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Abstract

The thesis examines ethical considerations surrounding the use of Artificial Intelligence (Al) in
recruitment. It delves into how Al is integrated into various stages of the recruitment process:
scouting, screening, assessment and coordination. While some advocate for Al's potential as an
impartial third party, others question its reliability, highlighting concerns such as algorithmic
bias and privacy rights. Through a systematic literature review, the paper outlines these ethical
considerations, providing a normative guide and proposing a mitigation framework for organi-

zations leveraging Al in recruitment.
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1. Introduction

In recent years, it has become clear that Artificial Intelligence (Al) has the potential to transform
many areas of society and business (Fernandez-Martinez & Fernandez, 2020). This includes
the development of Al software for recruitment to streamline and accelerate the hiring process,
which has led to a new term: Al recruitment (Hunkenschroer & Luetge, 2022). Al recruitment
is linked to so-called digital recruiting 3.0. In this regard, digital recruiting 1.0 refers to the
stage when job advertisements could be found on the internet and digital recruiting 2.0 denotes
the possibility of using several job boards and the development of professional as well as social
networking platforms (e.g., LinkedIn). The shift to digital recruiting 3.0 is based on the incor-
poration of Al for selection and recruitment activities, where computers can take over tasks and
make decisions at the level of a human beings (Black & van Esch, 2020). Companies in partic-
ular can take advantage of this development, as business success is inextricably linked to the
skillful implementation of their strategies. Central to this dynamic is the identification of high
potentials during the recruitment process who have exactly the right skills to meet the specific
requirements of the company in question. This need underscores the compelling reasons for an
increased commitment to advanced Al solutions within recruitment processes (Chamorro-
Premuzic & Akhtar, 2019; Franca et al., 2023). Applications are used at various levels of the
recruitment process, such as attracting the most promising candidates through job postings,
reviewing resumes, or video analyzing interviews (Hunkenschroer & Luetge, 2022). In this
emerging paradigm, many steps along the application process are heavily influenced by algo-
rithms, with some human tasks getting completely replaced, justifying the need to consider the
ethical impact on people (Polli, 2019). While many authors (e.g., Chamorro-Premuzic & Akh-
tar, 2019; Fernandez-Martinez & Fernandez, 2020; Florentine, 2016) see Al recruitment as
having the potential to act as an objective third party to remove human bias, avoid “naive”

judgments, and thus create a fairer and more consistent application process, others argue that



Al software are not yet a valid recruitment tool. Such authors claim, from a business and tech-
nical perspective, that the issue of data collection needs to be examined more closely, as algo-
rithms rely on data from societal or historical data sets that can lead to algorithmic bias by
amplifying existing human bias (Frazzetto, 2023; Pena et al., 2020). Along with the collection
of data comes the discussion of compliance with privacy rights, as well as the responsibility of
organizations to ensure a transparent application process and to provide information about the
use and limitations of Al (Hunkenschroer & Luetge, 2022). In addition, the use of Al solutions
in the field of recruitment harbors the great risk of human autonomy being lost, because deci-
sions and tasks are taken over automatically (Lee, 2018; Yarger et al., 2020). To this end, there
are a few suggestions in the literature for a more ethical approach by testing and incorporating
bias reduction techniques from the outset (e.g., Lin et al., 2021; Yarger et al., 2020).

In this context, the paper identifies three shortcomings: First and foremost, there is hardly any
theoretical groundwork in the literature on the ethics of Al recruitment, so there is a lack of
unified guidance. Second, ethical risks such as algorithmic bias are mainly addressed, while
human autonomy and privacy rights take second place. Third, the mitigation techniques devel-
oped in this context are limited to a few. For these reasons, this paper attempts to present the
various ethical perspectives identified in the literature by summarizing and ethically discussing
the opposing viewpoints to provide a comprehensive overview of the state of research. Busi-
nesses need to develop a sophisticated understanding of the benefits and possible drawbacks of
Al recruiting technologies. It is imperative that they understand how algorithmic results could
deviate from their intended goals. For this reason, the overview primarily aims to serve as a
normative guide for organizations and researchers, as well as to provide a more informed and
enlightened approach to the topic of Al recruiting. Finally, a mitigation framework is developed
to propose more precise regulatory possibilities for organizations using Al in recruitment. To

this end, the following research question — What are the key ethical considerations that arise



when using Artificial Intelligence in recruitment and selection processes, and how can ethical
risks be minimized? — is answered by applying systematic literature review. Therefore, the ex-
amination begins with a description and explanation of the chosen research method including
its selection criteria. Afterwards, the literature is systematically reviewed to identify application
areas of Al recruiting, to compare the associated ethical opportunities and risks, and to outline
possible solutions at technical, organizational, and regulatory levels. Finally, the results are
discussed on a theoretical and empirical level including a definition of the limitations. The paper

concludes with key conclusions and outlooks on further developments.

2. Methodology
2.1 Research method and design

A systematic literature review (SLR) is defined by Rojon et al (2021, 191) as a method-guided
reproducible “manuscript for collecting, analyzing and synthesizing literature with clear audit
trails about what is and what is not known regarding a research question or set of questions”.
In contrast to a literature review as part of an empirical paper with the purpose to justify the
objectives of the paper, the SLR is a stand-alone analysis that applies “a replicable, scientific
and transparent process, intended to minimize bias through extensive searches and by providing
an audit trail of the reviewers steps, strategies, procedures and decisions” (Andreini & Betti-
nelli, 2017, 2). The scientific gain of knowledge consists in illustrating the current state of art
on a defined topic and/ or extending the theory-guided object of research through systematic
collection, processing and analysis (Doring, 2023; Webster & Watson, 2002). By examining
the research subject from multiple perspectives, Snyder (2019) argues that an SLR can answer
research questions more precisely than single studies and can help clarifying an inconsistent or
interdisciplinary research subject. Furthermore, a systematic literature review can be a useful
tool for summarizing research findings, illuminating empirical evidence from a metatheoretical

angle, and highlighting gaps in scholarly work — all of which are essential for developing both



theoretical and conceptual frameworks (Snyder, 2019; Webster & Watson, 2002). The method
can be subdivided into meta-analysis and narrative analysis (Frank & Hatak, 2014), whereas
this thesis uses the latter to evaluate the theory of ethical Al recruiting embedded in the research
question — What are the key ethical considerations that arise when using Artificial Intelligence
in recruitment and selection processes, and how can ethical risks be minimized?. The method
aims to identify relevant literature, to synthesize it, and to provide a structured review of key
findings to create a comprehensive knowledge base for researchers and managers (Seuring &
Gold, 2012; Tranfield et al., 2003). Synthesis can be useful for managers and organizations, as
a full review of primary research is often too time-consuming due to resource constraints.
Hence, the results provided through SLR can contribute to researcher-practitioner exchange and
evidence-based practice (Petticrew & Roberts, 2006; Rojon et al., 2021). As the topic of this
thesis deals with a relatively new branch of Al, namely the extension of the technology to the
field of recruitment, and is thus characterized by a lack of explanatory power and inconsistency
within the literature, the research subject is ideally suited for SLR. Moreover, as recruitment is
a central part of any business, this thesis can also contribute to the basic understanding and
ethical approach to Al recruitment by functioning as inspiration for organizations aiming to
produce guidelines. Therefore, the literature is systematically categorized across three stages:
the application of Al in recruitment, the resulting ethical considerations in terms of ethical op-
portunities and ethical risks, and the mitigation measures, divided into technical, organizational,
and regulatory implications (see Appendix A). For this research design, an interpretive ap-
proach is adopted as this strategy is applicable to a wide range of literature and is often used for

management topics (Kraus et al., 2020; Tranfield et al., 2003).

2.2 Quality criteria

To ensure that this systematic literature review can fulfill its scientific objectives, the method



must follow specific quality standards. The SLR itself is characterized as replicable, transpar-
ent, and unbiased, which can only be achieved by applying the principles of trustworthiness,
which are interpreted differently (Doring, 2023). Snyder (2019) argues that the quality of a
systematic literature review depends on the depth and rigor of the search strategy for selecting
and collecting data. The method should be repeatable as well as transparent so that a third party
could perform the same analysis and find similar results, which Kraus et al. (2020) also under-
line. A more detailed list of principles that should be followed in addition to the criteria already
mentioned is provided by Thorpe et al. (2005): 1. Transparency: establish inclusion and exclu-
sion criteria and explain the rationale behind the selection; 2. Clarity: clearly outline the process
and create an audit trail; 3. Focus: link the research question in a consistent way throughout the
analysis; 4. Accessibility: ensure the availability of the databases; 5. Synthesis: incorporate di-
verse articles and research methods. To demonstrate the adherence to these principles and its
rigorous critical examination of the research question with the greatest possible impartiality, a

comprehensive disclosure of the data collection process is provided below.

2.3 Data collection process

The data collection process follows the guidelines of Frank and Hatak (2014) and is supple-
mented by Vom Brocke et al (2009). First, a research question was selected through an initial
unsystematic literature review, which helped to identify initial gaps in the literature and formu-
late the overarching research question for the thesis. The central challenges and the theoretical
background from the preliminary research are briefly presented in the introduction. After de-
fining the research question, a systematic, keyword-based literature search was carried out in
the databases: ScienceDirect, Scopus and Web of Science. These three databases were chosen
as they are among the largest peer-reviewed repositories offering a comprehensive collection
of diverse scholarly works, including ScienceDirect's wide range of books across various dis-

ciplines such as social sciences, technology studies and more. Emphasis was put on including



a diverse range of articles with a variety of methods and perspectives to increase the validity
and reliability of the literature sample (as recommended by Kraus et al., 2020; Seuring & Gold,
2012). Therefore, the above-mentioned reputable online databases made use of, as well as a
hand search. As the area of Al recruitment remains recent and multidisciplinary, a comprehen-
sive sampling approach was chosen without strict inclusion criteria, such as exclusive publica-
tion in reputable journals. Rather, this study embraced a holistic selection strategy, encompass-
ing diverse sources that addressed the ethical implications of Al-facilitated recruitment within
corporate environments, including scholarly peer-reviewed journals, conference reports, prac-
tical industry contributions (e.g., magazines), and individual chapters from books. In order to
identify these references, exclusion criteria were also explicitly defined and a number of key-
word combinations in the selected databases were used. In addition, all articles should have
been published in English and in the period from 2010 to 2023 to narrow down the scope of the
search. A complete list of criteria for the search strategy can be found in Appendix B.

The literature search for this paper commenced with an initial search pool of 271 sources. This
pool was subjected to the exclusion criteria, dismissing certain articles that did contain the key-
words and met the exclusion criteria but were from other scholarly such as medicine and engi-
neering (e.g., Aquino et al., 2023; Tada et al., 2021). After this criteria-based curation and the
removal of duplicates, the selection was reduced to 69 sources by screening the titles and ab-
stracts. The refinement process was extensively expanded through the review of full texts and
an additional investigation using backward searching techniques. This approach resulted in a
limited number of 41 sources that met the criteria for study inclusion. In order to broaden the
search horizon and include practical perspectives, the investigation went beyond traditional ac-
ademic sources. A hand search was conducted in renowned business magazines such as Harvard
Business Review, Forbes and CIO. In this way, a total of 52 sources were identified, each of

which provided valuable insights into the ethical aspects of Al recruitment. Through this multi-



stage literature search, a variety of sources were systematically evaluated to create a compre-
hensive and well-rounded foundation for the thesis, considering academic as well as business
perspectives (see Appendix C). To this end, the synthesis consisted of both the summary and
the analysis of the identified articles, where connections between them were identified, inter-
preted and used to create the following categorization system: Al applications; ethical consid-
erations (divided into risks and opportunities); approaches to risk mitigation (divided into tech-
nical, organizational and legal aspects). As suggested by several authors (e.g., Frank & Hatak,
2014; Rojon et al., 2021; Tranfield et al., 2003; Vom Brocke et al., 2009), a data extraction
form was developed to visualize the categorization as well as the different features of the arti-
cles and use it as a comprehensive repository (see Appendix D). Following the description of
the procedures for data collection and extraction, which serve as an audit trail for quality assur-

ance and reproducibility, the results obtained are presented in the next section.

3. Findings

3.1 Classification of the literature

The systematic analysis of 52 selected articles has led to the identification of different thematic
areas within Al research. Through the categorization system applied to these articles specific
areas of inquiry have been delineated that include Al applications, ethical opportunities, ethical
risks, and risk mitigation strategies. A comprehensive breakdown of the individual authors,
their respective topics, the place of publication and the methods used can be found in tabular
form in Appendix D.

Seven articles addressed the applications and benefits of Al and identified four distinct phases:
scouting, screening, evaluation, and coordination. These discussions used primarily descriptive
methods to explain the role of Al in these areas and to highlight the different impacts of the
technology in each phase. The ethical opportunities of Al were highlighted in 17 articles, with

a focus on its ability to mitigate or eliminate human bias. The prevailing view in these articles



emphasized the impartial and neutral nature of Al and pointed out its potential to reduce inher-
ent bias in decision-making processes through programming. Authors used a variety of methods
such as surveys, interviews, systematic literature reviews, and frameworks to shed light on the
ethical possibilities of Al. The most widely discussed topic in the reviewed literature, with 34
articles, is the emerging ethical risks of Al, with a particular focus on algorithmic bias (see
Appendix E). The discourse encompassed a variety of interpretations and implications of these
risks and drew on a range of methodologies, including SLRs, descriptive analyses, interviews,
case studies, frameworks, and experimental approaches. Furthermore, mitigation measures
were discussed at three main levels: technical, organizational, and regulatory. Technical
measures, discussed in 17 articles, focused primarily on removing bias in the training data to
prevent bias at the root. At the organizational level, 19 articles proposed guidelines for compa-
nies, emphasizing the urgent need for data literacy and the establishment of audit teams to ad-
dress the ethical challenges associated with Al. In contrast, nine articles stressed the lack of
universally applicable legal regulations and emphasized the dependence on country-specific
laws. The consensus within the discourses emphasized the need for further research to address
the complexity of the regulatory aspects of Al.

It is important to acknowledge that most of the articles identified were published in the period
from 2019 to 2023, with a notable concentration of nine articles published specifically in 2023
(see Appendix F). This observation suggests that the ethical considerations of Al recruitment
are still at an early stage, indicating an emerging discourse that will lead to significant debate
in the forthcoming period. Moreover, the geographical distribution is difficult to determine, as
specific information on the location of publication is not available for each individual article.
However, a prevailing trend indicates that most of the discussion takes place in the United
States, as shown in Appendix G. After outlining the various classifications of the literature

perspectives, a more detailed exposition of the findings is given below.



3.2 Al in recruitment

According to Hunkenschroer and Luetge (2022), Al recruiting can be defined as a new term
that describes any process that uses Al to help assisting companies recruit and select candidates.
Therefore, Al can be used in four main recruiting activities: scouting, screening, assessment,
and coordination (Black & van Esch, 2020; Pena et al., 2020). In this context, Al is defined as
the ability of a system “to interpret external data correctly, to learn from such data, and to use
those learnings to achieve specific goals and tasks through flexible adaptation” (Kaplan &
Haenlein, 2019, 15). The thesis makes reference to a wide definition of Al which encompasses
advanced machine learning techniques such as deep neural networks and simple regression-
based algorithms, as well as other categories including speech recognition or natural language
processing (Hunkenschroer & Kriebitz, 2023).

Al-powered recruitment tools can be used to identify, attract or screen potential employees in
a more efficient way and to guide them more intelligently through the interview process such
as the overall coordination of the application (Fernandez-Martinez & Fernandez, 2020; Kdch-
ling et al., 2021). More specifically, Al tools have the ability to reconfigure the landscape of
recruiting in a number of ways:

Scouting: Several articles highlight the great potential of identifying and predicting talent in
the scouting phase (Black & van Esch, 2020; Bogen, 2019). By using predictive analytics, an
applicant's suitability for the job can be predicted based on their CV, social media presence and
online behavior (Kelly, 2023). In addition, potential candidates for a specific job can be identi-
fied who would not have applied themselves, but whose skills and qualifications are recognized
by an algorithm, making it possible to attract active and passive candidates alike (Black & van
Esch, 2020). Some articles also mention the challenges of finding the right candidates but high-
light the ability of Al software to create tailored and engaging job descriptions (Kochling et al.,

2021; Yarger et al., 2020).
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Screening: This phase is the most discussed in literature. Here, algorithms are used to filter
applications according to certain criteria and rank the most promising candidates (Fernandez-
Martinez & Fernandez, 2020; VVasconcelos et al., 2018). Quickly recognizing whether an appli-
cant's skills match the advertised requirements and the ability to screen many applications sur-
passes human performance (Kim-Schmid & Raveendhran, 2022). Various specialized tools ex-
ist for identifying semantic matches and terms that assess an applicant's qualifications. Some of
these tools extend their functionality beyond mere qualification assessment and attempt to pre-
dict future job performance by analyzing productivity-related signals (Bogen, 2019).
Assessment: Few researchers are investigating job interviews conducted through Al-powered
video interview tools. The primary aim of these tools is to reduce the time and costs associated
with organizing and conducting in-person interviews (Kelly, 2023). In these Al-assisted inter-
views, candidates respond to standardized questions that are scored by audio and facial recog-
nition software, eliminating the need for human intervention (Chamorro-Premuzic & Akhtar,
2019; Fernandez-Martinez & Fernandez, 2020; Polli, 2019). In addition to the interpretation of
job interviews, Al-supported ability tests, simulations or video games are also used to record
certain character traits such as willingness to take risks, ability to work in a team and resilience
based on the variables required by a company (Polli, 2019; Raghavan et al., 2020).
Coordination: Furthermore, various articles mention that Al tools can speed up recruiters' rou-
tine tasks while increasing candidate engagement (Dattner, 2019; Hancock et al., 2023). In ad-
dition, they are able to guide candidates through the application process, automatically com-
pleting a company's application form based on the information contained in the uploaded CV
and providing tailored responses to inquiries specifically related to the application procedure
(Black & van Esch, 2020; Sanchez-Monedero et al., 2020).

In summary, the authors agree that the main potential of Al tools for talent management is to

help companies find suitable candidates faster, develop and retain employees more effectively
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and streamline the recruitment process more than HR experts could (Kelly, 2023; Kim-Schmid
& Raveendhran, 2022; Kdchling et al., 2021; Polli, 2019). However, the question arises as to
whether Al recruitment is or can be ethical, as the lack of human intervention threatens to re-

duce human autonomy.

3.3 Ethical implications of Al recruiting
3.3.1 Ethical opportunities

In order to evaluate the question of ethical Al recruitment ethical possibilities are first exam-
ined. Many authors point out that there are numerous ethical opportunities where the use of Al
can prevent implicit bias (also known as unconscious bias) in particular (Rodgers et al., 2023,
Tambe et al., 2019). In this context, it is relevant to mention that explicit bias describes the
phenomenon of being aware of one's thoughts, feelings, and actions toward a particular group
(e.g., hate speech, active discrimination, etc.) while “implicit bias is an automatic form of ste-
reotype or prejudice [that] people unconsciously act upon.” (Lin et al., 2021, 67). More specif-
ically, Al providers claim that Al software can make recruiting decisions more efficient and
precise while being fairer and reducing implicit bias because it does not contain human cues
(Kochling et al., 2021). These include, for example, anchoring bias, where an interviewer is
influenced by information they see and hear first; confirmatory bias, where an interviewer only
focuses on information that confirms their intuition; and similarity bias, where an interviewer
gives preference to applicants that resemble them (Black & van Esch, 2020). In addition, there
are personality traits of recruiters based on explicit biases such as sexism, racism, lookism and
ageism, to name a few, that can also negatively impact the hiring process (Chamorro-Premuzic,
2019a). Each of these different forms of bias occur constantly in every step of the hiring process,
especially in face-to-face job interviews, which is why they might not only be inefficient, but
might also lead to biased decision making, e.g., selecting the most charismatic candidate

(Chamorro-Premuzic & Akhtar, 2019; Kdchling et al., 2021; Polli, 2019). Collectively, this
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means that traditional hiring processes are already prone to having bias (Polli, 2019). According
to Mulcahy (2016), the biggest challenge in this context is that implicit bias occurs uncon-
sciously, which is why the involvement of a third party, namely Al, may seem promising (Flor-
entine, 2016). Similarly, Chamorro-Premuzic (2019) claims that Al can have the potential to be
programmed in a way to avoid selected information that is irrelevant and focus only on deci-
sion-relevant criteria in order to make an unbiased decision. For example, when screening ap-
plications, the algorithm could be set to disregard gender, age, or nationality as irrelevant infor-
mation, which could result in more diversity in the company (Ferndndez-Martinez & Fernan-
dez, 2020b; Florentine, 2016; Frazzetto, 2023; Yam & Skorburg, 2021). Additionally, Al-pow-
ered recruiting tools can screen hundreds of applications against these criteria, saving a compa-
ny's HR department time and costs (Polli, 2019). Therefore, another benefit is overcoming cog-
nitive biases, as Al technologies can make some human decisions at a scale and speed far be-
yond human capabilities (Polli, 2019). By some it is even hypothesized, that if all interviews
were conducted through Al-powered video tools, bias and nepotism would be reduced while
predictive accuracy and performance would increase (Chamorro-Premuzic, 2019b; Kdchling et
al., 2021). This is supported by several companies (e.g., Deloitte, 2018) which argue that they
can use these algorithmic decision-making programs to save costs, avoid bias against different
factions and thus guarantee consistency in the decision process (Kdchling et al., 2021). More-
over, not only do organizations believe that “the consistency of administration in Al systems
might serve as a heuristic indicating fairness, given their perceived lack of subjectivity”(Acik-
goz et al., 2020, 401), but the fairness heuristics of applicants could also be affected. For exam-
ple, a standard set of interview questions could be a signal to candidates of the company's com-
mitment to equality (Acikgoz et al., 2020; da Motta Veiga et al., 2023).

In summary, the key ethical opportunities appear to be in reducing human bias, ensuring process

consistency, and in efficiency gains by avoiding cognitive bias for organizations.
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3.3.2 Ethical risks

Despite the potential of using Al to reduce bias in hiring practices, there is currently ample
evidence that the AI recruitment process is not consistently efficacious and unbiased
(Chamorro-Premuzic & Akhtar, 2019; Persson, 2016). Many studies highlight the existence of
various types of algorithmic bias (Hunkenschroer & Luetge, 2022; Lin et al., 2021). Yarger et
al. (2020) identify three potential dangers of bias that can occur in algorithm programming,
namely the possibility of bias in model design, feature or label selection, or training data. As
explained previously, Al recruiting can help to attract and proactively target potential applicants
via algorithmic ad platforms. The issue in this case might be that the software can make super-
ficial predictions if the model design of the algorithm focuses on who is most likely to view the
job ad rather than who will succeed in the role, which “can lead to a reinforcement of gender
and racial stereotypes” (Bogen, 2019, 3). Moreover, any machine learning algorithm for pre-
dicting data (test data) is backward-looking and uses data sets from the past (training data),
which poses some vital ethical risks (Kdchling et al., 2021; Persson, 2016; Tambe et al., 2019;
Yarger et al., 2020). Using Al hiring tools that have been trained with real data from the past
(e.g. a dataset of predominantly white applicants) would result in the algorithms reflecting hu-
man bias, making objectivity obsolete (Bogen, 2019; Frazzetto, 2023; Vasconcelos et al., 2018).
A similar case occurred at Amazon in 2018, with the use of a hiring algorithm that was based
on training data of current top performers, all of whom were men at the time, and as a result,
the resumes of female applicants were ranked lower in the candidate rankings, thus unknow-
ingly disadvantaging woman candidates (Mujtaba & Mahapatra, 2019; Pena et al., 2020; Ross,
2023). Moreover, companies that are only allowed to use customer data to train Al are bound
by privacy, data consent, and compliance mandates. Here, collecting and leveraging this type
of data can be cumbersome and conflict with the human right to privacy (Hunkenschroer &

Kriebitz, 2023; Ross, 2023).
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Further ethical risks include emotion recognition software unable to distinguish between dif-
ferent intonations or emotions that are expressed uniquely in various languages and therefore
could disadvantage certain groups (of race, ethnicity, etc.), resulting in a loss of diversity in the
workforce (Fernandez-Martinez & Fernandez, 2020; Williams et al., 2018). In addition, there
is a trend toward Al video interview analysis, which uses speech and facial recognition software
to evaluate applicants' word choice, tone of voice, body language, and facial movements, com-
paring them to the criteria companies have chosen for top performers (Ferndndez-Martinez &
Ferndndez, 2020; Kochling et al., 2021; Langer et al., 2018). As a result, information about
gender and sexual orientation might be collected without the consent of the applicant, which
leads to discrimination and deprivation of privacy. (Langer et al., 2018). Al software also has
difficulty recognizing the faces of non-white individuals, resulting in dark-skinned applicants
not being properly recognized and therefore not fairly evaluated (Fernandez-Martinez & Fer-
nandez, 2020; Kdochling et al., 2021; Williams et al., 2018). In this context, Dattner (2019)
points out that this can also apply to the external appearance of applicants in general. For ex-
ample, thicker lips used by Al-assisted video software as an indication of homosexuality in men
may lead to ethically questionable conclusions about the appropriateness of singling out people
based on physical and immutable characteristics (Dattner et al., 2019). To summarize, “algo-
rithms still lead to biases outcomes concerning gender, ethnicity, and personality traits if they
build upon inaccurate, biased, unrepresentative, or unbalanced training data” (Kéchling et al.,
2021, 49), which later tend to be exacerbated by the prediction models (test data) (Chamorro-
Premuzic et al., 2017; Kochling et al., 2021). This creates an additional ethical risk as compa-
nies begin to develop their own algorithms using their historical data from past employees and
limited public databases, which can especially lead to a lack of diversity and autonomy (Fer-
nandez-Martinez & Fernandez, 2020).

Besides algorithmic bias, Al-powered recruitment tools are unable to incorporate empathy or
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other human skills such as human intuition and cannot detect emotional intelligence to validate
the recruitment process, yet (Hunkenschroer & Kriebitz, 2023; Lee, 2018). Acikgoz, et al
(2020) also acknowledge that Al-assisted interviews may not be perceived by applicants as a
fair chance of success in terms of procedural justice because of a lack of human intuition (sup-
ported by Lee, 2018; Newman et al., 2020). In addition, the absence of transparency and expli-
cability of the various algorithms for applicants, as well as the fact that the use of Al is not
always communicated clearly, also support the fear of dehumanization (Sanchez-Monedero et
al., 2020; Schumann et al., 2020). In this regard, Raghavan points out that the large number of
data points used makes it difficult even for programmers to reasonably explain the underlying
properties of the algorithms' prediction and decision-making processes (Raghavan et al., 2020).
To this end, Fritts and Cabrera (2021) draw attention to an ethical concern about the potential
of dehumanization in the hiring process. This apprehension goes beyond debates about the bias
of hiring algorithms and demonstrates that while issues of bias and discrimination may be ad-
dressed by ethical and technological advancements in the future, concerns about dehumaniza-
tion will likely continue to exist separately from these different worries.

In summary, ethical risks most frequently cited in the literature are the occurrence of algorith-
mic bias, loss of privacy, and lack of transparency and explainability to all stakeholders, which

justifies the importance of regulations and approaches to address these issues.

3.4 Approaches to attenuate bias
3.4.1 Technical considerations to exercise diligence

As outlined in the previous sections, the main source of algorithmic bias comes from datasets
that are inherently characterized by partiality, which underlines the compelling need to develop
preventive methods (Chen, 2023). Most researchers in data science argue that the most crucial
requirement for the implementation of fair Al solutions is data literacy, which is described as

the necessary capacity to check the accuracy and validity of algorithms created by programmers
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(Fernandez-Martinez & Fernandez, 2020; Simbeck, 2019). In cases where companies purchase
algorithms from external vendors rather than developing them themselves, it is strongly recom-
mended to apply professional “testing standards and to obtain critical information about the
tools: for example, evidence that informs psychometric reliability, criterion-related validity and
bias implications.” (Oswald et al., 2020, 523). Furthermore, Lin et al. (2021) and Yarger et al.
(2020) make a case for the need for an ethical design of Al tools, whereby Al software should
incorporate bias reduction techniques from the outset to de-bias the training data. As an illus-
trative example, the authors point to an Al software, which blends applicant profiles by cleaning
up names and pictures and could thus foster equal opportunities by supporting underrepresented
candidates. Exemplary endeavors by tech companies include Microsoft eliminating gender bias
measures, Google using the What-if tool to detect bias, and Facebook correcting algorithmic
bias by developing the Fairness Flow software (see Mishra, 2022; Xie, 2018).

Furthermore, Williams et al. (2018) propose another strategy: the intentional collection and use
of social category data to uncover and address discriminatory behavior. The researchers con-
tended that data scientists cannot identify, comprehend, or address discriminating trends unless
the data are labeled with social categories such as gender, age or education. In addition, open-
source tools and frameworks should be considered for data programmers to be inspected for
systematic bias and help Al software vendors build more fairness and transparency into their
algorithms (Chen, 2023; Fernandez-Martinez & Fernandez, 2020 Mujtaba & Mahapatra, 2019;
Polli, 2019). In this context, three methods have emerged in the literature as the most widely
used to mitigate biases in algorithms: pre-processing; in-processing; post-processing. Pre-pro-
cessing is used to edit features in the data prior to classification according to fairness criteria,
to delete obviously guarded variables that are not related to the position, or to change labels that
would cause bias (Balayn et al., 2021; Bellamy et al., 2018; Mujtaba & Mahapatra, 2019; Zhang

et al., 2017). In in-processing or optimization approaches, fairness is achieved after the model
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has made predictions by subsequently adjusting the classification results to fit the fairness def-
initions, which can correct for potential bias but may not ensure optimal classification accuracy
(Balayn et al., 2021; Kamishima et al., 2018; Mujtaba & Mahapatra, 2019). Post-processing
aims to increase the fairness of model predictions by applying thresholds to convert continuous
results into binary labels, with methods customized to the specific fairness metrics and, in some
cases, the potential to involve a human operator in the decision-making process (Balayn et al.,
2021; Canetti et al., 2019; Mujtaba & Mahapatra, 2019; Raghavan et al., 2020). Overall, efforts
are needed to enhance the reliability of Al tools on an ongoing basis (Dattner et al., 2019).
External specialists, for instance, can be contracted to create an in-house inspection to run sam-
ples and analyze algorithmic judgments to ensure that organizations can provide transparency
and causality to applicants during the hiring process (Chamorro-Premuzic et al., 2017; Chen,

2023; Kochling et al., 2021; Mann & O’neil, 2016).

3.4.2 Ethical considerations and responsibilities for organizations

For the ethical use of Al in recruitment processes and departments, the identified literature
mainly refers to several organizational principles emphasizing validity, autonomy, non-discrim-
ination, transparency and privacy.

First, it is essential to acknowledge the findings of the study by Al-Alawi et al. (2021) in which
interviews were conducted with HR managers, consultants and academics. They claim signifi-
cant differences in the transparent disclosure of the use of Al applications in current company
reports. In particular, the study revealed a lack of clarity in describing the scope in which Al
technologies are used. Furthermore, the research highlighted that these reports are predomi-
nantly published by larger high-tech companies as opposed to smaller firms.

In response to these concerns and with the aim of providing insight into improving the manage-
ment of the applicant-employee relationship, numerous authors have described basic principles

and made suggestions for improvement. Foremost, every candidate has the right to truthfulness
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and to be treated with dignity (Bird et al., 2020; Yam & Skorburg, 2021). Therefore, organiza-
tions should ensure that applicants give their consent to data use and diligently collect and se-
cure only sensitive information required for job evaluation (Chamorro-Premuzic & Akhtar,
2019; Kriebitz & Lutge, 2020; Simbeck, 2019). Furthermore, since companies set the selection
and success criteria for an algorithm during the recruitment process, it is their responsibility to
offer a level of transparency and accountability in e.g., reports to inform about the data sets and
algorithmic techniques used (Kdchling et al., 2021; Sanchez-Monedero et al., 2020). Simbeck
(2019) also stresses the need to inform candidates “whether they are communicating with an-
other human or with AI” (Simbeck, 2019, 10). To ensure validity and autonomy, so that social
intelligence and explainability are not compromised, many authors suggest that an experienced,
algorithmically and statistically informed recruiter should supervise the Al decisions made dur-
ing selection and assessment. This way, Al is used as a complementary recruiting tool (e.g.,
Kochling et al., 2021; Reicin, 2023). According to Simbeck (2019) and Tambe et al. (2019b),
the above implications, as well as non-discrimination procedures (e.g., to prevent algorithmic
bias), should even be included as standards in compliance, and an Al ethics committee should
be established to discuss not only the testing but also the limitations of Al technology for the
company. For instance, Google has implemented a model map function that clarifies the algo-
rithm used, describes its strengths and limitations, and disseminates the operational results de-
rived from several data sets (Mitchell et al., 2019 in Chen, 2023). In conjunction with the im-
plications outlined previously, a closer examination of the programmers who code these algo-
rithms is also imperative given the centrality of diversity in tech industries. Algorithms often
reflect the views of their creators, so the underrepresentation of minority groups in the IT in-
dustry can also lead to distortions in the algorithmic results (Chen, 2023). In general, there
seems to be a broad consensus in the literature that companies should be obliged to use audit

tools and techniques for quality control and that human involvement in the hiring process is
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necessary to combat dehumanization and to ensure that Al is used ethically (Hunkenschroer &

Kriebitz, 2023; Tambe et al., 2019; Yarger et al., 2020).

3.4.3 Legal and regulatory considerations

The use of algorithms in the recruitment sector may negatively impact a person's right to “work,
equality and nondiscrimination, privacy, freedom of expression, and association” (Yam &
Skorburg, 2021, 621) due to problems including prejudice and a lack of transparency (Williams
et al., 2018). Therefore, it is essential for organizations to be keeping up to date with relevant
hiring laws and regulations as well as to be declaring adherence to legal requirements (Tilmes,
2022). As each country or territory sets its own legal framework for Artificial Intelligence in
recruitment, this paper specifically examines European legislation.

The European Commission created guidelines addressing the effects of algorithmic systems on
human rights, while the Organization for Economic Cooperation and Development (OECD)
released recommendations on Artificial Intelligence (Bird et al., 2020; Kriebitz & Litge, 2020).
An expert consortium on Al was formed by the European Commission in 2019, and it proposed
ethical standards and self-regulatory actions related to Al and ethics. Legal protections such as
nondiscrimination statutes and data privacy are essential in stopping biased methods used in
algorithmic decision-making (Chen, 2023). Furthermore, laws that prohibit discrimination, es-
pecially those that deal with indirect discrimination, act as a barrier against several types of
algorithmic bias. For instance, the EU's General Data Protection Regulation (GDPR), which
came into force in May 2018, includes a right to explanation (articles 13-15) and covers the
implications of using machine learning algorithms. This right enables individuals to demand
actions to reducing discriminatory effects when working with sensitive data as well as clarifi-
cations for algorithmic decisions made by organizations (Pena et al., 2020). Organizations must
perform a Data Protection Impact Assessment (DPIA) in accordance with GDPR, and every

EU member state must have a separate data protection body armed with the competence to
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undertake investigations (Bird et al., 2020; Chen, 2023). Moreover, Franca et al (2023) empha-
size articles 9 and 22 (GDPR), “which target the processing of specific categories of personal
data, forbidding the processing of genetic data, biometric data used to uniquely identify a nat-
ural person, health data, or data about a natural person’s sex life or sexual orientation, as well
as the processing of personal data which might reveal political opinions, religious or philosoph-
ical beliefs or racial or ethnic origin” (Franca, 2023, 21). In addition to regulations on the pro-
tection of privacy, transparency and declaration rights, the general need for more state regula-
tion is also called for in literature. Fernandez-Martinez & Fernandez (2020) stress the need for
government monitoring of recruitment processes to identify violations of basic employment
laws or human rights. Government restrictions still leave room for unethical activities in the
development and use of predictive recruitment technologies, which leads Bogen (2019) to de-
clare that the responsibility of companies goes beyond the applicable laws. Raghavan et al
(2020) discovered in a recent analysis that the diversity of bias reduction measures used by
providers varies greatly. This implies that although prejudice is recognized in various indus-

tries, there is a lack of explicit instruction on how to respond correctly.

Al application  Ethical Opportunities Ethical risks Mitigation approaches
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Algorithmic bias \ Alaorithmic bias 1= Introd - Anti-discrimination
Lack of transparency | Algorithimic bias procedures as standards for

Prevent human bias =

I S i Efficiency gains

complianee

Lack of explainability |
1 = Establish Al ethics committee

Privacy concerns
Dehumanization

i
i Technical: ‘Organizational:
1 = Inhouse-inspections — Provide reports about the
i by external specialists data sets & algorithms
Lack of transparency i ¥ P used

Algorithmic bias

. = Inft applicants about
Prevent human bias |« Lack of transparency niorming applicants abou

X 1 ;ating with Al
2. Sereenin, i+ Process consistency | o inabili oty
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\ ) i truthfulness =
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f H -
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Algorithmic bias — Establish audit tools/teams

Prevent human bias | *  Lack of transparency
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[ collection of personal data
Privacy concerns ' Supervision of the p 35
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!
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Table 1: Ethical analysis and risk mitigation framework
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A complete list of technical, organizational and regulatory risk minimization approaches is pre-
sented along with a concise description of the ethical analysis summarized in Table 1 as a struc-

tured framework for risk mitigation.

4. Discussion
4.1 Critical evaluation of the ethical implications

Following the systematic organization and synthesis of the relevant findings on the ethical di-
mensions of Al recruitment, the subsequent discussion will focus on the classification and crit-
ical examination of these findings.

Al recruitment has a significant impact on various aspects of the application process, whereby
authors agree that it offers tremendous opportunities to increase efficiency and reduce human
bias in decision-making. Remarkably, in the literature reviewed, every academic article that
recognizes the benefits of Al application also highlights the potential ethical risks associated
with Al-enabled recruiting. A particular focus is on identifying and explaining algorithmic bi-
ases, with biased training data proving to be the most important causal factor. This view is
supported by Polli (2019) and Florentine (2016), wo also point out that algorithmic biases are
comparatively easier to detect and correct than human biases, hence it is possible to allocate
validity to Al software. Although some articles have also addressed the privacy violation and
transparency deficit, these concerns have largely been treated as side issues rather than serving
as primary research focus areas. Therefore, there is a conspicuous gap in the literature regarding
the potential dangers of dehumanization, validity testing of algorithms, and the establishment
of accountability mechanisms. Quite the contrary, these underrepresented concerns are of great
importance in ethical discourse, as principles such as autonomy and nonmaleficence are among
the cornerstones of ethical considerations (Varkey, 2020). Beyond the lack of discourse on eth-
ical reflections, some of the identified literature also addresses risk mitigation measures at a

technical, organizational and legal level. Several of these measures are treated only cursorily
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and specific regulations and guidelines tailored to the recruitment sector are lacking. While
regulations and laws to mitigate ethical risks are recognized, the prevailing discourse focuses
on the ethical responsibility of companies when using Al in recruitment and suggests that mon-
itoring should continue to be carried out by humans. Furthermore, although ethical considera-
tions are examined at various stages of the recruitment process, the systematic analysis shows
a conspicuous lack of theoretical underpinning, with only three articles in total adopting a the-
oretical perspective (Fernandez-Martinez & Fernandez, 2020; Simbeck, 2019; Yarger et al.,
2020). This shortage makes it difficult to establish a basic theoretical framework that would
provide a solid foundation for ethical considerations in Al recruitment. In contrast, a significant
portion of the literature consists of complementary articles dealing with business considera-
tions. While these perspectives offer practical insights into Al implementation, they widen the
theoretical gap and hinder the development of a comprehensive ethical framework. Further-
more, the systematic literature review shows a preponderance of non-empirical papers — only
42% of the corpus account as empirical (see Appendix H). In these articles, studies are mainly
created around the discussion of ethical risks associated with Al in recruitment and perceived
fairness in decision-making (e.g., Acikgoz et al., 2020). In addition, it must be acknowledged
that most of the articles in the business magazines also reported more on biased algorithms and
how companies in general can take advantage of Al. This limited research leaves a critical gap,
for instance, in understanding how Al decisions impact fairness, which deters the development
of a specific implementation guide for attracting the most suitable talent. Moreover, empirical
research could be very helpful in addressing issues such as the usage of personal data, the effect
of Al on workforce diversity, and the reliability of assessments (Hunkenschroer & Luetge,
2022). Risk mitigation approaches are also underrepresented in the current state of science. As
the guidelines presented by the authors are rather phrased as recommendations, the emphasis

on responsibility lacks a theoretical basis, making it susceptible to subjective interpretation to
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provide clear guidelines for the ethical use of Al.

4.2 Limitations

Due to the given extensive scope of this work, a comprehensive explanation of terms and defi-
nitions was dispensed with to present the most important results. In particular, the lack of de-
tailed technical definitions and the limited technical perspective may present gaps in the dis-
course. This limitation prevents a comprehensive understanding of the intricacies associated
with the technical facets of the topic under discussion. Moreover, although the issue of dehu-
manization has been addressed, there is a window for further exploration, particularly in the
context of a comparative analysis between human rights and the integration of Artificial Intel-
ligence. This exploration could provide a nuanced understanding of the ethical implications
associated with the potentially dehumanizing effects of Al technologies. Furthermore, limited
attention has been paid to regulatory and legal perspectives aimed at mitigating ethical risks.
Presenting only the key laws relevant to the ethical considerations outlined here is somewhat
limiting and it could be argued that an exhaustive exploration of the regulatory landscape is
needed in the future. Given the global reach of many companies, there is a need for a more
comprehensive exploration of the legal frameworks in different jurisdictions in order to improve

practical applicability for internationally operating companies.

5. Conclusion and recommendations for future research

In this study, a systematic literature review was conducted to explore the ethical perspectives
arising from algorithmic recruitment and to describe strategies for dealing with the identified
risks for companies as well as for future research.

Digital recruiting 3.0 has introduced technological innovations, namely Al, that have a signifi-
cant impact on the recruitment process. Evidence shows that most authors share similar views
on the potential of Al recruiting as in facilitating not only a more efficient but also a more
ethical hiring and selection process. Al proves to be an important tool to mitigating human bias
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and to promoting fairness in hiring. However, it is critical to recognize that training data and
criterion labels can inadvertently reflect and perpetuate human bias, with the primary source of
algorithmic bias being historical data. A fundamental risk associated with Al in the hiring pro-
cess lies in the challenge of explaining the underlying algorithms and the decisions generated
by the software, which impact all stakeholders at all levels. Implementing technical measures,
such as creating unbiased data sets and improving the transparency of algorithms, proves to be
essential to reducing discrimination by algorithms in the hiring process.

However, further scientific research has the potential to improve the validity and accountability
of Al-powered recruitment software. Subsequent research efforts aimed at exploring discrimi-
nation through algorithmic recruitment could benefit from the application of quantitative anal-
ysis (e.g., experiments) and from expanding their scope by covering different countries. These
studies could look at the intricacies of algorithmic recruitment mechanisms and the technical
rules that influence the recruitment process. In addition, an assessment of perceived fairness
and of the attractiveness level of organizations using Al in recruitment processes by applicants
could provide valuable insights. Within the existing literature, there was a predominant empha-
sis on discrimination factor within the hiring market of the traditional labor market. However,
it is imperative for future theoretical research to broaden its perspective by including a compre-
hensive examination of how advanced technologies influence and contribute to considerations
of fairness in hiring processes within the dynamic context of the digital economy. Moreover,
even though the focus on the identified risks is of enormous importance, debates on the danger
of dehumanization, validity testing and accountability are so far only dealt with to a limited
extent although this is of today’s fundamental concern. A more in-depth analysis is imperative
to promote a holistic understanding of the ethical implications associated with Al, which could
contribute to the development of responsible and accountable algorithmic systems in the cor-

porate context.
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Appendix

Appendix A: Research Design
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Appendix B: Search criteria

Criteria

Description:

Search terms

Search procedure
Databases
Language

Time frame

Inclusion

Exclusion

Quality criteria

Screening process

Analysis process

“Al”; “Artificial Intelligence”; “Algorithm”; “Machine Learning”
AND “Ethical”; “Ethics”; “Responsibility”; “Fairness”; “Bias”; AND
“Recruitment”; “Recruiting”; “Selection”; “Hiring”; “Job interview”;
“Applicant screening”

Initial keyword search; backward search

ScienceDirect, Scopus, Web of Science

English

2010-2023

Articles from journals or databases, conference reports, books or books
chapters, practitioner-oriented articles, open access to full text
Interviews, commentaries, conference abstracts, letters, book reviews,
studies without direct relation to the topic

Peer-reviewed

1. Title; 2. Abstract; 3. Full text

Interpretive and descriptive approach: Review and categorize the iden-

tified literature and outline a risk mitigation framework
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Appendix C: List of academic, conference and business journals used

JOURNAL TOTAL
Academic 27
Al and ethics 1
Annual rev. Organ. Psychol. Organ. Behavior 1
Big data and society 1
Business and human rights journal 1
Business and information systems engineering 1
Business horizons 1
California management review 1
Computers in human behavior 1
Current opinion in behavioral science 1
Data mining and knowledge discover 1
De Gruyter 1
Ethics and information technology 3
Heliyon 1
Human resource management review 1
Humanities and social sciences communications 1
IBM journal of research and development 2
International journal of selection and assessment 1
Journal of business ethics 2
Journal of information policy 1
Online information review 1
Organizational behavior and human decision processes 1
Philosophy and technology 1
VLDB journal 1
Conference 11
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19th international conference on autonomous agents and multiagent systems (AAMAS)
AAAI/ACM conference on ai, ethics, and society

European parliament conference paper

FAT conference on fairness, accountability, and transparency

IEEE computer society conf. on computer vision and pattern recognition workshops
IEEE international symposium on technology in society (ISTAS) proceedings

IFIP advances in information and communication technology

International conference on decision aid sciences and application

Proceedings of the ACM international conf. on knowledge discovery & data mining

Proceedings of the conference on fairness, accountability, and transparency

Business 14
CIO magazine
Forbes magazine
Harvard business review
McKinsey company
52
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Appendix E: Distribution of published articles per category

= Al application

= Ethical risks

= Organizational mitigation

A

= Ethical opportunities
= Technical mitigation
= Regulatory mitigation

Appendix F: Distribution of published articles per year
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Appendix G: Geographical distribution of published articles

USA

UK

Taiwan
Sweden
Spain
Saudi-Arabia
Portugal
Netherlands
Japan
Germany
France
China
Candada
Brasil

o
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10
Quantity

15
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Appendix H: Distribution of published articles by research design

= Theoretical = Empirical = Descriptive = None

*The terms include the following methods, which are listed in appendix C:

Theoretical Theoretical; conceptional

Empirical Case Study; (online) experiment; interviews; SLR; survey; frameworks
Descriptive Literature review

None None
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