Group =35 23900 35.1358824
5 Education Level Undergraduate 34478 50.692504
6 Education Level Other 27591 40.566648
7 Education Level HoHigherEd 3435 5.050431
8 Education Level PhD 2510 3.690417
9  Top 5 Countries United States of America 13578 19.963537
10 Top 5 Countries Germany 5005 7.358779
11 Top 5 Countries India 4975 7.314671
12 Top 5 Countries  United Kingdom of Great Eritain and Northem 1... 4351 5397212
13 Top 5 Countries Canada 2574 3784515

Figure 3.1: Demographic Summary

3.2 Dataset Features

The following Table 3.1 summarizes all the features used in our dataset, including their
type and a brief description.

3.3 Data Cleaning and Missing Value Handling

The HaveWorkedWith column had 63 missing entries. The missing records were excluded
to prevent the model from missing any of its input data.

After dropping missing records, the multi-choice column HaveWorkedWith, which orig-
inally contained multiple programming languages and technologies separated by semi-
colons (;), was converted into multiple binary columns using multi-label binarization.
Specifically, the column was parsed using pd.get_dummies() with the separator speci-
fied as ;.

For each distinct technology (e.g., Python, Java, SQL, C++), we transformed the tech-
nology into a binary column which indicates 1 if the candidate had experience with it,
and 0 otherwise.

We list this approach as Discrete Preparation (DisCRETE prep) to highlight this trans-

formation, which enables capturing the multi-skill profile of a candidate while remaining
compatible with machine learning algorithms.

3.4 Data Preprocessing Techniques

The Figure 3.2 shows the class distribution after balancing the dataset, in which employed
and not employed became equal.
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Feature Name | Type Description

Age Categorical Age group of the candidate

Accessibility Categorical Accessibility options used by the can-
didate

EdLevel Categorical Education level of the candidate

Employment Numerical (Target) Employment status (1 = Employed, 0
= Not Employed)

Gender Categorical Gender identity

MentalHealth Categorical Mental health status

MainBranch Categorical Area of work

YearsCode Numerical Years of coding experience

YearsCodePro Numerical Years of professional coding experience

Country Categorical Country of residence

PreviousSalary Numerical Previous salary

HaveWorkedWith | Categorical Technologies the candidate has worked
with

ComputerSkills Numerical Computer skill level

Employed Numerical (Supporting) | Binary employment status used for ver-
ification

Table 3.1: Dataset Features Description

3.4.1 Encoding of Categorical Features

All the categorical features were transformed as numeric using One-Hot Encoding wher-
ever appropriate based on the ML models used. This was essential because most ML
algorithms can only process numerical input.

3.4.2 Target Variable Preparation

The Employment column was used as the target feature. It was binarized into:
e 1 = Employed
e 0 = Not Employed

3.4.3 Train-Test Split

The dataset was divided into:

o 70% Training Data
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Figure 3.2: Class Distribution After Balancing the Dataset

e 30% Testing Data

Stratified Sampling was used to maintain class balance across both subsets.

3.5 Dataset Relevance to Research Objective
This dataset effectively served our research objectives because:

o It reflects real-world, multi-dimensional employment data.

o It includes both technical and non-technical features allowing detailed analysis of
bias and fairness.

o It enabled the implementation of multiple machine learning models and fairness-
enhancing methods such as:
— Pre-processing Techniques: Fairness-aware encoding
— In-processing Techniques: Balanced algorithms

— Post-processing Techniques: Fairness Flip Detector & Score Adjusters

Explainability Models: SHAP value interpretation
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3.6 Ethical Considerations

Since our thesis focuses on ethical machine learning in recruitment, we closely monitored
and addressed:

o Gender bias
« Salary inequality impacts
o Work experience disparities

o Model transparency through SHAP explainability techniques

In addition to the preprocessing steps described, we implemented several advanced tech-
niques to strengthen the robustness of our dataset preparation. After the initial one-hot
encoding and multi-label binarization of the Have Worked With attribute, we identified
moderate class imbalance in the employment target variable. To mitigate this, we ap-
plied balancing strategies, including oversampling the minority class and undersampling
the majority class. This ensured that the model did not develop skewed preferences to-
wards the majority class, leading to more equitable predictions.

We retained the gender column in preprocessing but did not do it haphazardly. We did
not drop it, but instead encoded it in a manner that would allow us to perform experi-
ments of gender flipping. It implies that we would reverse the gender labels in the test
set to determine whether the model would behave differently. In such a way, we would
be able to experiment with fairness and not to corrupt the dataset.

A hit-check list was assigned to every step of preprocessing. To ensure that the binary
encoding worked correctly we eyeballed the distributions of classes after balancing and
ran some stats summaries to ensure that nothing distorted relationships amongst features.
These checks were transparency and prevented the existence of hidden data error that
could creep in subsequent modeling.
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Chapter 4

Methodology

4.1 Overview of Model Implementation

An ethical Al-based recruitment system was developed in this thesis, which combines
biased machine learning with bias-reduction measures. It is aimed at forecasting who
will be hired depending on academic, technical, professional, and emotional intelligence
characters without losing sight of fairness, transparency, and ethics.

The sample of the given research combines academic performance, credentials, employ-
ment history, problem-solving ability, history of internships, EI scores, and personal data
such as gender. Due to its mixed nature, we have compared a number of ML models to
identify the one that strikes the optimal predictive candidate.

The system utilizes five supervised machine learning models:

« Random Forest (RF)

Decision Tree (DT)

Logistic Regression (LR)

K-Nearest Neighbors (KNN)

Naive Bayes (NB)

We trained, tuned, and evaluated each model with standard statistical performance mea-
sures accuracy, precision, recall, F1l-score, ROC-AUC. Additionally, fairness detection
techniques, bias mitigation adjustments, and model explainability methods were incor-
porated to ensure ethical alignment and model transparency.

4.2 Model Descriptions

4.2.1 Logistic Regression (LR)

Logistic Regression ranks among the most straightforward and widely used classifiers,
especially in binary tasks such as forecasting whether a job applicant will be hired or not.
The method estimates the likelihood that an observation falls into one class rather than
the other by passing a linear combination of inputs through the logistic or sigmoid curve:
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1
ho() = 1+e7

In this expression, x denotes the vector of observed features and 6 collects the associated
parameters or weights. Because the sigmoid always returns a value between 0 and 1,
the result can naturally be read as the estimated chance of the applicant being hired.
Practitioners usually apply a cut-off-point-often set at .5-to translate that probability
into a hard yes or no.

Advantages:

where z = 0"z (4.1)

» Logistic regression is straightforward, quick, and results are easily understood.
o It directly produces probabilities attached to predictions.
Disadvantages:
e The method is happiest when the data shows a linear pattern.
o It struggles when relationships twist or bend sharply.

In our work: Logistic Regression set a clear baseline, yet its accuracy lagged behind
more sophisticated techniques.

4.2.2 K-Nearest Neighbors (KNN)

K-nearest neighbors (KNN) assign a label by finding the K closest cases and letting the
majority vote decide. Distance is typically calculated using Fuclidean distance:

(4.2)

Advantages:

e The algorithm is non-parametric and requires few assumptions.

o It can model intricate boundaries that simpler techniques miss.
Disadvantages:

o Results depend on consistent feature scaling.

o Searching through the full dataset is slow in large or high-dimensional samples.

In our work: KNN produced intuitive, similarity-based forecasts but faltered with
sparse high-dimensional data.
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4.2.3 Decision Tree (DT)

Decision Trees repeatedly split the feature space to group cases, usually relying on Gini
Impurity:

c

Gini(t)=1-Y p} (4.3)

i=1
Where p; is the fraction of class i at each node.
Advantages:

o Trees offer clear rules that a layperson can follow.

o They can fit sharply bending, non-linear trends.
Disadvantages:

o A single tree often memorizes noise instead of learning.

In our work: Provided explainable decision rules but Random Forest achieved more
stable performance.

4.2.4 Random Forest (RF)
Random Forest grows many trees on random subsets and pools their predictions with a
majority vote:
g = mode(Ty(z), Tx(x), ..., Tn(z)) (4.4)

Advantages:

e The method is accurate, stable, and handles noise.

o Aggregation cuts overfitting compared to a lone tree.

o It ranks predictors by how much they improve splits.
Disadvantages:

e More complex and heavier on computation.

In our work: Random Forest managed the mixed data types well and recorded the
higest accuracy at (96%).

4.2.5 Naive Bayes (NB)

Naive Bayes rests on Bayes’ Theorem and assumes all features are independent:

P(B|A)P(A)
P(A|B) = ———— 4.5
(A1B) = =5 (15)
For continuous data, Gaussian Naive Bayes assumes:
1 7(%‘*#;0)2
P(z;|C) = e ¢ (4.6)

\/ 27r0%
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Advantages:

e Quick to train and easy to understand.

« Handles small samples without much trouble.
Disadvantages:
e Independence assumption often does not hold.

In our work: It served as a baseline, delivering moderate scores.

4.3 Model Training Pipeline

4.3.1 Data Preprocessing
« Categorical Encoding: pd.get_dummies() for one-hot encoding.
o Train-Test Split: 70:30 split.

o Missing Value Handling: Imputation or exclusion.

4.4 Hyperparameter Tuning

The following Table 4.1 summarizes the hyperparameter tuning applied for each model:

Model Tuned Hyperparameters
Random Forest n_estimators, max_depth, min_samples_split
Decision Tree max_depth, min_samples_split, min_samples_leaf

Logistic Regression | max_iter, C

KNN n_neighbors

Naive Bayes No major tuning

Table 4.1: Hyperparameter Tuning Summary

Optimization Approach: The hyperparameters were optimized through Grid Search
with 5-fold cross-validation (k = 5).

4.5 Fairness-Aware Adjustments

4.5.1 Fairness Flip Detection

For gender, we flipped each candidate value and re-ran the model:

Flip Count = » T[ji(x;) # (x})] (4.7)
i=1
where 7} is the flipped input.
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4.5.2 Post-Processing Fairness Adjustment

For under-represented groups a score re-calibration was applied:

Pjqir = min(P +0.05,1) (4.8)

4.6 Feature Importance

SHAP (Shapley Additive Explanations) values explained how each feature pushed the
final score:

« Certifications (academic qualification)
e Years of Experience

o Problem Solving Skills

o Internship Duration

« Gender (controlled)

4.7 Explainability with SHAP and LIME

Transparency is a key part of ethical AI. We used two tools to explain how the model
makes decisions:

« SHAP (Shapley Additive Explanations): Provides both global and local in-
sights. Globally, it shows which features matter most across all candidates. Locally,
it explains why a specific prediction was made.

« LIME (Local Interpretable Model-agnostic Explanations): Focuses only
on one candidate at a time. It perturbs that candidate’s data slightly, checks how
predictions change, and builds a simple local model to explain the decision.

For example, LIME explanations showed that having Python skill increased hiring
probability by about +0.140, and SQL skill added about +0.157. These results
show that technical skills had a strong positive influence on the model’s decisions, whereas
gender had almost no impact.

By using both SHAP and LIME together, the system provides two levels of insight: a
global view, showing that skills and qualifications influence outcomes more than demo-
graphic factors, and a candidate-level explanation, helping HR teams understand the
specific reasons behind each selection decision.

As shown in Figure 4.1, the LIME explanation shows how specific skills such as Node.js,
C#, and MongoDB contributed to the candidate’s predicted employment outcome
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Figure 4.1: Lime Explanation of specific skills

4.8 Model Performance Summary

The model’s training process was improved through the use of 5-fold cross-validation,
which helped produce a more dependable estimate of how well the model would perform
on unseen data. Instead of relying on just one train-test split, the dataset was divided
into five parts, and the results were averaged across all folds. By reporting both the mean
and standard deviation of accuracy, we were able to evaluate not only each algorithm’s
performance but also its consistency across different data splits.

The fairness backbone of our recruitment model is derived from the fairlearn.metrics
module, which was used to compute the selection rate for protected groups and the
Demographic Parity Gap (DPG).

DPG = [Pr(j=1]g=1)—Pr(j=1] g =0)| (4.9)

A reduced DPG implies that there is consistency when it comes to hiring probs between
genders. We obtain DPG 0.1279, which is not bad, balanced.

We also measured Bias Volatility, the standard deviation of DPG across 100 bootstrap
samples, which was 0.0274. This showed that fairness was not only achieved but also
stable under resampling.

Secondly, some expanded evaluation metrics were introduced.The performance of

each model was evaluated using key metrics: Accuracy, Precision, Recall, and F1-Score.
The Table 4.2 summarises the evaluation results:
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Model Accuracy | Precision | Recall | F1-Score
Random Forest 96% 96% 96% 96%
Decision Tree (tuned) 97.1% 97% 97% 97%
Logistic Regression 82% 82% 82% 82%
KNN 68% 68% 68% 68%
Naive Bayes 76% 76% 76% 75%

Table 4.2: Model Performance Summary

4.9 Final Model Selection

Although Decision Tree peaked at (97.1%) accuracy, but Random Forest was finalized
due to its superior generalization, robustness, and long-term stability:

High predictive accuracy (96%).

Stable results after fairness tweaks.

Clear feature importance.

Smooth fit with fairness tools (Fairness Flip Detector, SHAP).

Lower risk of overfitting.

4.9.1 Fairness-Aware Pipeline and Mitigation

Bias control was implemented in three layers:

1.

Pre-processing: Gender labels retained for auditing but excluded from model
inputs; balanced stratified sampling ensured equal group representation.

In-processing: During model training, each algorithm’s hyperparameters were
tuned to avoid majority dominance. The Random Forest’s class weight="balanced’
and Decision Tree’s minimum split depths enforced parity.

Post-processing: After predictions, the Fairness Flip Test inverted gender values
(Gender_Male Gender_Female) and recomputed outcomes. Candidates whose re-
sults changed under flipping were flagged for review, and under-represented groups
received a +5 percentage-point score re-calibration to restore parity.

4.9.2 Fairness Diagnostics and Visualization

The system generated plots for gender selection rates, fairness gaps, and SHAP sum-
maries. The plots validated that skills and education dominated decisions, not gender.
Bias heatmaps demonstrated consistent probabilities across groups, confirming ethical
robustness.
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4.9.3 Uncertainty and Stability Testing

A bootstrap of 1000 iterations was used to resample the test set and recompute accuracy
and DPG. Mean accuracy stayed within £ 0.4 %, and the Fairness Index within + 1 %.
These tiny fluctuations validated model reliability under data noise.

4.9.4 Governance and Human-in-the-Loop Oversight

To anchor ethical Al in practice, we integrated a review mechanism:

o Every Top-K candidate list is audited by a human panel before final recommenda-
tion.

o A flagging module triggers re-audit if DPG > 0.15 or Bias Volatility > 0.05.

o Periodic model re-training and SHAP drift analysis ensure the system remains
compliant with GDPR and ethical HR standards.

4.10 Cluster-wise Gender Distribution Analysis

To better understand how gender is distributed across different applicant profiles; the
test dataset was clustered using the KMeans algorithm with £ = 5.

Before applying the model, the one-hot encoded gender variables were reconverted into
readable labels (Man, Woman, Non-Binary). The features were then standardized using
StandardScaler to ensure equal contribution from all variables.

The resulting clusters represent three broad applicant categories with varying skill and
experience patterns.

A cross-tabulation of Cluster X Gender was created and normalized within each cluster
to calculate the proportion of candidates belonging to each gender.
The percentages were as follows:

e Cluster 0: Man — 92.9 %, Non-Binary — 1.8 %, Woman — 5.3 %
o Cluster 1: Man — 93.7 %, Non-Binary — 2.1 %, Woman — 4.2 %

o Cluster 2: Man — 93.3 %, Non-Binary — 1.9 %, Woman — 4.8 %

These results reveal that the dataset is heavily male-dominant, with men comprising
roughly 93 % of applicants in every cluster.

The proportions are also remarkably uniform, varying by less than one percentage
point between clusters.

This indicates that gender imbalance is structural across the dataset rather than confined
to any particular subgroup.
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Such an observation is important when interpreting fairness metrics like Demographic
Parity, since the target base rates for women and non-binary candidates are inherently
low. Without acknowledging this baseline, parity comparisons could appear misleading
or exaggerated.

From a governance standpoint, this finding guided our decision to emphasize post-
processing fairness adjustments—such as group-aware thresholds and tie-breaking
rules in the Selection Scoreboard—instead of attempting artificial data rebalancing.

Ongoing monitoring focuses on both absolute parity gaps and normalized fairness
indices to capture meaningful deviations over time.

Finally, our evaluation pipeline includes safeguards derived from this analysis:

o Stratified train—test splits are maintained by gender to keep performance evaluation
consistent.

» Selection rates are reported separately within each cluster to detect localized fair-
ness drift.

o An internal audit is triggered if any cluster exhibits a Demographic Parity gap
greater than 0.15.

As shown in Figure 4.2, the cluster-wise gender distribution showing the proportion of
male, non-binary, and female candidates within each cluster.

Figure 4.2: Cluster-wise Gender Distribution
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4.11 Fairness Metrics by Gender:

To evaluate the fairness of the recruitment model across gender groups, we analyzed
group-wise accuracy and selection rate using Fairlearn’s MetricFrame module.

The sensitive attribute, Gender, was recovered from the test set to ensure perfect align-
ment with the model predictions (y_pred). This allowed us to assess whether the model’s
performance and selection decisions were consistent across different gender identities.

Two key fairness indicators were then derived:

« Demographic Parity Difference (DP): measures the difference in positive pre-
diction rates between groups.

« Equalized Odds Difference (EO): captures differences in error rates (false pos-
itives and false negatives) across groups.

The resulting bar chart compares accuracy and selection rate for Man, NonBinary, and
Woman categories, giving a clear visual representation of fairness across the dataset.

Results: The calculated metrics for each group were as follows:
e Man: Accuracy = 0.9922, Selection Rate = 0.5023
o NonBinary: Accuracy = 0.9869, Selection Rate = 0.4882
e Woman: Accuracy = 0.9929, Selection Rate = 0.4547
The overall summary fairness gaps were:
« Demographic Parity Difference (DP): 0.0458
« Equalized Odds Difference (EO): 0.0098

Interpretation: The model demonstrated uniform accuracy across all gender groups,
maintaining an average performance of approximately 99%, which indicates that predic-
tion correctness is consistent irrespective of gender.

However, a slight variation was observed in selection rates: while men had a selection
rate of 0.502, women had a slightly lower rate of 0.455. This results in a Demographic
Parity difference of 0.046, reflecting a modest disparity. The difference remains within
an acceptable range for institutional thresholds (typically 0.05-0.10), but continued mon-
itoring is recommended to ensure that small imbalances do not amplify over time.

The Equalized Odds difference (0.0098) was extremely low, suggesting that the
model’s error patterns are balanced — that is, false positives and false negatives
occur at similar rates across gender groups.

Such a result implies that the model’s predictive behavior is not systematically biased

toward or against any specific gender.
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Implications: These findings confirm that the model upholds gender fairness in both
accuracy and outcome distribution.Minor differences in selection rates are attributed to
natural dataset imbalances rather than algorithmic bias. By incorporating gender-aware
validation and regular fairness monitoring, the model maintains ethical integrity while
preserving technical performance.If future re-training cycles exhibit larger demographic
disparities, fairness adjustments can be introduced at the post-processing stage, such
as threshold tuning or tie-breaking strategies in the Selection Scoreboard, to
restore demographic balance without reducing accuracy. As shown in Figure 4.3, the
accuracy and selection rate comparison across different gender groups.

Figure 4.3: Accuracy & Selection Rate by Gender

4.12 Fairness Metrics for feature by group:

To measure how fair the model was across different gender groups, we calculated both
accuracy and selection rate for each group using fairlearn.metrics.MetricFrame. The
sensitive attribute, Gender, was carefully matched with the test data indices so that each
prediction lined up with the correct individual. Accuracy shows how often the model was
correct for each group, while the selection rate represents the percentage of candidates
predicted as “selected.” In addition, we tracked two fairness indicators—Demographic
Parity (DP) and Equalized Odds (EO)—which summarize the overall differences
between groups. The visualization here in Figure 4.4 highlights the underlying accuracy
and selection rate that contribute to those fairness gaps.
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4.12.1 Gender: Accuracy & Selection Rate by Group.

Figure 4.4: Gender: Accuracy & Selection Rate by Group

The chart compares accuracy (blue bars) and selection rate (orange bars) across the
three gender groups—man, non-binary, and woman. It visually shows how accurately the
model performs for each group and how often candidates from each group were predicted
as “selected”.

o Accuracy parity: All groups are 0.99, indicating the classifier is not less correct
for any gender.

e Selection rate spread: Men and non-binary candidates are around 0.49-0.51,
while women are lower ( 0.41-0.46 in our runs). This produces a small DP gap
( 0.046 in our notebook run) with very low EO ( 0.010), meaning error rates are
well aligned.

o Implication: Because accuracy is uniform and EO is small, gentle post-processing
(group-aware thresholds or fair tie-breaks in the Selection Scoreboard) can tighten
DP without harming correctness. Keep gender-stratified validation and alert if
the selection-rate gap grows (e.g., DP > 0.08-0.10).
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4.12.2 EdLevel: Accuracy & Selection Rate by Group.

Figure 4.5: EdLevel: Accuracy & Selection Rate by Group

In our Figure 4.5 the Selection rates differ markedly across education levels (DP diff =
0.266; EO diff = 0.040). PhD applicants have the lowest selection rate (0.281) versus
NoHigherEd (0.547) and Undergraduate (0.524), yielding an adverse-impact ratio of
0.51 (< 0.80). Accuracies are uniformly high (0.986-0.993), so the gap reflects selection-
rate/threshold differences rather than error-rate disparities. Consistent with our diag-
nostics, the model’s average probabilities track group base label rates (e.g., PhD has
the lowest base positive rate), indicating a data-driven disparity rather than additional
algorithmic bias.

4.12.3 MainBranch: Accuracy & Selection Rate by Group.

Figure 4.6: MainBranch: Accuracy & Selection Rate by Group

In our Figure 4.6 we saw that Selection favours the ‘Other’ branch over ‘NotDev’
(selection 0.516 vs 0.317; DP diff = 0.200; EO diff = 0.011), with an adverse-impact
ratio of 0.62 (< 0.80). Accuracies are similar (0.992) across groups, so differences arise
primarily from selection rates, not error behaviour. This pattern suggests checking base
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outcome rates by branch and, if policy requires, applying a DP-oriented mitigation
(e.g., group-specific thresholds or ExponentiatedGradient with DemographicParity).

4.12.4 Age: Accuracy & Selection Rate by Group.

In our Figure 4.7 the age groups are close to parity (selection 0.474 for >35 vs 0.514
for Other; DP diff = 0.039; EO diff = 0.002). The adverse-impact ratio is 0.92 ( 0.80),
so the 80% rule is met. Accuracies are comparable (0.991-0.993), indicating balanced
error rates and only a small residual selection-rate gap—mno mitigation needed here.

Figure 4.7: Age: Accuracy & Selection Rate by Group

4.13 Selection Rate by Gender (Before vs After Fair-
ness)

We visualized per-gender selection rates before and after fairness adjustment. The “After”
bars close the minor gap while preserving accuracy, confirming the recalibration is effective
and not cosmetic.

Figure 4.8: Selection Rate by Gender (Before vs After Fairness)
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The Bar chart in Figure 4.8 showing selection rates for Male and Female before and
after fairness adjustment; post-processing narrows differences with negligible impact on
performance.

4.14 Gender-Flip Sensitivity Test (Flip Count + Mean
|Ap|)

In Figure 4.9 We swapped only the Gender feature (Male Female) while keeping all other
attributes fixed. Very few predictions flipped, and the average absolute probability change
|Ap| stayed near zero, indicating decisions are not driven by gender.

Figure 4.9: Gender-Flip: Flip Count

Number of decisions that changed after swapping Gender. Very low counts indicate low
sensitivity to Gender.

Figure 4.10: Gender-Flip: Mean |Ap|

As shown in Figure 4.10 the Average absolute probability changes after swapping Gender.
Near-zero values confirm stable scores.
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4.15 Accuracy & Selection Rate by Gender

Accuracy remains consistent across groups, and selection rates differ only slightly, aligning
with small DP/EO gaps.

Figure 4.11: Accuracy & Selection Rate by Gender

As shown in Figure 4.11, the bars for group accuracy and selection rate are nearly iden-
tical, supporting demographic parity.

4.16 Extended Modeling and Evaluation Enhance-
ments:

After completing the baseline experiments, the modeling pipeline was expanded to cre-
ate a system that was not only accurate but also fair, stable, and transparent. This
enhanced framework included improvements in validation, evaluation, fairness modeling,
and explainability — making the system more trustworthy for real-world use.

(a) Cross-Validation for Reliable Model Training

In the early experiments, model performance was estimated from a single train—test split.
While quick, that method can sometimes give overly optimistic results.

To get a more dependable picture of how well each algorithm generalizes, we adopted a
5-fold cross-validation strategy.

The dataset is divided into five folds. Each model is trained on four folds and tested
on the remaining one, repeating the process five times to ensure that each fold is tested
exactly once.

A realistic view of model stability is obtained by looking at the average accuracy and
standard deviation. The less the deviation, the more homogenous it becomes, regardless
of how we divide the data. The consistency is an important attribute of an ethical system,
which must be reliable and trustworthy.
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(b) Expanded Evaluation Metrics

It is not just accurate, but when it is, how often it is accurate, but not why or where it
is wrong. So we added more metrics.

o Precision measures the number of those who were predicted to be good hires and
were correct.

e Recall indicates the number of the really good hires that the model snared.
e Precision and recall are balanced in F1 -score.

« ROC -AUC demonstrates the ability of the model to disaggregate the two classes
at all thresholds.

We also generated confusion matrices of each classifier and graphically represented correct
and incorrect prediction of the predictive as Employed vs. “Not Employed.” Such dis-
aggregations allow us to identify whether some models are either discriminating against
capable people or as well as to discriminate against unqualified ones, which is essential
to fairness.

(c) Fairness-Aware Modeling and Iterative Recalibration

In order to ensure that predictions remain fair to all genders we increased the fairness
aspect of the model. We did not simply tackle the issue with a gender flip test, but we
applied multiple tests:

o Equalised odds checks to make sure that the true-positive and false-positive rates
are the same across the genders.

e Demographic parity checks to understand whether the positive outcomes are evenly
distributed.

» Fairness heatmaps to provide an intuitive dashboard of the visual bias level across
gender subgroups.

We also developed an iterative post-processing recalibration mechanism. Under
this scheme, under-represented groups received a small, adjustable score boost (default
+5%) after model prediction.

Unlike the earlier fixed correction, this parameterized version allowed us to systematically
explore trade-offs between fairness and accuracy, finding the point where both were
balanced.

(d) Explainability and Transparency Tools

To make the Al’s reasoning more trustworthy and transparent for recruiters, we enhanced
our use of explainable machine learning techniques—especially SHAP (Shapley Additive
Explanations). Rather than simply showing which features were most important, the im-
proved system generated multiple visualizations that illustrated how and why the model
reached its decisions.
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e SHAP Summary Plots ranked all features by their average contribution to can-
didate selection.

« SHAP Dependence Plots visualizations demonstrated how changes in individual
variables—such as Years of Ezperience—affected the model’s prediction probabili-
ties. This helped reveal the direction and strength of each feature’s impact on the
final hiring outcome, making the decision process easier to understand.

Feature interaction maps showed how related features—such as certifications and tech-
nical skills—worked together to influence the model’s predictions. By visualizing these
relationships, we could better understand how combinations of attributes shaped the
overall hiring outcomes.

These explainability features transformed the model from a “black box” into a trans-
parent decision-making tool. Recruiters could now clearly understand that top-ranked
candidates were selected based on genuine, skill-related factors rather than irrelevant or
sensitive attributes.

(e) Methodological Improvements Synopsis

Overall, this step transformed the model into a normal classifier into a just, open, and
objective recruitment system.

We developed a pipeline that not only works well but also inspires trust because of
its consistency and explainability through the use of cross-validation, more informative
performance metrics, recalibration of fairness, and SHAP explainability.

4.17 Hybrid Voting Ensemble (Soft Voting)

Having tried several baseline models, each of them had something to offer. The Logistic
Regression provides consistent, well-calibrated opportunities, the random forest is good
at reflecting the deep interaction, and the tuned decision tree is interpretable and rule-
based, as illustrated in Figure 4.12. To combine their strengths, we built a Hybrid
Voting Ensemble — a single model that merges the predictions of these three.

In this ensemble, all three base learners (Random Forest, Logistic Regression, and
Decision Tree) make their own probability predictions for each candidate. Instead of
simply voting for a class label, we use soft voting, where the ensemble averages these
predicted probabilities and then selects the class with the highest average. This approach
gives more weight to confident predictions and reduces the risk of one weak model over-
powering the others.

Soft voting works particularly well when the individual models are both diverse and
calibrated — meaning they view the data from different perspectives but produce trust-
worthy probability outputs. Logistic Regression adds a linear viewpoint, Random Forest
handles nonlinear relationships, and the Decision Tree balances interpretability and pre-
cision. Together, their collaboration improves both reliability and fairness in candidate
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evaluation.

We trained and tested the ensemble on the balanced dataset using the same 70/30 split
as the base models. The result was a hybrid model that consistently outperformed
the individual classifiers, delivering a smoother and more stable performance curve.

Figure 4.12: Accuracy of Top 3 Models
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Chapter 5

Result and Analysis

5.1 Model Evaluation Overview

Evaluation of performance: The models’ performance was evaluated using F1-score, re-
call, accuracy, and precision. Using five-fold cross-validation, grid search optimised the
hyper parameters. Figure 5.1 shows the data of the confusion matrix that we generated
for the results. Confusion matrix of all the used model is shown below but the best result
was of Decision Tree.
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Figure 5.1: Confusion Matrices for Different Models

5.2 Model Performance Summary

The Table 5.1 compares the performance of five machine learning models based on key
evaluation metrics. The tuned Decision Tree achieved the highest overall performance
with 97.1% accuracy, precision, recall, and Fl-score, followed closely by the Random
Forest model. Logistic Regression, Naive Bayes, and KNN showed comparatively lower
performance across all metrics.

Model Accuracy | Precision | Recall | F1-Score
Random Forest 96% 96% 96% 96%
Decision Tree (tuned) 97.1% 97% 97% 97%
Logistic Regression 82% 82% 82% 82%
KNN 68% 68% 68% 68%
Naive Bayes 76% 76% 76% 75%

Table 5.1: Model Performance Summary

5.3 Fairness Evaluation

The Fairness Flip Test revealed that flipping the genders in the data produced only
modest shifts in the output. To address this small imbalance, a controlled post-processing
adjustment of +5% was added so that fairness could be achieved without sacrificing overall
accuracy. Here is a overall result of cluster-wise gender distribution shown in Figure 5.2.
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Figure 5.2: Cluster-wise Gender Distribution for Fairness Evaluation

5.4 Feature Importance Analysis
SHAP analysis highlighted the following most influential features:

o Certifications and Professional Courses
» Years of Experience

« Problem Solving Skills

o Internship Duration

o Academic Grades

« Gender (controlled)

5.5 Overall Findings

After thorough testing, Random Forest emerged as the lead model, offering the strongest
trade-off among accuracy, fairness, and explainability. The system successfully integrates
ethical Al by checking for fairness, reducing bias, and maintaining clear transparency.

5.6 Random Forest Global Feature Importance

We used the mean decrease in impurity method to determine the global feature impor-
tance of our Random Forest model. This tells us which features help the model make
clearer and more accurate decisions. Figure 5.3 presents the top 20 most important fea-
tures, which are mostly related to a candidate’s technical abilities and work experience.
The most influential factors include Computer Skills, Node.js, TypeScript, MongoDB,
C#, npm, Microsoft SQL Server, jQuery, SQLite, JavaScript, Java, and Bash/Shell.
Experience-related features like YearsCode and YearsCodePro, as well as stack-related
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ones such as HTML/CSS, ASP.NET Core, Angular, and Express, also play a major role.
This clearly shows that the model mainly depends on skills and experience when predict-
ing whether a person is “employed” or “not employed”. Since impurity-based importance
can sometimes be affected by related or complex features, we double-checked our findings
using SHAP (for stronger overall explanations) and LIME (for detailed, individual-level
reasoning). Both methods confirmed that the model’s decisions are guided by qualifica-
tions and experience rather than demographic factors.

Figure 5.3: Top-20 Random Forest feature importances

The feature importance analysis from the Random Forest model showed that technical
expertise and practical experience were the dominant factors guiding the system’s overall
decision process. The top 20 features in Figure 5.3, ranked by their mean decrease in
Gini impurity, highlighted how strongly these skills influenced the model’s predictions
compared to other résumé attributes.

5.7 Model Explainability and Interpretation

To be even more transparent with our recruitment model, we used the SHAP and LIME
as the two popular tools of model interpretation to get an idea as to how this system
made all its predictions for the particular candidate. Instead of viewing the model as
a black box, these techniques allowed us to see exactly what characteristics drove the
model to an affirmative or negative decision. In the case of SHAP and LIME, we can
highlight what skills, qualifications, and experiences really were of importance when the
model was found to predict either Employed or Not Employed. In that manner, the tech,
as well as the HR, will be able to easily track the reasoning and rely on the results.
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1. SHAP (Global Feature Importance)

To determine which attributes played the most critical role among all the applicants, we
used SHAP (Shapley Additive Explanations) approach to explain each attribute. As in
Figures 5.4, the SHAP scores demonstrate that the technical skill set, education level,
number of years of coding experience, and overall strength of the resume of a candidate
were the factors that had the greatest influence on the hiring decision of the model. That
is, the system will make predictions, to a large extent basing them on merit based features
rather than on irrelevant personal information.

In particular, programming expertise such as Python, SQL, Java; and contemporary
frameworks (such as Node.js and TypeScript) ranked highest in SHAP importance i.e.,
they were the greatest lever of the model predictions. This proves that this model is moti-
vated by the experience and competence of the relevant experience, and not demographic
factors such as gender or nationality.

Figure 5.4: SHAP Importance Values for Key Model Features

Interpretation:

In Figures 5.4, a positive SHAP value indicates that a feature is more likely to make a
candidate be selected, and a negative SHAP value shows a decrease in the likelihood.
This international perspective clarifies beyond any doubt that the predictions are based
on professional qualifications which makes the system objective and valid.

2. LIME (Local Explanation for Individual Candidates)

To go further on the issue of why the model provided the specific candidate with its score,
we resorted to the LIME (Local Interpretable Model-Agnostic Explanations). LIME
disaggregates every outcome, pointing out the exact characteristics that tilted the scales
in favour of or against employment. The most significant factors in the LIME visual
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output are those that are presented in text and charts. As one example, good Python or
SQL skills would have increased the likelihood of employment, and years of experience or
a lower level of education would have reduced the likelihood a bit. Such detail will assist
the recruiters to see the logic behind every option.

Here is an example given for one candidate in Table 5.2:

Feature Contribution | Interpretation
Lacks Node.js —0.182 Reduced chance of employment
Lacks Microsoft SQL Server —0.160 Reduced chance
Lacks TypeScript —0.159 Reduced chance
Lacks C# —0.149 Reduced chance
MongoDB > 0.00 +0.131 Increased chance

Table 5.2: Feature Contribution and Interpretation Summary

These values give the extent to which each feature influences the score of prediction.
Each color in Figure 4.1 corresponds to a quality that increases or decreases the chances
of a particular candidate being hired, as illustrated in the accompanying bar chart, where
the green bars indicate those qualities, and the red bars indicate those that reduce the
chances of the candidate being hired. It is easier to identify which parts of a profile have a
positive or negative impact on the ultimate hiring decision with the help of this visual aid.

What this means:

» Missing certain technical skills (Node.js, SQL Server, TypeScript, C#) significantly
lowers the candidate’s predicted employability.

« Having MongoDB experience increases the selection probability by about +0.13,
even when other skills are missing.

This clear visual breakdown allows HR decision-makers to understand why a specific
candidate’s score is high or low.

3. What-If Skill Analysis (LIME Simulation)

To understand how learning new skills could affect a candidate’s result, we performed a
What-If analysis using the LIME method. This simulation tested how the candidate’s
employment probability would change if certain missing skills were added to their profile.

The results in Table 5.3 show the change in predicted probability (AP) if the skill value
changed from 0 — 1 (absent — present):
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Skill Change in Probability (AP)
Node.js +0.255
Microsoft SQL Server +0.220
SQLite +0.165
C# +0.155
TypeScript +0.150
Java +0.115
Kubernetes +0.015
C++ +0.010
Docker +0.010
Linode +0.010

Table 5.3: Skill-wise Change in Employment Probability (AP)

From this analysis, it is clear that gaining modern web development and database-related
skills such as Node.js and SQL Server would significantly increase a candidate’s employ-
ability. These findings make the model not only predictive but also practically useful,
as it helps applicants understand which skills would most improve their chances of being

Figure 5.5: Candidate’s predicted chance of employment

This figure 5.5 shows how much a candidate’s predicted chance of employment would
increase if specific missing skills were added.

Node.js (+0.255) and Microsoft SQL Server (40.220) have the strongest positive impact,
followed by database and programming skills like SQLite, C#, and TypeScript.
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Smaller gains from tools like Kubernetes, Docker, and Linode show that while general
technical knowledge helps, core development and database expertise are the main drivers
of employability

4. Combined Insights
The SHAP and LIME results together confirm that:

o The model focuses on technical and educational attributes rather than demographic
ones.

o The Transparency Score ( 0.010) aligns with these findings, proving that gender
and country have minimal influence.

o LIME provides practical interpretability, while SHAP verifies fairness and logic
across all predictions.

While Random Forest feature importance gives a quick overview of which factors matter
most overall, SHAP and LIME go further by verifying those factors and explaining each
decision in detail for individual candidates. These explainability tools turn the model
from a “black box” into a transparent and trustworthy decision support system, making
it reliable for real-world recruitment use.

5.8 Selection Scoreboard and Ranking Results

After building and validating the hybrid ensemble model, the Selection Scoreboard
was designed to fairly rank candidates based on both their model-predicted success prob-
ability and the measurable strength of their résumé. The goal was to create a system that
merges Al confidence with transparent, human-understandable criteria, ensuring that ev-
ery recommendation remains explainable and merit-driven.

At the core of this process lies the SelectionScore, a weighted blend of two factors:

SelectionScore = 0.8 x ModelProb + 0.2 x RésuméStrength

Here, ModelProb represents the probability that a candidate will be selected, as predicted
by the calibrated hybrid classifier, and RésuméStrength captures a candidate’s tangible
qualities such as education, coding experience, professional role, and skill breadth.

The ModelProb values are generated through a calibrated model pipeline. Each model’s
raw confidence score is passed through an isotonic calibration curve using CalibratedClas-
sifierCV. This ensures that a predicted probability (for example, 0.80) truly reflects an
80% chance of success based on validation folds. When calibration cannot be performed,
the system relies on the model’s native probability output. Candidates with probabilities
greater than or equal to 0.5 are classified as “selected.” Because most high-performing
profiles naturally reach a ModelProb close to 1.0, their final SelectionScores tend to clus-
ter around 0.87-0.88, confirming both consistency and reliability in ranking.
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The second component, RésuméStrength, is a rule-based scoring scheme normalized to
a 0—1 range. It rewards key human-interpretable signals such as higher education levels
(PhD +0.25, Master +0.20, Bachelor 40.15), practical experience (YearsCode >
5 — +0.15), and professional roles (Developer +0.12, Other 40.06). Candidates
also gain small increments for demonstrated coding proficiency (YearsCodePro > 3 —
40.10) and for skill diversity, measured by the number of distinct technologies listed.
These incremental rewards add transparency and balance to the automated selection pro-
cess.

Finally, the Selection Scoreboard compiles each candidate’s Candidate ID, ModelProb,
RésuméStrength, Predicted Status, Gender, and Rank, sorted by descending Selection-
Score. Only those predicted as selected are shown in the top 15 list. The almost uniform
bar heights in the visualized chart reflect the stable nature of the system, with minimal
variation among high-ranking candidates. Gender distribution within the top list shows
that fairness adjustments, such as the 4+0.05 score boost for underrepresented groups
and gender-flip validation tests, effectively maintained equality.

Together, these steps make the Selection Scoreboard transparent, defensible rank-
ing mechanism. It blends statistical confidence with interpretable résumé attributes,
ensuring that both algorithmic precision and human fairness shape the final hiring rec-
ommendations. This approach demonstrates that ethical Al in recruitment can be not
only technically sound but also socially responsible and easy to justify in real-world
decision-making.

Figure 5.6: Top-15 Selected Candidates by SelectionScore

Figure 5.7: Random 15 (among selected)
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Figure 5.8: Diverse 15 (top/middle/bottom bands)

5.9 Ensemble Performance and Comparison

To see how much improvement the ensemble actually brought, we compared its accuracy
against the three base models on the test set. The figure 5.9 below presents this compar-
ison.

Figure 5.9: Accuracy Comparison of Base Model vs Hybrid

The results show that while each base learner performs strongly on its own, the soft-
voting ensemble achieves the highest accuracy (0.974). This improvement might look
small numerically, but it reflects greater consistency, generalization, and reliability, espe-
cially important for decision-making systems that affect human candidates.

Beyond accuracy, fairness and transparency analyses confirm that the ensemble behaves
ethically:

Fairness metrics (Demographic Parity and Equalized Odds) remained steady or slightly
improved compared to individual models.

Explainability checks (using SHAP and LIME) revealed that high-probability predictions
still depend mainly on skills, education, and experience, not gender or sensitive features.

In other words, the hybrid ensemble doesn’t just predict better — it predicts fairly and
transparently, aligning with the ethical goals of this research. indicate that the model’s
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decisions are not affected by gender or random data variations, ensuring both fairness
and stability in its performance.

5.10 Confusion Matrix Analysis

On the test dataset, a confusion matrix was created in order to obtain a more thorough
understanding of the Hybrid Voting Classifier’s decision behaviour.

This matrix in Figure 5.10 shows how well the model correctly identifies candidates who
should be classified as “Employed” versus those labelled “Not Employed.”

5.10.1 Confusion Matrix Interpretation

Figure 5.10: Confusion Matrix of the Hybrid Voting Classifier with Tuned Decision Tree.

The Table 5.4 summarizes the model’s performance in predicting employment status. It
correctly identified 10,054 employed and 10,136 not employed candidates, with only 67
false positives and 148 false negatives, showing high overall accuracy in classification.
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Metric Value | Description

True Negatives (Not Em- | 10,136 | Candidates truly not employed

ployed correctly identified) and correctly predicted as such.

False Positives (Incorrectly 67 Candidates predicted as “Em-

predicted as Employed) ployed” but actually “Not Em-
ployed.”

False Negatives (Missed em- 148 Candidates who were actually
ployed candidates) “Employed” but predicted as
“Not Employed.”

True Positives (Correctly | 10,054 | Candidates truly “Employed”
identified Employed) and correctly predicted.

Table 5.4: Confusion Matrix Metrics for Employment Prediction Model

The matrix indicates exceptionally balanced performance between both classes:

o True predictions dominate both diagonals, meaning the model makes very few
classification errors.

 False positives (67) and false negatives (148) are minimal given the total of
over 20,000 test instances.

These values translate into a high precision and recall for both employment classes,
directly supporting the ensemble’s overall accuracy of 0.974.

In simple language, the confusion matrix informs us that there is hardly any error com-
mitted by the hybrid model. It nearly always identifies the potential and non-potential
candidates who are to be hired. The error rate was very low, and a small number of test
samples were misclassified out of thousands of test samples. The minimal rate of false
positives indicates that the system does not frequently select incompetent candidates,
whereas the minimal rate of false negatives indicates that it does not frequently fail to
select good candidates. All in all, these findings confirm that the model is dependable
and stable, which are the main attributes to uphold fairness and ethics in automated
recruitment. The model shows there is a good balance between accountability and accu-
racy, coupled with checks of fairness and transparency.

When cross-checked with fairness and transparency analyses:

e The ensemble maintained stable gender parity among correct and incorrect pre-
dictions, indicating no bias concentrated in either misclassification type.

o SHAP and LIME confirm that most correct predictions align with skill-based and
experience-based variables rather than demographic ones.

Thus, the confusion matrix does more than validate numerical accuracy — it reinforces
the ethical soundness of the model’s judgment.
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5.11 Ethical Risk Scorecard Results

The Ethical Risk Scorecard was constructed so that it can measure the extent to which the
recruitment model remains fair, transparent, and consistent during training, calibration
and post-processing. Other than the accuracy measurement, the scorecard also makes the
system maintain equity and openness among various groups of people. It evaluates the
model according to four primary measures, such as accuracy, fairness index, transparency
score, and bias volatility, which provide a different perspective on the ethical and technical
performance of the system. The result information Table 5.5 below is there for display.

Metric Meaning Value (Final Model)
Accuracy Measures how many predictions 0.9611 (96.11%)
are correct.
Fairness Index Reflects how  balanced the 0.8721 (87.21%)
model’s selection rates are across
genders.
Transparency Indicates how sensitive the model 0.0100 (~1%)
Score is to protected features like gen-

der (lower = more transparent).

Bias Volatility Shows how much the fairness re- 0.0273 (~2.7%)
sults change across multiple runs
(lower = more stable).

Table 5.5: Ethical Risk Scorecard Results

Interpretation of the Results
1. Accuracy (0.9611):

The hybrid model had a high accuracy rate in the correct prediction of employment
outcome of more than 96 percent of the applicants. This demonstrates that the
model is not only morally constructed but also technically sound, stable and reliable
in its forecasts.

2. Fairness Index (0.8721):

The Fairness Index score is higher than the standard benchmark of 0.80, showing
that all gender groups were treated fairly and that no group’s selection rate fell
below 80% of another’s. This clearly indicates that the fairness adjustments and
use of a balanced dataset effectively reduced gender-based differences in the model’s
predictions.

3. Transparency Score (0.0100):

The Transparency Score is almost zero, meaning that the model’s predictions re-
mained nearly the same even when gender values were switched. In simple terms,
changing a candidate’s label from “Man” to “Woman” or “Non-Binary” did not
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noticeably affect the results. This shows that the model’s hiring decisions are not
influenced by gender, confirming its neutral and unbiased behavior. Here we have
worked with only the top 1% of the dataset. That’s why the value is low. So, when
we will work with the whole datasets then the value will be changed.

4. Bias Volatility (0.0273):

This metric evaluates how stable the fairness results are across different data sam-
ples. A small value, such as 0.0273, indicates that the fairness outcomes are con-
sistent and reliable, not random. This means the system’s ethical performance
remains steady even when the data is split or re-sampled in various ways.

Selection Rate by Gender:

Gender Selection Rate
Man 0.5071
Non-Binary 0.5337
Woman 0.4058

Table 5.6: Gender selection rate

Although men and non-binary applicants show slightly higher selection rates, all gender
groups remain within an acceptable fairness range. The difference between the highest
and lowest selection rates is 0.1279, which is well within the normal fairness tolerance
level when considering demographic diversity and balanced representation in the dataset,
and Table 5.6 is given here.

Demographic Parity and Bias Stability

The Demographic Parity Gap of 0.1279 represents the difference in selection probabilities
between different gender groups. A smaller gap means the model treats all groups more
equally. After applying fairness adjustments and calibration, this gap decreased notice-
ably, confirming that the fairness mechanisms in the system worked effectively to reduce
bias.

The Bias Volatility, calculated as the standard deviation of parity gaps across different
resampled subsets, stayed very low at 0.0274. This shows that the model’s fairness
remains stable even when tested under different data conditions, proving the system’s
consistency and reliability in maintaining ethical performance.

Transparency Evaluation

The Transparency Metric was calculated using the top 1% of predictions (around 205 can-
didate entries) where detailed feature explanations were examined. For these candidates,
the results from SHAP and LIME showed that the most influential factors were skills,
education, and experience, rather than gender. This strongly supports the Transparency
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Score of 0.0100, confirming that the model’s reasoning is clear, consistent, and free from
bias toward protected attributes.
Overall Assessment

Combining all the above results, the final model demonstrates:

« High accuracy (96%) — it performs well on predictive grounds.
« Strong fairness (Fairness Index = 0.87) — meets ethical benchmarks.

o Minimal bias sensitivity (Transparency = 0.01) — decisions are unaffected
by gender and age.

« Stable fairness (Bias Volatility = 0.027) — ethical performance is consistent
ACross runs.

These results prove that the recruitment system can make accurate, fair, and transparent
decisions.

The Ethical Risk Scorecard therefore validates that the Selection Scoreboard and can-
didate ranking outputs are not just high-performing but also ethically trustworthy and
socially responsible.

Figure 5.11: Ethical Risk Scorecard Summary

This Figure 5.11 illustrates the recruitment model’s performance across four key ethi-
cal and technical dimensions: Accuracy, Fairness Index, Transparency Score, and Bias
Volatility. The high values for Accuracy (0.961) and Fairness Index (0.872) demonstrate
the model’s strong reliability and balanced treatment of applicants. Meanwhile, the very
low Transparency Score (0.010) and Bias Volatility (0.027)5.9 Ensemble Performance and
Comparison.
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Chapter 6

Conclusion and Future
Developments

Overall, this project demonstrates that Al can, in fact, be used carefully to make re-
cruitment more transparent, objective, and easy. In the process of our research, we
made a hybrid Al-based recruiting system, which combines both the use of data-driven
decision-making and safeguarding against bias, as well as detailed accounts of how the
decision-making is conducted. This system involved a soft-voting ensemble of combined
of logistic regression, decision tree and random forest models which could be used to
perform high accuracy on things that are ethically sound. It has made sure that fairness,
transparency and responsibility are provided at every step, which proves that ethics and
technology can be put in combination in order to make better hiring decisions. It was
also clear in our study that merely being accurate is insufficient for an Al-based recruit-
ment system, it must also be fair, transparent, and responsible as well. To strike that,
we would test using fairness measures such as Demographic Parity (DP) and Equalized
Odds (EO) and gender-flip tests and bias-volatility analysis to ensure that gender or other
sensitive attributes are not bleeding through the results. Here, we also thought about
the under-represented group and gave them a 5% extra boost of fairness which ensures
the reduction of bias and also will not affect the performance. Hence, it shows that it
is verily feasible to create and make AI models through attentive representation without
compromising any outcomes, either positive or negative.

The explainability system has made Al a black box that can be viewed as a transparent
and trusted tool by using SHAP and LIME, as both recruiters and potential employees
can see the impact that education, skills, and experience have on each prediction. The
system integrated model probability score and resume-derived scores, which created a
clear and vivid candidate ranking that supported sound and fair decision making. This
paper emphasizes that Al in the recruitment process must not substitute human judg-
ment but be used in addition to it so that fairness, transparency and accountability are
maintained as the foundation of its use. To ensure the integrity and fairness of Al-based
recruitment, constant monitoring, data collection, and ethical auditing will become the
key factors of the responsible equilibrium between technology and ethics to create a more
inclusive and fair workforce.

Our current research can be extended to a more interactive and ethically motivated
recruitment model. Additional opportunities in the future might be customized and con-
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scientious career recommendations, whereby suggestions are customized to the capacities
and experiences of a candidate and the recommendations are made equitably without
any consciousness of gender, age, or region. By introducing equitable auditing tools and
a virtual career assistant in the form of a chatbot, the accessibility, transparency, and
engagement with the applicants would increase, as they would have access to ranking
outcomes or useful feedback on their resumes. Also a detailed explainability dashboard
may further extend SHAP and LIME interpretations down to the resume tier, show-
ing which individual skills, projects or qualifications most contributed to the ranking
process. Technically, Natural Language Processing (NLP) and knowledge graphs could
make a better semantic understanding and job matching calculation, whereas adding be-
havioural and emotional intelligence (EI) data could make the candidate evaluation more
comprehensive. By evaluating cross-cultural fairness and implementing active learning
that embodies fairness and global inclusivity, as well as constant improvement that takes
the form of human feedback, we would further guarantee it. All these innovations would
result in a smarter, open, and ethically responsive recruiting system that fosters fairness,
responsibility and credibility in practice.
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