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Summary 

This thesis explores the opportunities and risks of Machine Learning (ML) and Artificial Intelligence 

(AI) technology applied to high-risk decision-making and how technological and business measures 

contribute to responsible and value-adding implementation. The three included studies cumulatively 

examine a case study in a German federal agency that uses ML to predict voluntary employee turnover. 

This practice-oriented approach provides new empirical insights for understanding the successful design 

and implementation of ML-based algorithmic HRM from the perspectives of (1) transparency, (2) 

diversity, non-discrimination & fairness, and (3) individual adoption, with a separate study dedicated to 

each perspective. A key finding of the thesis is that technical measures such as explainable AI actually 

contribute to meeting the central requirements for the responsible use of AI. However, these technical 

measures are only effective if they are successfully implemented in the business organisation and 

processes under trained and critically thinking human supervision, thus outlining the importance and 

consequences of the European Union's current regulatory efforts. Thereby, this thesis contributes to our 

understanding of a highly topical issue, as the example of ChatGPT clearly shows that the world is 

changing at a rapid pace, with the overarching goal of leading to an AI generation that benefits 

individuals, organisations and society alike. 

Zusammenfassung (German) 

Diese Dissertation untersucht die Chancen und Risiken der Technologien „Maschinelles Lernen“ und 

der „Künstliche Intelligenz“ (KI) bei risikoreichen Entscheidungen und wie sowohl technologische als 

auch unternehmerische Maßnahmen zu einer verantwortungsvollen und wertschöpfenden Einsatz dieser 

Technologien beitragen. Die drei einbezogenen Studien untersuchen kumulativ eine Fallstudie in einer 

deutschen Bundesbehörde, die ML zur Vorhersage der freiwilligen Mitarbeiterfluktuation einsetzt. 

Dieser praxisorientierte Ansatz liefert neue empirische Erkenntnisse für das Verständnis der 

erfolgreichen Gestaltung und Implementierung von ML-basiertem algorithmischen HRM aus den 

Perspektiven (1) Transparenz, (2) Diversität, Nicht-Diskriminierung & Fairness und (3) individuelle 

Nutzung, wobei jeder Perspektive eine eigene Studie gewidmet ist. Ein zentrales Ergebnis der Arbeit ist, 

dass technische Maßnahmen wie erklärbare KI tatsächlich dazu beitragen, die zentralen Anforderungen 

an den verantwortungsvollen Einsatz von KI zu erfüllen. Diese technischen Maßnahmen sind jedoch 

nur dann wirksam, wenn sie in der Organisation und in den Prozessen unter geschulter und kritisch 

denkender menschlicher Aufsicht erfolgreich umgesetzt werden, was die Bedeutung und die Folgen der 

aktuellen Regulierungsbemühungen der Europäischen Union verdeutlicht. Damit trägt diese Studie zu 

unserem Verständnis eines hochaktuellen Themas bei, denn das Beispiel ChatGPT zeigt deutlich, dass 

sich die Welt in rasantem Tempo verändert, mit dem übergeordneten Ziel, eine KI-Generation zu 

erreichen, von der Individuen, Organisationen und die Gesellschaft gleichermaßen profitieren. 
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1 Introduction 

1.1 Motivation 

Since 2022, we have witnessed unprecedented growth in the possibilities and reach of AI – a 

revolutionary and disruptive technology that offers significant opportunities and challenges for 

organisations, society and individuals. One remarkable example of this burgeoning AI landscape is the 

rapid proliferation and hype surrounding Chat Generative Pre-trained Transformers (Chat GPT). This 

chat bot, empowered by ML, has become emblematic of AI's capabilities, and it allows machines to 

comprehend and generate human-like text with fluency and coherence in various domains (Brown et al. 

2020; Dwivedi et al. 2023). The knowledge embedded in foundational large language models, built 

using ML algorithms such as neural network-based deep learning, has been proven capable of passing 

the final exams for higher education degrees in business management (Terwiesch 2023), law (Choi et 

al. 2023) and medicine (Gilson et al. 2023). The software, released on November 30 in 2022, is the 

fastest internet app to reach 100 million monthly active users, which it achieved within two months. The 

success of Chat GPT illustrates the enormous speed at which AI is evolving and spreading, surpassing 

even the previous records set by websites such as the social networks Instagram and TikTok (Time 

2023). 

The upside of AI manifests in the transformation of individual lives, organisations and the global impact. 

On an individual level, generative AI such as ChatGPT increases productivity in terms of efficiency by 

an average 14% to 56% (depending on task characteristics and prior knowledge), as well as the quality 

of results by about 20%, while also increasing enjoyment in the fulfilment of tasks  (Noy and Zhang 

2023; Peng et al. 2023; Brynjolfsson et al. 2023). Similar to the Industrial Revolution in the 1800s, when 

machines and robots began to automate manual tasks by going beyond the physical capabilities of 

humans, AI offers transformative potential to complement and eventually replace human intellectual 

and social applications (Dwivedi et al. 2021). The affected tasks particularly involve the jobs of 

knowledge-workers, from writing (Noy and Zhang 2023), creative ideation (Epstein et al. 2023) and 

acquiring knowledge (Jo and Park 2023), through to the study of science (Fauzi et al. 2023) and 

programming (Peng et al. 2023). Thus, about 80% of workers could have at least 10% of their work 

tasks affected, while around 20% could have at least 50% of their tasks affected (Peng et al. 2023). These 

individual productivity gains should benefit company performance, although there is little evidence to 

date to confirm this notion (e.g., Chu 2023; Budhwar et al. 2023). It is also still unclear when these 

effects will materialise, but 25% of CEOs already expect a 5% reduction in employee headcount in 2024 

(PricewaterhouseCoopers 2024), due to efficiency gains engendered by generative AI. Even on a global 

level, AI will have a tremendous impact. Researchers propose its potential to contribute to the 

accomplishment of complex sustainable development goals in relation to society (no poverty, quality of 

education, etc.), the economy (decent work and economic growth, innovation and infrastructure, reduced 
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inequalities, etc.) and the environment (climate action, life below water, use of land) is exceptional 

(Vinuesa et al. 2020).  

Notwithstanding these positive opportunities for individuals, organisations and society, this thesis also 

addresses the darker side of AI by pointing out and addressing worrying and potentially negative ethical 

impacts, which are especially relevant in terms of high-risk decision-making where people’s careers, 

futures and lives are directly affected. Human Resource Management (HRM) is one of those high-risk 

decision-making areas confronted with the unresolved paradoxical duality of positive and negative 

effects on people's work autonomy and career opportunities as a result of AI and ML (Meijerink and 

Bondarouk 2021; Charlwood and Guenole 2022; Edwards et al. 2022).  

In 2016, HR started using the term Big Data to examine in detail both the positive and dark sides of 

datafication at a granular level beyond traditional performance measurement (Angrave et al. 2016). 

Thereafter, the field gradually adapted to new technological advances by using the terms HR analytics 

(Marler and Boudreau 2017), people analytics (Tursunbayeva et al. 2018), algorithmic HRM (Meijerink 

et al. 2021), HRM algorithms (Meijerink and Bondarouk 2021), ML in HRM (Hickman et al. 2021) and 

AI in HRM (Chowdhury et al. 2022). Although these partially synonymous terms have different focus 

areas and emphases in their definitions, they essentially refer to similar methods, approaches and 

practices. In this thesis, a broad focus is placed on AI, which has been defined as "systems that behave 

like humans or perform human tasks", following the early work in this field (Turing 1950). In particular, 

this work focuses on ML, a subfield of AI, defined as "the ability of algorithms to learn without being 

explicitly programmed" (Samuel 1959). Since AI, ML or algorithms in general cannot be clearly 

separated from each other, the terms are used similarly or synonymously in many contexts. This thesis 

follows the definition provided by Meijerink et al. (2021), in that algorithmic HRM can encompass AI, 

ML and other statistical methods from analytics.1 

 

"Algorithmic HRM is the use of software algorithms that operate on the basis of digital data      

to augment HR-related decisions or to automate HRM activities”. (Meijerink et al. 2021, p. 2547) 

 

As we shall discuss in the following sections, the duality of the bright and dark sides of AI in HR, and 

high-risk decisions in general, is receiving a lot of attention from politics, business and society. The 

demand for technologies that ensure the responsible use of AI is therefore a focal point of the current 

discussion on technological developments in a field in which – as in generative AI – high expectations 

are currently being placed (see Figure 1).  

 

1 Please note that the terms ‘AI in HRM’, ‘algorithmic HRM’ and ‘ML-based HR Analytics’ are used synonymously in the 

three papers of this thesis. Different terms are used in the three articles of the cumulative thesis to take into account the specific 

background and context of the publishing journals. 

! 

 

 

 

 

! 
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Figure 1: Selected technologies in the Gartner Hype Cycle TM for AI, adapted from Gartner (2024). 

The overarching goal of this study is to help shape the future of algorithmic HRM on the positive bright 

side of the continuum and realise the expected impact of responsible AI technologies. To achieve this 

aim, this cumulative thesis contributes to overcoming obstacles to realising the potential that enables the 

organisational value of ML algorithm adaptation while ensuring key requirements for responsible AI for 

algorithmic HRM, such as transparency and fairness. In doing so, it addresses the blind spots in HRM 

research identified by Lamers et al. (2024) by assuming algorithmic HRM as a given technological black 

box "out there in the world," without considering the immersion of human actors, embedded data input 

and the design or implementation processes of models using field-based methods. 

1.1.1 The bright side of AI and algorithmic HRM 

To date, evidence on the above-promised impact of (generative) AI on organisational performance is 

limited (Budhwar et al. 2023). However, looking at more established data-oriented approaches to HRM, 

management science finds that the adoption of analytics improves organisational performance (Aral et 

al. 2012). Recent research therefore concludes that HR analytics and algorithmic HRM capabilities are 

a key resource for a strategically relevant HRM discipline that contributes to higher organisational 

performance (Angrave et al. 2016). As a result, the traditional HR department, which was based more 

on qualitative approaches, has developed into one of the most analytical functions in the company in 

recent years (Davenport 2019). McCartney and Fu (2022) explain the impact of algorithmic HRM on 

organisational performance based on the theories of evidence-based management, dynamic capabilities 

and the resource-based view (see Figure 2). 
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Figure 2: Chain model for the impact of algorithmic HRM on organisational performance, extracted from 

McCartney and Fu (2022) 

From a technological perspective, algorithmic HRM options include language-related techniques (e.g., 

natural language processing and speech recognition), thought-related techniques (e.g., solution search 

and mathematical optimisation) and knowledge-related techniques (e.g., knowledge representation, 

retrieval and discovery) (Strohmeier and Piazza 2015). From a managerial perspective, these descriptive 

and diagnostic techniques enable numerous algorithmic HRM applications in all core HRM processes 

(selection, training, workforce planning, appraisal and compensation) (Margherita 2021;Meijerink and 

Bondarouk 2021). 

Beyond the advantages of classical analytics, the application of ML in algorithmic HRM promises the 

objective creation (free from human bias) of new knowledge (not conceived or anticipated by humans) 

in an efficient way (exceeds the speed and abilities of humans) (van den Broek et al. 2021). The reason 

for this is that ML outperforms humans in predictive tasks, especially in highly complex scenarios, due 

to its ability to analyse large amounts of data efficiently (Agrawal et al. 2018). ML either automates 

repetitive and non-judgmental tasks or augments non-routine decision-making processes with 

predictions based on tasks that need to be performed by humans (Budhwar et al. 2022). Therefore, it has 

been emphasised that ML contributes to a number of HRM objectives influencing employee 

experiences, including (1) promoting diversity, (2) meaningfulness of work, (3) job autonomy, (4) job 

satisfaction and (5) motivation (Daugherty et al. 2018; Budhwar et al. 2022; Chowdhury et al. 2022). 

Similarly, on an organisational level, ML and AI contribute to several desired outcomes, including (1) 

acquiring, developing and retaining talent, (2) process efficiency, (3) customer satisfaction, (4) 

sustainability goals, (5) brand reputation and (6) HR cost efficiency (Chowdhury et al. 2022; Budhwar 

et al. 2022; Malik et al. 2023). In the most advanced and comprehensive applications, ML algorithms 

prescriptively take over most or all relevant HRM decision-making processes, leading to digital 

platforms that enable, among other things, short-term contracts or freelancing, i.e., so-called ‘gig’ 

ecosystems. Examples in this regard include successful intermediary platform firms that connect 

requesters (i.e. organisations or consumers) with on-demand gig workers in industries such as 

transportation (e.g., Uber), cleaning (e.g., Helpling), household do-it-yourself (e.g., TaskRabbit), food 

delivery (e.g., Just Eat) and programming (e.g., Clickworker) (Meijerink and Keegan 2019). 

Interestingly, all types of analytics can benefit from the technological advances of generative AI, as it 

accelerates and drives the adoption of a data-driven culture, which in turn is a key enabler for algorithmic 

HRM (Davenport and Bean 2024). 
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In summary, the introduction of algorithmic HRM enables evidence-based management and promises 

more accurate, objective and effective decision-making processes that can mutually benefit both a 

company and its employees. 

1.1.2 The dark side of AI and algorithmic HRM 

Contrary to these bright promises of AI, critical authors envision a dystopian future dominated by 

discriminatory and unfair algorithms – the dark side of AI – in which decision-makers who are 

unfamiliar with the algorithms' capabilities are deceived or misled into making wrong decisions, or could 

even use them as an excuse to make discriminatory decisions (Pasquale 2015; O'Neil 2016). For 

example, research has raised concerns about the widespread stereotypes that lead to gender bias when 

analysing textual data using Natural Language Programming (Bolukbasi et al. 2016). The literature 

points out that even if ML developers try to solve these problems, not taking the social context into 

account is a risk that cannot be ruled out due to the abstraction and simplification used by the algorithms 

building models of the real world (Selbst et al. 2019).  

Algorithmic HRM can have a significant impact on individuals' lives and careers and has therefore raised 

concerns, particularly because ML models can incorporate non-traceable and unfair biases (Cheng and 

Hackett 2021). Unintended and far-reaching consequences of malfunctioning algorithms, such as 

unintentionally perpetuating and amplifying societal inequalities, are already well documented. 

Amazon, for instance, has stopped using and developing its ML-based recruitment system because it 

unintentionally perpetuates gender, ethnic or socio-economic inequalities (Meyer 2018; Dastin 2022). 

Similarly, Facebook's ad-targeting algorithms disadvantaged women in job postings because they were 

less likely to see ads from companies that hire predominantly male employees (Lambrecht and Tucker 

2019; Teodorescu et al. 2021). Research also shows that controlling employees through an opaque 

algorithm (e.g., by replacing them or rewarding them on completion of tasks) negatively impacts the 

employee experience by causing insecurity, frustration and stress (Kellogg et al. 2020).  

The above examples of the dark side of AI are based on a worrying prioritisation of economic over social 

values. Driven by technology hype, the algorithmic HRM industry focuses on commercial priorities, 

often neglecting the ethical and social impacts of its work (Charlwood and Guenole 2022). Both private 

and public private organisations prefer to focus on the benefits associated with positive business cases 

and initiate change processes in the early stages of AI implementation to increase adoption, but they 

give little to no consideration to ethical considerations such as accountability, fairness and transparency 

(Neumann et al. 2022). The dark side of AI and algorithmic HRM is exacerbated by the growing 

possibilities of generative AI tools, which “create continuing uncertainty for workers, expanding their 

business applications, while heightening risks related to well-being, bias, misinformation, context 

insensitivity, privacy issues, ethical dilemmas, and security” (Budhwar et al. 2023, p. 607). 
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In summary, the introduction of algorithmic HRM has the potential to lead to worrying and potentially 

negative ethical implications that may reinforce or spread injustice, discrimination and unfairness, which 

in turn would mutually harm both organisations and their employees.  

1.2 Background and contextual framework 

1.2.1 High-risk decision-making and foundations of responsible AI 

In recent years, these negative consequences of the dark side of AI have gained increasingly more 

attention. Political debate and society are concerned about the impact of generative AI and ML 

algorithms in general use for modern weapons, as well as fake news or other consequences such as 

privacy concerns, technostress and addiction (Mikalef et al. 2022, p. 257). Being aware of possible 

consequences, the European Union began work on comprehensive AI legislation, namely the “European 

Union AI Act” (EU AI Act). Based on ethical guidelines and the suggestions of experts from science 

and practice (AI HLEG EU 2019), the legislation aims to follow a risk-based approach to classifying AI 

applications according to potential harm to individuals (European Parliament 2024). Figure 3 provides 

examples of each of the four risk categories.  

 
Figure 3: A risk-based regulation pyramid according to the EU AI Act, adapted from Díaz-Rodríguez et al. (2023) 

Following the official European Union Artificial Intelligence Act (AI Act), adopted by the European 

Parliament on March 13, 2024, the HRM system relevant to this thesis is classified as a high-risk AI 

application in Annex III, under the category of 'employment, worker management, and access to self-

employment.' (European Parliament 2024). Accordingly, for high-risk applications in Annex III, 

enhanced internal audits are required to assess conformity, albeit an external party for approval audits is 

not mandatory. For instance, organisations are asked to (1) document the intended purpose of the AI 

system in question, (2) provide detailed user instructions, (3) disclose the methods used to develop the 

system and (4) justify the critical design choices made by the provider (Mökander et al. 2022). In 

addition, the AI HLEG EU (2019) has identified seven requirements for high-risk applications that need 
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to be continuously assessed and addressed throughout the lifecycle of AI systems to ensure responsible 

use (see Figure 4). 

 

Figure 4: The responsible use of AI and the adoption of AI in HRM, and how this work contributes to this  The 

overview includes the seven requirements when responsibly using AI in high-stakes decision-

making, adapted from AI HLEG EU (2019). 

As illustrated in Figure 4, this thesis does not address all seven requirements of responsible AI. Instead, 

two of the three embedded studies are dedicated to the most important requirements for responsible use, 

specifically in algorithmic HRM (Edwards 2022), namely transparency and diversity, non-

discrimination and fairness. Furthermore, three additional requirements (human agency & oversight, 

accountability, privacy & data governance) are touched upon, especially in study 3, and briefly discussed 

later in the comprehensive discussion section.  

It should be noted that ‘transparency’ is of paramount significance in this thesis. ML transparency is 

proposed by computer scientists in the XAI field as a fundamental precursor to responsible AI. A specific 

paper motivating this thesis originates from Arrieta et al. (2020), who provide a comprehensive overview 

of why, how and when ML transparency contributes to responsible AI. The proposition of the central 

importance of ML transparency is also based on extensive literature from managerial and HRM science 

that emphasises the need for ML transparency and explainability as an essential foundation for the 

responsible and value-added use of algorithmic HRM (Leicht-Deobald et al. 2019; Tambe et al. 2019; 

Gal et al. 2020; Glikson and Woolley 2020; Kellogg et al. 2020; Choudhury et al. 2021; Cheng and 

Hackett 2021; Langer and König 2023; Meijerink et al. 2021; Budhwar et al. 2022; Chowdhury et al. 

2022; Bauer et al. 2023). While transparency is the focus requirement of Study 1, it is also central to the 
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ensuing two studies. The next section therefore provides a basic understanding of the technical 

background relevant to all three studies included herein. 

1.2.2 The technical foundation of Explainable AI 

In response to calls from both academia and industry for greater ML transparency, researchers in the 

field of information systems (IS) have begun to develop frameworks and technical explanatory 

approaches – also referred to as ‘XAI methods’ – to support the responsible, human-centred and 

trustworthy use of AI (e.g., Adadi and Berrada 2018; Arrieta et al. 2020; Molnar 2022; Ali et al. 2023).2 

The methods address the problem whereby ML algorithms learn by building their representation of a 

decision without considering human understanding, thereby escaping human understanding and 

interpretation (Burrell 2016; Kellogg et al. 2020). Knowledge about algorithms is insufficient to 

comprehend the inner-working of ML models, as the amount of information contained in built-in logics 

causes paradoxical effects such as information fatigue and meaninglessness (Gal et al. 2020). However, 

using XAI helps understand how an ML system decides, predicts and performs tasks, thus enabling a 

user to understand the limitations of its rationale (Shin 2021; Chowdhury et al. 2022; Zirar 2023). The 

fundamental aim of XAI is to create transparent models for predictions and recommendations in order 

to enable interpretability and make results explainable (see Figure 5). 

 

Figure 5: Fundamental concepts and value proposition of XAI compared to non-explained ML models in terms of 

user perception, adapted from Yuan et al. (2021) and Gunning and Aha (2019). 

In contrast to traditional statistical algorithms that aim to develop inherently interpretable models to 

extract knowledge, such as linear regression, classification trees or Bayesian models (transparency-by-

 

2 A complete overview of the numerous technical XAI solutions available is beyond the scope of this dissertation. For a more 

comprehensive overview, please refer to Adadi and Berrada 2018; Arrieta et al. 2020; Molnar 2022; Ali et al. 2023. 



 

Introduction  9 

 

design), recent advances in the computer science literature set out to restore at least some of the 

interpretability of complex ‘black box’ algorithms, such as neural networks or random forests, by 

simplifying approximations (Ribeiro et al. 2016). The biggest advantage of the latter so-called ‘post-

hoc’ explanations involves preserving the high predictive performance (e.g., accuracy, low error rate) 

offered by black box models and thereby mitigating the trade-off between predictive performance and 

transparency (e.g., Adadi and Berrada 2018; Arrieta et al. 2020; Molnar 2022). In the studies in this 

cumulative thesis, three different popular post-hoc explanatory methods are applied:  

1. Pertubated Feature Importance (PFI) extracts global feature importance using the random 

permutation strategy, whereby feature values are randomly shuffled. This breaks the 

relationship between the predictor and the true prediction target. Comparing the resulting 

model’s accuracy with the model before perturbation makes it possible to determine the factor 

by which the accuracy of the model increases with respect to this predictor. It should be noted 

that this method only calculates importance and is not able to quantify an effect via which the 

predictor increases or decreases the prediction (Molnar 2022). 

2. SHapley Additive exPlanations (SHAP) is a post-hoc XAI method separately computing the 

effect of each predictor on a specific prediction (Lundberg and Lee 2017). To do this, SHAP 

divides the complex ML model formula into several mathematical vicinities (Chowdhury et al. 

2022). What distinguishes SHAP’s explanations from other local (specific for one prediction) 

XAI methods is their additive nature, which results from the former’s game-theoretical 

approach. In analogy to game theory in economic behaviour (Morgenstern et al. 2007), SHAP 

decomposes the probability of a prediction into SHAP values, which in turn quantify the 

increasing or decreasing contribution made by individual predictors (the rational agents). 

Finally, the sum of all the SHAP values is the difference between the specific prediction and 

average predicted probability (Lundberg and Lee 2017). 

3. Accumulated Local Effects (ALE), a global (generalising information of many/all predictions 

of a model) post-hoc XAI method, extracts non-linear predictor effects on cohorts or subgroups 

of employees (Apley and Zhu 2020). ALE describes how a single predictor influences the 

prediction (strength, positive/negative contribution) on average, considering all employees in 

the respective cohort (Apley and Zhu 2020). Compared to alternative visualisation techniques 

on a global level (e.g., partial dependence plots), it is less vulnerable to unreliable extrapolation 

and is thus preferred when training ML on datasets with multicollinearities because it uses 

conditional distributions on each segment to calculate predictor effects (Apley and Zhu 2020; 

Molnar 2022).  
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1.3 Outline 

1.3.1 Characterisation of the overarching case study 

This cumulative thesis includes three studies, each one of which is based on an in-depth case study 

conducted in a German federal agency with more than 20,000 employees in the period between 2021 

and 2024. This thorough public sector study approach provides a context in which high requirements 

for the individual adoption of algorithmic HRM can be investigated, and commercial secrecy is not a 

concern (Desouza et al. 2020, p. 206; Busuioc 2021, p. 826). The three studies include illustrative 

(examining the implementation and outcomes of innovative practices, particularly in studies 1 and 2) 

and exploratory (examining how and why the practices were adopted, particularly in study 3) aspects of 

the case study methodology (Smith 2019, pp. 204–205). In the following, the motivation behind and 

background of the organisational setting are provided.  

Due to the older age structure of the workforce, the low number of qualified applicants and the 

anticipation that the workload will steadily increase over the next few years, the organisation is facing 

an urgent shortage of employees. The aim is to develop an ML model that predicts individual voluntary 

turnover (excluding age-related reasons and termination on the part of the employer) probability for 

each employee. Possible contributions and benefits of the ML-based employee turnover prediction 

project on the overall HRM goals may primarily be to (1) proactively identify the number of departing 

employees, in order to potentially initiate retention measures, (2) understand the reasons why certain 

subgroups (‘personas’) leave the organisation, (3) anticipate shortages in certain skills and (4) increase 

the precision of operational workforce planning to reduce staffing bottlenecks. While the organisation 

frequently uses descriptive analytics based on advanced dashboarding tools, as well as sporadic 

diagnostic regression-based analytics, this project is the first initiative to incorporate complex ML 

models and predictive analytics approaches. As employees can be directly affected by decisions derived 

from the model, this ML-based algorithmic HRM application falls under the high-risk categorisation 

according to the EU AI Act (see Figure 3). 

The ML models developed herein are based on a uniquely collected dataset. This comprehensive dataset 

includes structured (tabular) information about 680,000 data points from a German federal agency. Each 

row represents an employee in combination with a specific month and contains a dichotomous variable 

about whether they left the company in the six months following the observed month. The dataset 

includes 27 predictors, most of which (19) originated from internal HR databases. These include work-

related predictors such as commuting distance, sick days, salary, salary increases in recent years, 

seniority and others. Demographic data such as gender, age, number of children and education level are 

also included. In addition, data on global employee satisfaction and some data of external sources were 

integrated into the dataset. When collecting the anonymised data, a data protection procedure was used 

based on established data agreements and anonymisation procedures within the organisation. 
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The target variable of voluntary employee turnover is imbalanced, meaning that voluntary turnover is 

relatively rare (rate about 1%) in this dataset, which is not unusual in the public sector (e.g., Grissom et 

al. 2016, p. 243). However, it should be noted that the unbalanced class ratio makes prediction 

particularly difficult (Kuhn 2019). ML predictions are evaluated in an out-of-sample test dataset (1:5 

split), and instead of treating the ML models as a black box, post-hoc explanations at local (employee-

specific) and global (organisation-wide) levels are used to extract the predictors’ effects. The confusion 

matrix is used to assess predictive accuracy and exemplary results of post-hoc explanations at the 

employee-specific level or as a communication tool and the basis for iterative development and 

troubleshooting for prediction errors. All steps (data preparation, model development, statistical tests 

and optimisation, tuning of hyperparameters, XAI methods, fairness evaluation, etc.) are implemented 

with the R programming language and an environment for statistical computing (R Core Team 2013), 

as well as the CARET (Classification and regression training) (Kuhn 2019) and IML (interpretable 

machine learning) (Molnar et al. 2018) packages. Figure 6 characterises the most important properties 

of the ML models in red. 

 

Figure 6: Characterisation of the ML model, which is the focus of the case study relevant in all three studies. 

Besides the dataset and ML models, the case studies’ information foundation includes a number of 

resources such as internal documents, e-mails, meeting notes, presentations following the 

implementation of a modern cloud-based analytics IS for workforce planning and forecasting that 

includes the above ML model. In addition, for study 3, interviews were collected from employees from 

several HR departments (HR Analytics, HR planning & forecast, HR management accounting & control, 

employee development) as well as managers of teams (10-20 employees) or departments (20-100 
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employees). Last, documented and openly available self-regulation is a valuable resource. Based on the 

EU AI Act, the “German Network Artificial Intelligence in Labour and Social Administration” (2022) 

provides in-depth clarification of the use of ML in algorithmic HRM in German federal authorities and 

sets out the same seven requirements before the law comes into force.3 Overall, the case study provides 

an interesting and rich empirical field setting that can be used to provide realistic and ethnographic 

insights that are currently lacking in the literature on algorithmic HRM (van den Broek et al. 2021; 

Charlwood and Guenole 2022; Kelan 2023). 

1.3.2 Overview of the three studies  

The three studies contained in this cumulative thesis will apply XAI to high-risk decision-making in 

HRM from different perspectives. (see Figure 4). 

STUDY 1  “Machine learning with real-world HR data: Mitigating the trade-off between predictive 

performance and transparency” 

 

Status published, DOI: 10.1080/09585192.2024.2335515 4 

 

Co-Authors Hülter, Svenja Marie; Tekieli, Michael 

 

Keywords Algorithmic HRM, Human Resource Analytics,  

Machine Learning Transparency, Explainable AI,  

Voluntary Employee Turnover Prediction 

 

Journal The International Journal of Human Resource Management 

 

Metrics VHB-Ranking: A5, Impact Factor 4.9 (Q1) & Cite Score 11.7 (Q1)6, H-Index 139 (Q1)7 

 

Description Study 1 provides evidence for the existence of a trade-off between predictive performance and 

transparency in ML-based algorithmic HRM. This trade-off has not been found in similar 

empirical studies, which is important because it motivates the application of post-hoc XAI 

methods. Only when transparency-by-design approaches using simpler algorithms fail may the 

approximation and simplification of post-hoc explanations be justified. The paper thus 

concludes with a nuanced view of the positive and negative aspects of post-hoc explanatory 

methods in high-risk HRM applications, answering important questions on the transparency 

requirement for responsible ML. 

 

  

 

3 Self-regulation is mainly based on the AI HLEG EU 2019 but also by the German Data Ethics Commission, the German 

Bundestag's AI Study Commission, the German government's AI strategy, the German Data Protection Conference and the 

OECD's Council on Artificial Intelligence (German Network Artificial Intelligence in Labour and Social Administration2022). 

4 https://www.tandfonline.com/doi/full/10.1080/09585192.2024.2335515 

5 VHB Rating 2024 https://vhbonline.org/fileadmin/user_upload/VHB_Rating_2024_Area_rating_PERS.pdf 

VHB Rating 2015: B https://vhbonline.org/vhb4you/vhb-jourqual/vhb-jourqual-3/gesamtliste 

6 https://www.tandfonline.com/action/journalInformation?show=journalMetrics&journalCode=rijh20 

7 https://www.scimagojr.com/journalrank.php?category=1407 

https://doi.org/10.1080/09585192.2024.2335515
https://www.tandfonline.com/journals/rijh20
https://www.tandfonline.com/doi/full/10.1080/09585192.2024.2335515
https://vhbonline.org/fileadmin/user_upload/VHB_Rating_2024_Area_rating_PERS.pdf
https://vhbonline.org/vhb4you/vhb-jourqual/vhb-jourqual-3/gesamtliste
https://www.tandfonline.com/action/journalInformation?show=journalMetrics&journalCode=rijh20
https://www.scimagojr.com/journalrank.php?category=1407
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STUDY 2 “Towards fair Human Resource Analytics: Introducing a sociotechnical framework” 

 

Status accepted 

 

Co-Authors None 

 

Keywords Human Resource Analytics, Algorithmic Fairness,  

Explainable AI, Sociotechnical Theory 

 

Conference 3rd EIASM Workshop on People Analytics & Algorithmic Management (PAAM)8  
 
 

Description Study 2 moves on to a second central requirement of responsible AI: diversity, non-

discrimination & fairness. The study aims to bridge the gap between social science and 

information science and contributes to understanding how sociotechnical systems designed in 

ML fairness assessments help mitigate the amplification of adverse impacts against minorities 

through algorithmic HRM. The main contribution is the introduction of a holistic framework 

specifying processes, responsibilities and interconnections between automated bias mitigation 

approaches and human judgement.  

 

 

STUDY 3 

 

 

“Exploring the individual adoption of Human Resource Analytics: Behavioural beliefs 

and the role of Machine Learning characteristics” 

 

Status published, DOI: 10.1016/j.techfore.2024.123709)9  

 

Co-Authors Hülter, Svenja Marie; Ertel, Christian 

 

Keywords Human Resource Analytics, Machine Learning Adoption,  

Explainable AI, Theory of Planned Behaviour,  

Employee Turnover Prediction 

 

Journal Technological Forecasting and Social Change 

 

 

Metrics VHB-Ranking: B10, Impact Factor 12.9 (Q1) & Cite Score 21.3 (Q1)11, H-Index 179 (Q1)12 

 

Description Study 3 addresses an important obstacle in trying to benefit from responsible AI, namely the 

adoption of ML at an individual level. The reason for this is documented in interdisciplinary 

research and indicates a lack of trust and acceptance of ML recommendations or predictions. 

Based on a focused interview method and the theory of planned behaviour, the study contributes 

to the literature by identifying relevant beliefs and experiences that influence the intention to 

adopt algorithmic HRM. Furthermore, the study provides insights into the impact of responsible 

AI on adoption by linking ML characteristics such as transparency, automation and fairness to 

the intention to adopt employee turnover predictions. 

Table 1: Overview of the three studies contained in this cumulative thesis. Metrics according to 09.01.2025.  

 

8 https://www.eiasm.org/frontoffice/event_announcement.asp?event_id=1719%20 

9 https://www.sciencedirect.com/science/article/pii/S0040162524005079 

10 VHB Rating 2024 https://vhbonline.org/fileadmin/user_upload/VHB_Rating_2024_Area_rating_TIE.pdf 

VHB Rating 2015: B https://vhbonline.org/vhb4you/vhb-jourqual/vhb-jourqual-3/gesamtliste 

11 https://www.sciencedirect.com/journal/technological-forecasting-and-social-change/about/insights 

12 https://www.scimagojr.com/journalsearch.php?q=14704&tip=sid 

https://doi.org/10.1016/j.techfore.2024.123709
https://www.eiasm.org/frontoffice/event_announcement.asp?event_id=1719%20
https://www.sciencedirect.com/science/article/pii/S0040162524005079
https://vhbonline.org/fileadmin/user_upload/VHB_Rating_2024_Area_rating_TIE.pdf
https://vhbonline.org/vhb4you/vhb-jourqual/vhb-jourqual-3/gesamtliste
https://www.sciencedirect.com/journal/technological-forecasting-and-social-change/about/insights
https://www.scimagojr.com/journalsearch.php?q=14704&tip=sid
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2 Main section (cumulative) 

 

2.1 Study 1 | Machine learning with real-world HR data: Mitigating the trade-
off between predictive performance and transparency 

 

Abstract 

ML algorithms offer a powerful tool for capturing multifaceted relationships through inductive research 

to gain insights and support decision-making in practice. This study contributes to understanding the 

dilemma whereby the more complex ML becomes, the more its value proposition can be compromised 

by its opacity. Using a longitudinal dataset on voluntary employee turnover from a German federal 

agency, we provide evidence for the underlying trade-off between predictive performance and 

transparency for ML, which has not been found in similar human resource management (HRM) studies 

using artificially simulated datasets. We then propose measures to mitigate this trade-off by 

demonstrating the use of post-hoc explanatory methods to extract local (employee-specific) and global 

(organisation-wide) predictor effects. After that, we discuss their limitations, thereby contributing to the 

literature on ML in HRM by providing a nuanced perspective on the circumstances under which the use 

of post-hoc explanatory methods is justified. Namely, when a "transparency-by-design" approach with 

traditional linear regression is not sufficient to solve HRM prediction tasks, the translation of complex 

ML models into human-understandable visualisations is required. As theoretical implications and for 

the advancement of HRM research, this paper suggests that we can only extensively understand the 

multifaceted HR phenomena that provide us with real-world data if we incorporate ML-based inductive 

methods. However, we argue for a joint application with traditional deductive methods, as the 

interpretation of potentially over-approximating complex ML models with post-hoc explanatory 

methods may sometimes lead to inaccurate or misleadingly simplified results. 
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Introduction 

ML algorithms are increasingly used in HRM research to reveal and explain multifaceted phenomena 

beyond linearity from data, known as an “ML-based inductive” research method (for an example relating 

to employee turnover prediction, see King 2016; Rombaut and Guerry 2018, 2021, Choudhury et al. 

2021, Erel et al. 2021, Speer 2021, Yuan et al. 2021, Chowdhury et al. 2022). This method promises to 

objectively translate large amounts of raw data into new information provided by otherwise overlooked, 

complicated interactions between predictors with a level of efficiency not achieved by humans (van den 

Broek et al. 2021). Generally, this explanatory approach requires neither prior assumptions nor explicit 

hypotheses, which opens up various opportunities for HR research and practice (Choudhury et al. 2021). 

Thus, the ML-based inductive research method enables the investigation of multifaceted relationships, 

to gain exploratory insights and develop theory (Putka et al. 2018; Cheng and Hackett 2021). 

However, a challenge arises due to the complexity of ML algorithms, i.e. the disadvantage of not 

providing an easily understandable mathematical formula (Kellogg et al. 2020; Erel et al. 2021). High 

ML model complexity occurs when an ML algorithm capable of modelling flexible functions beyond 

linearity (neural networks, random forest, etc.) is applied to a large dataset with multifaceted 

relationships (Choudhury et al. 2021). Complex models achieve high predictive performance, which is 

the extent of the ML model to solve a prediction task, depending on its context and goal, with different 

statistical measures (e.g. root-mean-squared error for regression, accuracy for classification). 

Nevertheless, complex models remain opaque, in that (a) predictors are not understandable (e.g. coming 

from a complex system itself), (b) relationships between predictors and predictions are hidden and (c) 

no explanation for a specific prediction is given (Burrell 2016; Langer and König 2023).  

Simply, there are two sides to a continuum: opacity is a lack of understanding regarding the inner 

workings of the ML model, while transparency is understanding the relationships between predictors 

and predictions (Langer and König 2023). To ascertain the position on this continuum between 

transparency and opacity, ML algorithm selection is a pivotal determinant. For example, a linear 

regression model can be considered as inherently transparent, also known as the “transparency-by-

design” approach, because the mechanisms of the mathematical formulas and their parameters, which 

affect the relationships between predictors and predictions, are interpretable. Generally, it is known that 

the trade-off between predictive performance and transparency in ML models goes hand in hand with 

their complexity (Arrieta et al. 2020, p. 100), but it has not been empirically demonstrated or 

investigated in real-world HRM applications. Thus, we ask: 

RQ1: To what extent does ML in real-world HRM applications face trade-offs between 

predictive performance and transparency? 
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We select employee turnover prediction as a representative ML application in HR. This has also recently 

been investigated in two closely related studies (Choudhury et al. 2021; Chowdhury et al. 2022). We 

extend these studies by providing an empirical example of the trade-off between predictive performance 

and transparency in real-world data that was not found using artificially simulated datasets used in either 

study. Also, like these studies, we apply multiple post-hoc explanatory methods to mitigate the 

aforementioned trade-off. These methods aim to explain elements of a complex ML model while, such 

as the influence importance of predictors, maintaining its high predictive performance, which increases 

its transparency. However, additionally we critique the limitations and ask about the appropriate 

circumstances for using post-hoc explanatory methods: 

RQ2: Under what circumstances, may post-hoc explanatory methods be applied to understand 

the rationale behind complex ML model predictions? 

By answering these research questions, we contribute to the literature by (1) empirically demonstrating 

and discussing the consequences of the trade-off between predictive performance and transparency, (2) 

providing a nuanced perspective when the use of post-hoc explanatory methods is justified due to lack 

of alternatives (3) and outlining the possibilities of revealing the multifaceted effects of complex ML 

model predictors combined with post-hoc explanatory methods. Thus, we respond to research calls to 

investigate when and how organisations can switch from opaque to transparent ML (Chowdhury et al. 

2022, p. 25). As a theoretical implication, our study exemplifies the need for an inductive method based 

on ML, given the complexity of real-world HR phenomena that cannot be investigated to the same depth 

using traditional methods such as linear regression. However, caution is needed when interpreting and 

deriving implications, as the available post-hoc explanatory methods required for complex models can 

be misleading. Confirmatory studies with deductive evidence may therefore be complementarily 

necessary. 

The paper is organised as follows. The second section reviews the literature on the multifaceted causes 

of employee turnover, frameworks for ML-based inductive research methods and the trade-off in ML 

complexity. The third section summarises the methodology used and presents the empirical dataset. The 

fourth section presents the results and applies three post-hoc explanatory methods to mitigate a trade-

off. Finally, the fifth and sixth sections discuss post-hoc explanatory methods before concluding.  

Literature Review 

Turnover causes are multifaceted 

Employee turnover prediction is selected as a representative ML application in HRM because turnover 

is generally an intricate process (Yuan et al. 2021) resulting from a series of possible sequences of events 

or ‘pathways’ (Russell and Sell 2012, p. 126). Consequently, the literature lists numerous predictors 

directly influencing employee turnover (e.g. Holtom et al. 2008; Rubenstein et al. 2018). This suggests 
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that turnover is more complex than the largely linear relationships previously studied. However, turnover 

causes are likely to be nonlinear, with the nature of these relationships between variables changing at 

different points (e.g. U-shaped), or heterogeneous with different relationships for different subgroups of 

employees. For example, Gray and Phillips (1994) find a U-shaped relationship between age and 

turnover, implying that turnover is high among young employees and decreases with age; thereafter, 

turnover gradually increases again, due to retirement. A negative correlation between tenure and 

employee turnover is widespread (Rubenstein et al. 2018). Furthermore, Grissom et al. (2016) find a 

negative relation between salary predictors (total/increase) and turnover in public administration, albeit 

up to a certain level, whereas turnover at the managerial level might work differently. Lin et al. (2021) 

emphasise that wage increases significantly reduce voluntary turnover. In addition, they examine the 

moderating effect on the relationship between wage increases and turnover, finding a significant 

negative relationship in this regard, albeit only for workers with longer tenure. 

In summary, the sophistication of relationships leading to employee turnover is not only caused by linear 

relationships between several predictors and turnover, but also nonlinearity and heterogeneity in 

employee subgroups, which lead to mathematical interactions among predictors.  

Increasing algorithm complexity  

Multifaceted employee turnover prediction phenomena contradict implicit assumptions of linearity in 

traditional ordinary least squares models, thereby strengthening the rationale for using ML for prediction 

and knowledge (Erel et al. 2021). Recent literature presents frameworks and proposals for inductive 

research methods that introduce the principles of modern predictive models (Yuan et al. 2021) and 

common algorithms (Putka et al. 2018), to embedded ML in scientific methodologies. For example, ML 

algorithms used for employee turnover prediction include random forest (Choudhury et al. 2021; Speer 

2021), extreme gradient boosting (Erel et al. 2021) and gradient boosting machines (King 2016). These 

so-called “ensemble” algorithms combine hundreds of heterogeneous trees, each of which automatically 

selects relevant predictors and their weights, groups data into relevant subregions and finds local 

dependencies (Putka et al. 2018). Similarly, increasing the number of neurons per layer or the number 

of layers in a neural network leads to what are known as deep learning algorithms that can achieve the 

same result (Vale et al. 2022).  

To avoid system-based ML opacity resulting from increasing complexity, knowledge about algorithms 

is insufficient, as the amount of information causes information fatigue and meaninglessness (Gal et al. 

2020). Complex ML algorithms learn by building their representation of a decision without considering 

human comprehension, thereby escaping human understanding (Burrell 2016, p. 10; Kellogg et al. 2020, 

p. 372). In contrast to traditional statistical and econometric approaches, non-parametric ML algorithms 

do not provide a representative mathematical formula that can be easily understood (Erel et al. 2021, 

p. 3229). However, some do provide other representations that are understandable to humans, such as 
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the rule system of classification trees or the conditional probabilities of naive bayes classifiers (Arrieta 

et al. 2020). This means, the decision between a more transparent, simple ML algorithm and a more 

complex, opaque one is more of a continuum due to the variety of algorithm options available (Langer 

and König 2023). Regardless of the specific algorithm, it is widely assumed that higher ML model 

complexity directly correlates with higher prediction performance, or expressed differently, solves the 

prediction task more effectively. Interestingly, this is not necessarily the case, as it depends on the 

specific prediction task and the flexibility required to approximate the underlying data, in particular the 

amount available and its distribution among the variables’ values (Rudin 2019).  

Challenges arising from algorithm opacity 

HRM is a high-stakes decision-making environment because individuals are directly affected, and data-

driven decisions have various ethical and legal consequences (Gal et al. 2020). To verify fairness and 

non-discrimination, input data, data analysis procedures and the links between results and conclusions 

must be transparent so that predictions can be validated. One reason is that correlations can be 

established but causal relationships are not implied. Opaque algorithms jeopardise the ability to test for 

adverse impacts by challenging differences between groups with existing evidence (Meijerink et al. 

2021, p. 2549; Charlwood and Guenole 2022, p. 7), thus hampering unavoidable critical thinking about 

predictive composites, causal inferences and subgroup differences (Putka et al. 2018, p. 711).  

ML transparency is important not only for practical applications, but also for researchers who want to 

understand, for example, what nonlinear effects independent variables have. Somers et al. challenge the 

linear assumptions of HR theory regarding employee well-being and demonstrate the use of complex 

ML models such as neural networks to detect nonlinearities. The tools used, such as three-dimensional 

visualisation, help uncover the existence of nonlinear phenomena but do not provide sufficient 

transparency to extract explicit relationships or to include more than two predictors (Somers et al. 2021). 

Yuan et al. (2021) use ML to identify the key predictors of employee turnover in a sample of SMEs. 

However, because of the algorithm’s opacity, it is vague how the predictors affect turnover. For example, 

perceived unfairness is the most important predictor, but it is unclear at what point perceived unfairness 

triggers turnover.  

In summary, it is essential to the success of ML in HR applications to (1) disclose how an algorithm 

makes a decision, (2) ensure the right to challenge an outcome and (3) provide expertise to address these 

challenges (Cheng and Hackett 2021). Ultimately, ML transparency is needed to increase trust in ML 

and question its responsible use (Chowdhury et al. 2022). In the absence of sufficient empirical 

examples, algorithm opacity is an important blind spot in algorithmic HRM research (Meijerink et al. 

2021, p. 2550; Edwards et al. 2022, p. 5).  
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Tackling algorithm opacity with technical solutions 

Research outside of HR has introduced methods to increase ML model transparency while maintaining 

high predictive performance, thus mitigating the aforementioned trade-off. XAI, also known as 

“Interpretable ML,” is a rapidly evolving interdisciplinary research area offering multiple technical 

solutions (Arrieta et al. 2020; Molnar 2022). Moreover, XAI methods can be divided into either 

algorithmic models understandable to humans with appropriate knowledge (transparency-by-design), or 

methods using approximation to explain elements of complex – and thus opaque – models through 

simplified representations (post-hoc explanatory methods) (Arrieta et al. 2020; Langer and König 2023). 

Interestingly, documented applications of these technical solutions remain sparse in HR (Langer and 

König 2023), albeit the first examples are promising. Choudhury et al. (2021) demonstrate the use of 

global (enterprise-wide) post-hoc explanatory methods by applying feature importance methods and 

partial dependence plots to study nonlinear interactions between employee turnover and its predictors. 

Yakusheva et al. (2022) also use partial dependence plots to reveal an unexpected U-shaped relationship 

between higher staffing levels and the number of readmissions. Erel et al. (2021) provide an example of 

how to gain insights into opaque models of complex algorithms by quantifying the contribution of each 

predictor for director performance and turnover. Additionally, they demonstrate the existence of 

nonlinear and heterogenous relationships by breaking down the effects of predictors, using local post-

hoc explanatory methods. In the HR literature, Chowdhury et al. (2022) use a local (employee-specific) 

post-hoc explanatory method for employee turnover prediction, called “local agnostic model 

explanations” (LIME).  

Knowledge gap 

These examples show that post-hoc explanatory methods can be applied to complex ML models, 

improving our understanding of employee turnover causes. However, the proposed frameworks do not 

specify under what circumstances these methods should be used. One reason for this is the lack of a 

connection with the trade-off between predictive performance and transparency, which is not found in 

studies using artificially simulated datasets (Choudhury et al. 2021; Chowdhury et al. 2022). Instead, 

Choudhury et al. note that complex ML models (e.g., neural networks, random forests) offer only ‘small 

performance increases over the baseline logistic regression’ and explain this marginal performance gain 

as ‘meaningful interactions and nonlinearities among variables are only relevant for a small subset of 

the data’ (Choudhury et al. 2021, p. 48). Likewise, but independently, Chowdhury et al. come to a similar 

conclusion, as they find ‘no significant differences’ in predictive performance between transparent and 

more complex algorithms (Chowdhury et al. 2022, p. 13). This warrants further investigation of the 

trade-off between predictive performance and transparency in practical, real-world HR datasets. The 

findings could serve as a basis for understanding the justified use of more complex, opaque ML 

algorithms and subsequent post-hoc explanatory methods. 
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Methodology 

In turnover prediction, inductive research methods help analyse actual turnover in longitudinal data 

available through HR information systems (HRIS) (King 2016; Rombaut and Guerry 2018, 2021), also 

known as ‘attrition modeling’ (Speer 2021). Building on these frameworks, we introduce a complete 

process for ML model development with addressing ML opacity depending on prediction task 

complexity. The post-hoc explanatory methods approximate a complex ML model and extract various 

explanations that provide the transparency needed to question the logic behind predictions. Figure 7 

presents a schematic overview of an inductive research framework. 

 

Figure 7: Inductive research process using machine learning with an out-of-sample test 

Data preparation 

We adapt Rombaut and Guerry’s inductive approach to predict actual voluntary employee turnover, 

using data from HRIS, and extend it by using complex ML algorithms and external predictors (Rombaut 

and Guerry 2018). The direct effect (black arrow) is examined by bridging several implicit established 

constructs, such as organisational commitment and payment satisfaction, thus taking a complementary 

approach to survey-based methods (see Figure 8). 
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Figure 8: Acquired longitudinal data for historical voluntary turnover. The direct impact (black) is investigated 

in this study 

The inductive ML methodology is based on a uniquely collected dataset of 680,000 data points from a 

German federal agency. Each row represents an employee in combination with a specific month and 

contains a dichotomous variable about whether they left the company in the six months following the 

observed month. This time horizon was chosen based on practical response time requirements for 

countermeasures; it is also consistent with other research (Speer 2021, p. 8). We used a data protection-

approved process that builds on existing data agreements and anonymisation procedures during data 

collection.  

The final dataset had 27 predictors (see Figure 8), most of which (19) originated from internal HR 

databases and are available for all 20,000 employees over 36 months. In addition, data on global 

employee satisfaction and external data were integrated into the dataset. Table 2 provides a basic 

descriptive statistical overview of the relevant variables. Please note that the low voluntary turnover rate 

(below 1%) is not unusual in the public sector (e.g., Grissom et al. 2016, p. 243), thereby making 

prediction particularly difficult (Kuhn 2019).  
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Table 2: Descriptive statistical overview of available variables in the acquired dataset 

Algorithm selection  

Table 3 summarises the selected algorithms chosen from common options used for employee turnover 

prediction (Chowdhury et al. 2022) or other inductive research (Putka et al. 2018). The advantage 

(transparency vs. performance) is drawn from the computer science literature, which order algorithms 

according to their comprehensible representational capabilities (Arrieta et al. 2020, p. 90).  

 

Table 3: Selected ML algorithms with their primary advantage according to the transparency vs. performance 

trade-off 

  

Nominal Variables N (679463)   Continuous Variables Mean Std. Dev. 
A1_Gender    A2_Age 49.09 9.13 

... woman 71,0%   A3_Number_of_children 1.13 0.94 

... men 25.7%   A5_Age_youngest_children 20.46 10.09 

…unknown 3.3%   B1_Commute_distance_in_km 15.28 17.62 

    B3_Early_retirement_rate 6.08 17.12 

A4_Children_under_18_years    B4_Sickness_days 2.07 4.73 

... 0 72.6%   B5_Degree_of_employment 90.75 14.00 

... 1 27.4%   B6_Gross_working_days 20.06 2.40 

    B7_Vacation_days 2.33 3.55 

A6_Education_level    B8_Net_working_days 15.34 5.78 

... lower degree university 49.5%   B9_Salary_increase_last_year 0.16 0.22 

... vocational training 46.7%   B10_Tenure_in_month 272.17 127.18 

... higher graduation university 3.8%   B11_Salary_today_EUR 4068.64 889.97 

    B12_Salary_increase_last_5_years 0.27 0.26 

B2_Public_service_status_GER    B13_Parental_leave 0.06 1.11 

... No 78,0%   C1_Overall_employee_satisfaction 3.36 0.63 

... Yes 22,0%   C2_Employee_satisfaction_moving_average 3.50 0.32 

  

 
D1_Monthly_unemployment_rate_Germany 5.36 0.48 

Voluntary turnover  
 

D2_Monthly_number_of_vacancies_Germany 721.10 94.60 

... No_Turnover 99.2% 
 

D3_Monthly_short_time_workers_Germany 1134.91 1659.11 

... Turnover 0.8% 
 

E1_Monthly_Covid_strigency_index_Germany 19.67 29.15 

  
 

E2_Monthly_New_Covid_Cases_Germany 69835 181549 

  
 

E3_Monthly_Covid_Google_trends_Germany 74.70 116.21 

 

Algorithm   R base function/package Advantage 

Generalised Linear Model glm Transparency 

Elastic Net Regression glmnet Transparency 

Classification Tree rpart2 Transparency 

Naïve Bayes naivebayes Transparency 

Random Forest ranger Performance 

Extreme Gradient Boosting  xgbDart Performance 

Generalised Boosted Machine gbm Performance 

Feed Forward Neural Network nnet Performance 
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Fitting models on training data 

We use three-way partitioning by initially training several algorithms and their hyperparameters to 

optimise Cohen’s Kappa κ on training and validation data (cross-validation on first 24 months between 

January 2018 and June 2020). Cohen’s Kappa 𝜅 is a performance indicator that expresses the chance-

adjusted proportion of correctly predicted outcomes (Cohen 1960). It varies between zero and one, 

providing an interpretation similar to the traditional R-squared regression (Yakusheva et al. 2022, 

p. 315). By optimising Cohen's Kappa κ instead of other common evaluation methods (e.g., Accuracy, 

Receiver Operating Characteristic = ROC), we are able to achieve higher predictive performance across 

all algorithms when tuning hyperparameters, as it is better suited to address the challenge of an 

imbalanced dataset (Kuhn 2019). 

Evaluate model performance on test data 

Evaluating the predictive performance of an ML model is critical to ensure the model's suitability for 

providing valuable insights. We test the predictive performance of each algorithm with out-of-sample 

test data (last six months between July 2020 and December 2020). 

Results 

The predictive performance measure results are reported in Table 4. 

 

Table 4: Predictive Performance measures of all used algorithms on test data 

We further compare the ML models with the highest predictive performance overall with the most 

successful algorithm (random forest), with the advantage of transparency (classification tree). The 

confusion matrices in Table 5 show the amount of cases on test data divided into positive and negative 

cases as well as correct and incorrect predictions.  

Algorithm Advantage κ ROC Precision Recall 

Random Forest* Performance  0.26*  0.87 0.18 0.54 

Extreme Gradient Boosting Performance 0.24  0.85  0.18 0.36 

Generalised Boosted Machine Performance 0.22 0.87 0.18 0.34 

Classification Tree Transparency 0.18  0.68 0.23 0.15 

Feed Forwards Neural Network Performance 0.16  0.68 0.17 0.16 

Generalised Linear Model Transparency 0.12  0.77 0.23 0.09 

Elastic Net Regression  Transparency 0.12 0.76 0.20 0.09 

Naïve Bayes Transparency 0.07 0.59 0.05 0.23 
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Table 5: Confusion matrices on test data of random forest (highest predictive performance overall) and 

classification tree (most successful alternative algorithm with advantage transparency) 

The random forest model successfully identifies 598 (=52%) employee turnover cases. Overall, it 

provides a fair improvement over random guesses (κ = 0.26), according to common κ interpretation 

(Landis and Koch 1977). Measured by the recall (the ratio of true-positive cases to all positive cases) of 

0.54, the model solves over half of the prediction task while providing sufficient precision (the ratio of 

true-positive cases to all positive predictions) of 0.18. Thus, given the challenge of highly imbalanced 

classes, due to the rarity of employee turnover cases, the difficult task of prediction is solved adequately, 

with an acceptable number of false-positive predictions. 

The classification tree model successfully identifies 171 (=15%) cases and provides a slight 

improvement over random guesses (κ = 0.18). The model successfully identifies 427 fewer cases of 

employee turnover than the random forest model. While the precision of 0.23 is slightly higher, the recall 

of 0.15 is significantly lower than the random forest. Hence, the majority of turnover cases are not 

detected, suggesting that the classification tree cannot predict diverse causes of employee turnover 

(Russell and Sell 2012, p. 126). The same applies to the other transparent ML models with even lower 

overall performance (κ < 0,12). The low predictive performance of the two linear models (Generalised 

Linear Model, Elastic Net Regression) indicates that linear assumptions might only be valid up to a 

certain extent.  

 

Figure 9: Predictive performance vs. transparency trade-off on test data (confidence interval 0.95) 

Two findings emerge from these results. First, while all ML models can detect instances of employee 

turnover better than chance (κ > 0), they differ significantly in their predictive performance. Second, a 

trade-off between predictive performance and transparency is revealed, with more transparent 
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algorithms achieving lower predictive performance (see Figure 9). The only exception – classification 

trees achieve higher performance than feed forward neural networks – is due to tree-based methods 

tending to outperform neural networks for tabular data (Shwartz-Ziv and Armon 2022). Consequently, 

XAI’s transparency-by-design approach is not sufficient for identifying various nonlinear or 

heterogenous causes for employee turnover as the ML model cannot predict most turnover cases.  

Applying post-hoc explanatory methods to complex ML models  

Thus, we apply three popular post-hoc explanatory methods as the remaining options to gain insights 

from the random forest model. The choice of method from among numerous alternatives is beyond the 

scope of this study, so we refer the reader to the technical literature (e.g. Molnar 2022). All three methods 

are implemented with the R package "IML" (Interpretable ML) (Molnar et al. 2018).  

Global Feature Importance 

Global feature importance is extracted using the random permutation strategy, which determines the 

factor by which the model’s classification error increases when feature values are randomly shuffled, 

thereby breaking the relationship between the feature and the true outcome (Molnar 2022). 

 

Figure 10: Permutated feature importance for the top 20 predictors (relative change in performance, confidence 

interval 0.95) 

Figure 10 reveals that several demographic and work-specific predictors have the highest feature 

importance. B1_commute_distance and B4_sickness_days are among the top three features, consistent 

with other studies using data from the HRIS and finding them significant (Rombaut and Guerry 2021). 

External features generally have low feature importance but still contribute to predictive power. 

However, when comparing feature importance with other studies, it is important to note that results may 

vary depending on the features included in the dataset, the organisational context and changes over time 

(e.g., before and after Covid-19). A limitation of this high-level global feature importance method is that 

it is not suitable for examining whether the feature increases or decreases turnover risk. 

Accumulated Local Effects 
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ALE describes how a single predictor influences prediction (strength, positive/negative contribution) on 

average, considering all employees in that local interval (Apley and Zhu 2020). Compared to alternative 

visualisation techniques on a global level (e.g. partial dependence plots), ALE is preferred when 

predictors correlate (Apley and Zhu 2020; Molnar 2022). Figure 11 highlights the ALE plots for the top 

12 predictors, sorted by descending importance.  

 

Figure 11: Accumulated local effect plots for the top 12 predictors according to permutated feature importance. 

Grey = all employees, blue = men, red = women. 

The ALE representation helps compare results with existing empirical evidence. Consistent with 

research, we first find a higher turnover probability for employees with a higher commuting distance 

(Rombaut and Guerry 2021), but there seems to be a threshold around 15 kilometres – after which 

turnover probability no longer increases but slowly decreases. Second, we find that high – especially 

complete – absenteeism is an early indicator of turnover, as reflected in the sickness days and net working 

days ALE plots (Rubenstein et al. 2018, p. 42).  

Additionally, we find that turnover decreases for men in line with age; interestingly, turnover among 

women increases. Since women form the majority in the considered organisation, this also determines 

the direction for all employees. This chart clearly shows heterogeneity between subgroups. One HR 

manager cited extensive measures to retain young mothers as a particular reason for this phenomenon. 

Also interesting is that there is no negative correlation between length of service and turnover, which is 

widespread in the literature, indicating organisational particularity. Instead, we see a U-shaped turnover 

probability in relation to tenure. Overall, the age and tenure results support the finding that these 

relationships are not as clear-cut in practice as is often assumed (Gray and Phillips 1994, p. 825). 
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Altogether, the ALE results are mostly in line with current findings; however, they also reveal 

organisational particularities, nonlinear relationships and interactions between predictors. However, one 

criticism of ALE is that it can lead to unstable and inaccurate predictions due to collinearity between 

predictors in intervals where instances are rare (Molnar 2022).  

Local Feature Effects 

Finally, we apply SHapley Additive exPlanations (SHAP), a local post-hoc explanatory method 

computing the effect of each predictor at the employee-specific level (Lundberg and Lee 2017). SHAP's 

local approach is similar to its popular alternative LIME, in that it divides the complex ML model into 

several mathematical vicinities (Chowdhury et al. 2022). What distinguishes SHAP explanations from 

LIME and others is their additive nature due to the game-theoretic approach, which facilitates a simpler 

understanding. SHAP breaks down the probability of voluntary turnover for each employee into SHAP 

values that quantify increasing or decreasing effects. Ultimately, the sum of the SHAP values is the 

difference taken from the average predicted probability of turnover for all employees (Lundberg and 

Lee 2017; Erel et al. 2021). Figure 12 shows the relevant predictors with their values for two different 

employees, ordered by their additive explanatory contribution. 

 

Figure 12:  Top-10 SHAP values for two employees successfully predicted turnover candidates (true-positive) 

In Figure 12, a part-time employee (Degree of employment 27%, Gross working days 9) did not attend 

work in the last month for unknown reasons (Net working days 0). Together with the existing early 

retirement rate (50%) and salary-related predictors, this indicates a higher turnover risk. Interestingly, 

in this particular case, the Salary today in EUR (3,781) and Salary increase in the last 5 years (12%) 

increase turnover probability, which is not clear in the ALE plots (Figure 11). Moreover, the explanatory 

contribution of Tenure, Sickness days, Age and Education level is relevant in example two but not in 

example one.  

In summary, SHAP values at the individual (local) level for both examples are mostly consistent with 

ALE results. Nevertheless, a closer look at the local (employee-specific) compared to the global 

(company-wide) level offers more opportunities to challenge the results with existing evidence. The 

different selection of relevant predictors, as well as the contrary explanatory contribution, argues for 

interactions between predictors and different reasons for turnover in employee subgroups. Thus, our 
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results support the rationale for using ML and post-hoc methods to study employee turnover (Erel et al. 

2021, p. 3247). As discussed later, it should be noted that local post-hoc explanatory methods like SHAP 

are often criticised because their explanations might be unstable and can therefore provide 

(intentionally) misleading explanations (Ghassemi et al. 2021; Vale et al. 2022).  

Discussion 

The increasing complexity of ML-based inductive research methods and algorithmic HRM leads to 

challenges, most notably ML opacity. Consequently, stakeholders may not act optimally, based on the 

ML predictions and insights proposed by algorithms, or accept the results (Meijerink et al. 2021, 

p. 2550). Similarly, ML-based inductive research offers a useful methodology only if the ML models 

are sufficiently transparent to extract insights. 

Predictive performance vs. transparency trade-off 

Accordingly, we come back to RQ1. Our results empirically demonstrate a significant trade-off between 

predictive performance and transparency in real-world employee turnover prediction data that is not 

found in artificially simulated datasets used in similar studies (Choudhury et al. 2021; Chowdhury et al. 

2022). This suggests that artificially generated datasets may not holistically capture the sophistication 

of the various causes of employee turnover so that transparency-by-design approaches may be sufficient. 

Our results suggest that real-world HR prediction tasks like employee turnover prediction face a level 

of complexity that cannot be adequately solved by simpler transparency-by-design algorithms. The 

relationships between predictors and employee turnover elude linear relationships, making 

nonlinearities and heterogeneous interactions essential for accurately predicting the multifaceted causes 

of turnover (Putka et al. 2018, p. 721). Thus, the transparency-by-design approach may not be applicable 

in some real-world HR applications, leaving complex ML models. This supports recent theoretical 

research citing that opacity is a key characteristic and default of ML due to system-based opacity, caused 

by ML algorithm complexity and the scale required for meaningful application (Burrell 2016; Kellogg 

et al. 2020; Langer and König 2023).  

Extracting multifaceted relationships 

To understand the rationale behind complex ML model predictions, such as the random forest model, 

we propose three post-hoc explanatory methods that support the extraction of multifaceted insights on 

predictions. The three proposed XAI methods support translating the patterns used by opaque ML 

algorithms into human-understandable results. These patterns can also be multifaceted, such as 

nonlinearity and heterogeneous feature interactions. To accomplish this, all three proposed methods 

account for the extent to which predictors influence employee turnover prediction. However, each 

method takes a distinct mathematical approach and focuses on different aspects of information (e.g. 

local vs. global). ALE helps identify nonlinear and heterogeneous causes of turnover among employee 
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subgroups, including otherwise unnoticed insights; for example, in this empirical setting for turnover, 

(1) a U-shaped relationship with commuting distance (Figure 11), (2) interactions between the predictors 

age and gender (Figure 11), specifics of relevant predictors in diverse subgroups (Figure 12). SHAP 

highlights the specifics at the local level, allowing for the analysis of individuals. Such inductive 

findings can serve as the basis for theory development or complement deductive methods for deriving 

prescriptive and generalisable implications (Yuan et al. 2021, p. 3).  

Criticism of post-hoc explanations 

Finally, we discuss limitations of post-hoc explanations and their consequences for appropriate use. 

Other studies use post-hoc explanatory methods to demonstrate their capabilities for deeper 

investigation, although transparency-by-design approaches using linear logistic regression are sufficient 

(e.g., Choudhury et al. 2021; Chowdhury et al. 2022). In these cases, post-hoc explanatory methods 

(especially on local level) have been seriously criticised for high-stakes decision-making like HRM by 

technical experts, due to several risks resulting from the simplistic inaccuracies, and instead call for 

transparency-by-design approaches (Rudin 2019). Similarly, healthcare researchers refer to post-hoc 

explanations as a "false hope" because stakeholders may misinterpret the ML model’s capabilities, 

mainly due to possible explanation inaccuracy (Ghassemi et al. 2021, 745) resulting from approximating 

the ML model to the real-world as well as the post-hoc explanatory method to the ML model. Due to 

this heuristic nature, the rationale behind predictions must be carefully questioned (Cheng and Hackett 

2021). As a result of the resulting unreliability and superficial character of post-hoc explanation, 

Ghassemi et al. advise to not use post-hoc explanatory methods to access possible biases towards certain 

populations, to reassure for correct individual decisions, to increase trust or to justify acceptance of the 

ML model. They therefore call for using global explanatory methods only to understand how the ML 

model behaves at a global level and emphasise that they should be combined with rigorous prediction 

validation processes for different populations (Ghassemi et al. 2021, 745). Legal studies follow a similar 

line of reasoning, based on technical limitations such as results instability, stating that post-hoc 

explanatory methods cannot establish abstinence of discrimination caused by various biases embedded 

in ML models (Vale et al. 2022).  

Justification for post-hoc explanatory methods 

Concluding, in response to RQ2, post-hoc explanatory methods help examine the rationality of complex 

ML models to understand why they make incorrect predictions or reveal possible adverse impacts at the 

global level. However, given their limitations, they should be used with caution to justify individual-

level personnel decisions. Post-hoc explanations should not be used as the only truth when formulating 

and justifying decisions where the stakes are high, but they are a helpful addition. Together, we argue 

for a nuanced perspective on the justified use of post-hoc explanations methods in circumstances where 

the transparency-by-design approach fails and managers are aware of its limitations. In these cases, 
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despite the criticisms, post-hoc explanatory methods are the most feasible way to mitigate the trade-off 

between predictive performance and transparency. Furthermore, as they provide only an approximation 

of complex ML models, they may serve as a source of information but cannot be regarded as the 

definitive ground truth. Thus, the validity of ML predictions and post-hoc explanations must be critically 

questioned following existing evidence, theory and domain knowledge to ensure causality (Erel et al. 

2021, p. 3245). As an illustration, the plausibility of the relationships presented in the ALE plot (Figure 

11) is supported by employee turnover studies indicating similar results. Similarly, the consistency of 

patterns discovered in relation to expertise can be evaluated against other organisation-specific 

information, such as survey-based data and exit interviews. 

Implications for research 

We contribute to the ML in HRM literature in three ways. First, we empirically demonstrate the trade-

off between predictive performance and transparency in real-world data. In this context, our research 

documents that ML opacity may be unavoidable in some real-world HR prediction tasks, as the 

underlying algorithms must have considerable complexity to achieve adequate performance. Therefore, 

transparency-by-design approaches are not always applicable, as predictive performance does not 

sufficiently solve the prediction task. Second, we provide a nuanced perspective on the justified use of 

post-hoc explanatory methods, i.e. to mitigate the trade-off between predictive performance and 

transparency when it occurs in the HRM application – and transparency-by-design approaches are not 

sufficient. Third, we demonstrate the complementary use of local and global post-hoc explanatory 

methods to understand nonlinearities and heterogeneity in complex ML models.  

Together, these three contributions have a methodological implication and can serve as a guideline when 

applying the ML-based inductive research method. Based on the extent of the trade-off with different 

algorithms during the experimentation phase, researchers may decide to adopt a transparency-by-design 

approach if it is suitable to solve the prediction task adequately. Alternatively, the three proposed post-

hoc explanatory methods can help extract additional nonlinear and heterogenous insights. In contrast to 

existing studies that use a single post-hoc explanatory method (Choudhury et al. 2021, Chowdhury et 

al. 2022), we provide a broader picture of available technical solutions and demonstrate the joint use of 

local and global post-hoc methods in a complementary manner. However, for both methods, reliance on 

the human ability to make ethical and moral judgments, in order to critically question and rigorously 

validate the results of ML algorithms should be emphasised in both research and practice. To advance 

HRM knowledge, we therefore advocate a hybrid methodological approach, combining ML-based 

inductive, exploratory findings with validation by existing evidence and theories or by subsequent 

deductive, confirmatory studies. Accordingly, HRM research benefits from ML-based methods by (1) 

testing and refining theories and (2) expanding the explanatory range of theories (Leavitt et al. 2021). 

Additionally, we also make a secondary contribution to the HRM literature on employee turnover by 
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suggesting that examining nonlinearities and heterogeneity is important in fully capturing the intricacies 

of the various pathways resulting in turnover.  

Implications for practice 

For HRM practitioners, the well-known promises of objective and accurate ML-based decisions are only 

valid if models are not kept opaque. Instead, causality behind predictions must be verified through a 

hybrid human-ML development process before they can be used for individual decision-making (van 

den Broek et al. 2021). In this context, applying knowledge of the revealed trade-off between predictive 

performance and transparency guides a more informed algorithm selection in ML development. As 

technically-oriented functions such as data scientists may lack an understanding of opaque ML models’ 

impact on HRM applications (Charlwood and Guenole 2022, p. 2), we suggest that organisations invest 

in educating HR staff about the consequences of ML complexity. In evaluating the potential impact on 

individual employees, HR managers can then weigh the predictive power or transparency of ML models 

on a continuum. 

Educating HR decision-makers about the capabilities and limitations of post-hoc explanatory methods 

is also advisable; otherwise, they may not be able to ‘use their tacit experience and social intelligence 

(based on intuitive thinking) to determine the accuracy of the model’ when using complex ML models 

(Chowdhury et al. 2022, p. 20). Properly applied complex ML algorithms combined with post-hoc 

explanatory methods can mitigate the trade-off between predictive performance and transparency. This 

contributes to realise ML’s potential to study and predict voluntary employee turnover and understand 

its multifaceted causes. The ALE plots’ global explanations identify possible organisation-wide 

improvements or new retention strategies targeting influencing predictors, e.g. we find that commuting 

distance is an important turnover determinant, implying that a higher home-office ratio might be an 

effective countermeasure. ML predictions can be used in conjunction with nonlinear insights from ALE 

or individual-level explanations from SHAP to identify heterogeneous retention strategies for 

departments and demographic subgroups, or to personalise for employees, which would not be possible 

with linear models (Chowdhury et al. 2022, p. 15).  

Ultimately, and particularly for public sector organisations, post-hoc explanatory methods might be a 

door-opener for ML-based methods. Public organisations must be highly transparent in their decision-

making due to their high societal responsibility. Consequently, many public organisations have not yet 

started integrating ML-based solutions into their operations, one central reason for which is legal 

uncertainty related to the lack of transparency of such approaches. This was also one main reason for 

the examined federal agency in testing post-hoc explanatory methods and might be of similar interest 

for many other public sector executives seeking solutions in integrating reliable and trustworthy 

algorithmic HRM in their day-to-day business (Chowdhury et al. 2022, p. 24). 
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Limitations and directions for future research  

Our first limitation is that inductive HRIS-oriented research does not provide deep insights in the same 

way that studies based on surveys do. Thus, pure data from HRIS and an inductive perspective should 

be used to complement existing theory-oriented research methods, e.g. for characterising risk groups or 

sub-organisational specifics (Rombaut and Guerry 2018, p. 97). In future research, the framework 

presented herein with post-hoc explanatory methods can be applied not only to data available in HRIS, 

but also to psychological studies’ survey-based data. Thus, the inductive research method can serve as 

a complementary framework to study multifaceted relationships between multiple predictors. Unlike 

deductive research, comprehensive theory is not required to specify relationships in advance, thereby 

helping identify nonlinear and heterogenous relationships also for psychological constructs that 

predictors in studies based on linear models might miss (Putka et al. 2018, p. 690). Accordingly, we 

endorse the management literature (Leavitt et al. 2021; Valizade et al. 2024) by recommending ML as a 

powerful tool for quantitative research. Our results herein support the prioritisation of algorithms in 

terms of "transparency-by-design" or more complex algorithms in coordination with post-hoc 

explanatory methods. 

Second, it is important to note that advantages and disadvantages of the three applied post-hoc 

explanatory methods may not be generalisable to options beyond the scope of this work. Further, HRM 

research should be aware of the rapid development of ML algorithms and XAI, as computer scientists 

attempt to resolve the trade-off by developing new transparency-by-design algorithms to increase their 

predictive performance, as well as new post-hoc explanatory methods (e.g., Arrieta et al. 2020). 

Third, we focus on one federal agency in an in-depth examination, which means we forfeit some 

generalisability (Yin 2013, p. 325). We encourage future research to investigate implications of the 

trade-off in diverse other (multi-)national settings and in other ML-based prediction tasks in HR besides 

employee turnover prediction, such as employee selection, training and management. 

Conclusion 

This study discloses the trade-off between predictive performance and transparency in ML empirically 

demonstrated in a real-world HRM application, meaning that complex – and therefore opaque – 

algorithms have significantly better predictive performance. For sophisticated prediction tasks such as 

employee turnover, the underlying algorithms must have considerable complexity and therefore cannot 

be adequately solved by simpler transparency-by-design ML algorithms. However, by applying three 

post-hoc explanatory methods to successful but opaque ML models, insights are gained that include 

nonlinear and heterogeneous causes of employee turnover. We argue that post-hoc explanatory methods 

help mitigate the trade-off if they are used properly according to their limitations and are not blindly 

trusted, which is why we emphasise a nuanced perspective to their justified use. We hope that this paper 
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motivates further research regarding ML transparency as a necessity to pave the way for an ethically 

and a legally compliant ML-augmented decision-making process that benefits the organisation and – 

most importantly – all employees.  
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2.2 Study 2 | Towards fair Human Resource Analytics: Introducing a 
sociotechnical framework 

 

 

 

Abstract  

ML algorithms have the potential to revolutionise human resource management (HRM) by providing 

unprecedented opportunities for data-driven decision-making, but they also pose challenges such as 

algorithmic fairness (AF). Several automated bias mitigation approaches have been proposed to achieve 

AF by reducing the amplification and prevalence of discrimination through statistical measure 

optimisation. However, the social sciences emphasise that automated approaches lack the necessary 

background and context to reflect the human values relevant to HR Analytics. Building on sociotechnical 

systems theory, and applying a design science methodology, we introduce a framework for AF 

assessment that emphasises the procedural intertwining of partial automation and human augmentation. 

Our findings contribute to understanding how a socio-technical system design bridges the gap between 

the disciplines of IS and HRM. The proposed framework guides interdisciplinary research on non-

discriminatory findings and provides guidelines for practitioners to address the challenges of AF in HR 

Analytics. 
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Introduction 

With the proliferation of ML over the last decade, algorithms have emerged as a powerful tool in HR, 

offering unprecedented opportunities through the application of business analytics for data-driven 

decision-making and insight generation. This study examines AF assessment in HR Analytics, which is 

defined as a “practice enabled by information technology that uses descriptive, visual, and statistical 

analyses of data related to HR processes, human capital, organisational performance, and external 

economic benchmarks to establish business impact and enable data-driven decision-making” (Marler 

and Boudreau 2017, p. 15). In short, HR Analytics is the application of business analytics in HR to 

improve decisions and/or automate HRM activities, resulting in increased efficiency and effectiveness 

(Meijerink et al. 2021). Contrary to its great potential, the application of HR Analytics in high-stakes 

decision-making, which can significantly impact individuals' lives and careers, has raised concerns, 

particularly because ML models can incorporate non-traceable and unfair biases (Cheng and Hackett 

2021). Practical examples have shown that ML-based HR Analytics systems can inadvertently lead to 

bias against protected demographic groups or minorities. For example, Amazon stopped developing an 

ML-based recruitment system because it discriminated against women (Meyer 2018). In addition, 

Facebook's ad-targeting algorithms disadvantaged women in job postings because they were less likely 

to see ads from companies hiring predominantly male employees (Teodorescu et al. 2021). In the 

background, decision-makers unfamiliar with the capabilities of algorithms may be deceived or misled 

into making incorrect decisions, or they might even use the algorithms as an excuse to make 

discriminatory decisions (O'Neil 2016). This "dark side" of analytics is a growing concern that generates 

several emerging research questions (Mikalef et al. 2022), e.g., What processes need to be established 

to minimise bias in ML applications? 

The HRM literature has already recognised that bias is not inevitable, and the discipline has moved 

towards applying available tools and approaches (Charlwood and Guenole 2022) provided by IS 

research to address possible unfairness (for a review see for example Mehrabi et al. 2019). In this 

context, two distinct research strands regarding AF assessment have emerged, focusing either on 

enhancing human-centred augmentation and ML explainability (e.g., Arrieta et al. 2020; Chowdhury et 

al. 2022) or statistical fairness measure optimisation (e.g., Speer 2021; Rottman et al. 2023). The 

literature on ML explainability generally proposes an augmentation approach in which fairness can be 

ensured by better tracing how and why an ML model makes predictions (human-in-the-loop). In 

contrast, the literature on AF defines (partial-) automated fairness measure optimisation approaches with 

the goal to quantitatively reduce differences between protected groups such as gender, nationality or 

age. Unfortunately, both approaches have largely remained separate and thus overlooked the critical 

interplay between automated bias mitigation approaches and explainability-enabled human-
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augmentation in AF assessment. Motivated by this gap, this study aims to investigate how the two 

separate approaches can interactively mitigate discriminatory biases to promote AF in HR Analytics.  

To fulfil this research goal, it is necessary to optimise a holistic decision-making system that includes 

mutual interactions between people, organisational structures and technology to find solutions to 

potential unfairness in HR Analytics. This is why current IS research stresses the application of 

sociotechnical system theory as a holistic perspective (Dolata et al. 2022; Kordzadeh and Ghasemaghaei 

2022). In this study, a socio-technical framework (dimensions: interface, subprocesses and 

interconnections of processes) is proposed that combines state-of-the-art automated bias mitigation 

approaches with human augmentation through an interface relying on improved ML explainability 

through XAI methods. We empirically demonstrate the utility of this framework in a complex, real-

world AF assessment scenario by identifying nonlinear predictor effects among multiple protected 

groups from ML models, in order to predict employee turnover in a public-sector organisation. We 

contribute to the literature by answering research questions from the interdisciplinary research streams 

and by bridging a gap between them in three ways. First, we respond to the call for design science 

research to innovatively design, construct, analyse and evaluate artefacts that enable algorithmic system 

developers to implement domain-specific dependencies through design approaches (Holstein et al. 2019; 

Kordzadeh and Ghasemaghaei 2022). Second, we directly respond to Rottman et al. call for advances 

in the field of XAI to be applied in combination with modern automated bias mitigation approaches 

(Rottman et al. 2023). Third, we contribute to the open research questions on how to establish adequate 

control mechanisms and processes in joint human-algorithm decision-making, as well as stakeholder 

involvement in AF assessments (Dolata et al. 2022) 

In the following section 2, we review the relevant literature on AF from different perspectives, starting 

with the technical perspective, moving to the social perspective and then examining how a 

sociotechnical systems perspective can overcome mutual limitations. In Section 3, we briefly describe 

the design research method, followed by a detailed description of the proposed framework (Figure 14). 

Section 4 demonstrates the utility of the framework in a field setting. Section 5 provides a discussion as 

well as implications for research and practice. Finally, section 6 concludes the paper.  

Literature review 

Common understanding of Algorithmic Fairness (AF) 

In order to study AF from an interdisciplinary perspective, we first have to develop a common 

understanding thereof among different research fields. A popular definition of AF is “the absence of any 

prejudice or favouritism towards an individual or a group based on their inherent or acquired 

characteristics” (Mehrabi et al. 2019, p. 1). Related to this notion, the literature refers to adverse impacts 

as differences between majority and minority groups in employment-related opportunities, e.g., hiring, 
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promotion and termination, distributed through the use of algorithms (Charlwood and Guenole 2022). 

Adverse impacts occur when seemingly neutral models have discriminatory effects on protected group 

variables such as race, gender, religion, sexual orientation, ethnicity and others. Even if models do not 

explicitly include protected group information as a predictor, they can still unintentionally result in 

adverse impacts. Predictors used in employee turnover prediction models can include demographic data 

such as a zip code, which correlates with ethnicity (Castille and Castille 2019; Speer 2021).  

To achieve AF, non-discrimination is a fundamental requirement relevant to several regulations. The 

European General Data Protection Regulation states that in a minimal interpretation algorithms do not 

explicitly include sensitive data or protected class variables; otherwise, the model is referred to as 

‘disparate treatment’ and thus can be subject to legal scrutiny. The maximum interpretation states that 

no predictors can be included that correlate with the above protected class variables and may thus lead 

to an adverse impact (Goodman and Flaxman 2017). Likewise, HR Analytics on an individual employee 

level may be subject to civil rights laws in the United States, which protect individuals from 

discrimination based on protected class variables (Castille and Castille 2019). According to the Civil 

Rights Act, adverse impact ratios are calculated with the goal of evaluating whether unjustifiable biases 

in the ML model lead to different selection ratios in terms of positively classified candidates: the adverse 

impact ratio must not violate the "4/5 rule," i.e., when the selection rate of a group is less than 80% of 

the group with the highest selection rate (Civil Rights Act 1964). However, only when these differences 

cannot be justified or explained by real-world differences is it considered illegal discrimination (Mehrabi 

et al. 2019). For example, adverse impacts based on job-related predictors are not unlawful under the 

U.S. courts' interpretation, as long as predictive accuracy is similar for all groups and no alternative 

predictor with comparable effectiveness and fewer adverse impacts is available (Charlwood and 

Guenole 2022). 

Technical approaches to AF 

The IS literature proposes several approaches to automatically eliminate most (up to a certain threshold) 

or all adverse impacts between protected classes, based on a single statistical fairness metric. Technical 

approaches to AF thus aim to “detect, quantify, and subsequently mitigate disparate harm (or benefits) 

across subgroups affected by automated decision-making” (Dolata et al. 2022). They are usually 

benchmarked on their capabilities to optimise the trade-off between statistical fairness measures and 

predictive accuracy, also known as the “diversity-validity dilemma” (Rottman et al. 2023). A detailed 

review of these technical approaches is beyond the scope of this paper, so we refer the reader instead to 

Mehrabi et al. (2019). More recently, HRM researchers have recognised that achieving AF is becoming 

increasingly complex, as it is difficult to distinguish meaningful patterns from unwarranted patterns 

related to adverse impacts, as the amount of data increases and the underlying ML models become more 

sophisticated. Therefore, the various options developed in IS research are a valuable addition to existing 
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approaches from the social science perspective (e.g., Rottman et al. 2023). These automated bias 

mitigation approaches can be separated into three categories (Mehrabi et al. 2019):  

• Pre-processing approaches, which transform input data for training the model.  

• In-processing approaches, which change modern ML algorithms to remove bias during model 

training, either by incorporating changes into the objective function or imposing a constraint.  

• Post-processing, which is performed after training by accessing a holdout (not used for training) 

dataset.  

Furthermore, technical approaches can be divided into ‘group-agnostic’, by applying an identical logic 

to all groups equally, and ‘group-specific’, applying different sets of logic to different groups. Rottman 

et al. argue that the field of ML may not know that while group-specific approaches can reduce adverse 

impacts while maintaining validity, these strategies explicitly treat each group differently (Rottman et 

al. 2023). Moreover, since group-specific outcomes depend on group membership, and groups are not 

subject to the same standards, group-specific approaches represent unequal treatment when used in HR 

Analytics (Civil Rights Act of 1964). This paper follows this line of reasoning and therefore includes 

only group-agnostic automated bias mitigation approaches. 

Limitations of the technical approaches to AF 

The primary constraint in the technical approaches to AF is the notion of fairness, which is reduced to a 

single mathematical expression (differences between protected groups, differences compared to 

similarities between individuals, etc.) based on the assumption that information about the biases to be 

addressed is known a priori (Dolata et al. 2022). As a result, in the IS literature, the terms ‘adverse 

impact’ and ‘bias’ are often used interchangeably. Conversely, in the social science literature, the term 

‘bias’ is only used when the adverse impact is not justified by real-world phenomena (Charlwood and 

Guenole 2022). If it is not always desirable to eliminate all adverse impacts, then the optimisation 

approach of the validity-diversity dilemma loses its legitimacy. At worst, correcting so-called 

‘explainable’ adverse impacts that are not based on bias against protected groups but are justified by real 

phenomena might result in "reverse discrimination" (Mehrabi et al. 2019). However, even if adverse 

impacts do not shift toward reverse discrimination, model validity is affected by removing group 

differences caused by explainable differences (Charlwood and Guenole 2022). Incorporating this basic 

distinction into automated bias mitigation approaches is particularly challenging. 

Another aspect where human augmentation is indispensable is the selection – from several options – of 

suitable fairness measures, i.e., various quantitative approaches to establishing a concept of fairness, 

such as the popular alternatives of demographic parity, equality of opportunity and equality of 

opportunity (Mehrabi et al. 2019). This is necessary because multiple statistical fairness measures or 

adverse impact constraints are inherently incompatible, and combinations of fairness measures are even 

mathematically impossible according to the impossibility theorem (Teodorescu et al. 2021). Therefore, 

depending on the HRM data generating processes and context, domain experts must decide which 
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fairness definitions should take precedence. Finally, Speer notes that it is often non-trivial to determine 

which outcome of an ML model leads to a disadvantage. For example, in a classification model that 

predicts employee turnover, either the positive or the negative prediction might be favourably affected 

(Speer 2021). If the company intends to take retention measures (e.g., a pay raise) for those employees 

with higher turnover probabilities in the positive class, they will be supported. If the company seeks to 

promote those who are less likely to leave the company, employees with lower turnover probabilities in 

the negative class will be favoured. In HR Analytics, HRM professionals deem that this decision be 

neither automated nor delegated to technical staff developing an ML model (Speer 2021). 

In summary, automated bias mitigation has limitations in terms of (1) the distinction between justified 

explainable group differences and discriminatory bias, (2) selecting and prioritising appropriate fairness 

measures from multiple incompatible alternatives and (3) deciding which protected group is expected 

to experience negative consequences. Due to these limitations, it is clear that AF assessments cannot be 

fully automated due to the social, behavioural and organisational aspects of AF that are of great 

importance for decision-making in HR Analytics (Kordzadeh and Ghasemaghaei 2022). 

Sociotechnical approaches to AF 

Despite the above limitations, technical automated AF approaches may be essential to mitigate bias as 

the amount of data and complexity of algorithms increase and humans alone may be unaware of the 

myriad ways in which algorithms can be unfair (Teodorescu et al. 2021). In social science research, 

sophisticated automated bias mitigation is increasingly recognised as opening up new and innovative 

ways to address the dilemma between diversity and validity (Rottman et al. 2023). Ultimately, a purely 

social approach may be inappropriate if it does not consider how the proposed social solutions can be 

operationalised, given the multiple technical options and algorithms available (Dolata et al. 2022). For 

this reason, we follow current IS research (Dolata et al. 2022; Kordzadeh and Ghasemaghaei 2022) that 

theorises AF as a sociotechnical construct. According to the sociotechnical system theory, AF depends 

on the mutual influence between technical and social structures, as well as between instrumental and 

humanist values, to achieve a state of coherence (Sarker et al. 2019). This state of coherence optimises 

the AF of overall system outputs rather than the adaptation of the structure or internal processes of a 

single component – as traditional IS research seeks to do for the technical component. This is an 

important point because only a sociotechnical approach recognises the individuals directly affected by 

decisions, including their overarching consequences on the state of the overall system, when feedback 

loops cause varying notions of AF and their appropriate operationalisation (Kordzadeh and 

Ghasemaghaei 2022). 

A sociotechnical system for AF can be divided into two subtasks: (1) predicting the likelihood of certain 

outcomes (predictive accuracy, adverse impact ratios, etc.) based on relationships modelled from data 

and (2) judgement of trade-offs in situations that cannot be operationalised with a measurable fairness 
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metric (Teodorescu et al. 2021). ML outperforms humans in predictive tasks, especially in scenarios 

characterised by high complexity, due to their ability to analyse large datasets efficiently. Conversely, 

humans outperform ML in terms of exercising judgment by understanding the implications of different 

predictive outcomes in a broader context (Agrawal et al. 2018). This means that in a sociotechnical 

approach to AF, algorithms and humans should take on different tasks (Raisch and Krakowski 2021). 

Eventually, in a sociotechnical methodology, humans and ML need to complement each other by relying 

on their strengths and overcoming each other’s weaknesses – as displayed in the typology of how 

human-augmented approaches to AF (Figure 13) can be realised (Teodorescu et al. 2021, p. 1489). 

 
Figure 13: Typology of human-augmented AF assessment, adapted from Teodorescu et al. 2021 

ML explainability enables sociotechnical approaches to AF  

The literature on HR Analytics emphasises that ML explainability is a basic prerequisite for AF, since 

opacity impairs the ability to check predictions against the HRM professional’s intuition (Chowdhury 

et al. 2022), existing evidence (Charlwood and Guenole 2022; Meijerink et al. 2021), critical thinking 

about the logical background of predictions, causal inferences and subgroup differences (Putka et al. 

2018). Thereby, ML opacity impedes this co-evolutionary hybrid human-ML augmented learning 

process that eventually leads to a highly accurate, fair and unbiased ML model (Raisch and Krakowski 

2021). Likewise, the technical literature on ML argues that explainability is closely linked to fairness 

(Zhou et al. 2022), since it is essential to identify possible predictors leading to unfair bias (Lee 2018).  
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This is why the IS literature has developed numerous options to achieve higher ML explainability while 

(largely) preserving the model’s validity and accuracy (Arrieta et al. 2020). Likewise, the IS literature 

aims to understand how these XAI methods can be embedded and enhance AF. Dodge et al. (2019) 

explore why the need for enabling human augmentation in AF assessment requires different styles of 

explanation (e.g., local vs. global). They find that global explanations can be used to enable humans to 

assess biases in the model in general, and that local explanations can be used to examine individual AF. 

These findings underline the narrative of the need for a sociotechnical approach to AF. Binns et al. 

(2018) found that the case-based explanation style (i.e., providing examples to justify decisions) had the 

most significant impact on perceived justice associated with an algorithmic decision, whereas Dodge et 

al. (2019) reported that sensitivity-based explanations (i.e., amount of change in a variable needed for 

the decision to change accordingly) were more effective than case-based explanations at making biases 

transparent. Haque et al. (2023) suggested using easy-to-understand XAI explanations and visualisations 

in HRM such as predictor effects. In addition to the design of transparent ML models through XAI, an 

interface is needed for augmentation with humans in the loop during evaluations when adverse impacts 

can be justified (Zhou et al. 2022). Simply put, an interface needs to be able to connect ML models’ 

predictions and human judgement in such a way that humans have the competencies and cognitive 

abilities necessary to understand the content (Bader and Kaiser 2019). 

To summarise, while social and technical research streams agree on the importance of explaining ML 

and the appropriate design of interfaces for socio-technical approaches to AF, there is still little evidence 

on the selection of XAI methods and their combination with automated technical approaches to AF. 

Knowledge gap 

While research has addressed the relationship between the social and technical perspectives on AF, they 

rarely go beyond identifying problems in each area, so a holistic and comprehensive framework based 

on sociotechnical theory remains absent (Dolata et al. 2022). For instance, research on the human-in-

the-loop claims that introducing human control or a last word will lead (to a certain extent) to AF, but a 

sociotechnical perspective reveals that this idea of a righteous and critical person independent from an 

algorithms is problematic (Dolata et al. 2022). Instead, an algorithm empowers and constrains humans 

through the specific information provided. It is therefore important to understand how various 

information, such as prediction itself, fairness measures and explanations provided by XAI (such as 

predictor effects), can be simultaneously integrated into human assessment to achieve AF. Here, the 

proposed related frameworks remain highly normative in terms of how automated information 

generation design and augmented assessment processes need to be interlinked (e.g., Teodorescu et al. 

2021). Moreover, analytics practitioners, including ML developers and product managers, call for 

technical, procedural and managerial support to help address AF (Holstein et al. 2019; Kordzadeh and 

Ghasemaghaei 2022). Thus, the frameworks need to be expanded to capture complex mutual influences 
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between the technical and social parts of the ensemble (Dolata et al. 2022). In the following, we propose 

artefacts (processes and methods) based on existing technological building blocks of different IS 

research domains (human-machine collaboration, XAI, business analytics) that are integrated into a 

defined technical framework adapted to the specific requirements of HR Analytics. 

Method and framework development 

Due to the innovative and technical nature of the knowledge gap, this study follows a design science 

methodology. In design science, researchers seek innovative solutions to real-world problems and derive 

more general theories and insights from practice-oriented results (Gregor and Hevner 2013). Its goal is 

to create innovative artefacts that emerge from alternative solutions to significant real-world problems, 

and these may include models (abstractions or representations), methods (frameworks, algorithms or 

practices) and instances (processes or prototype systems). Developing artefacts contributes new 

knowledge to nascent theories in the form of operational principles or solutions (Gregor and Hevner 

2013).  

This section describes the proposed framework, which is shown in a schematic overview in Figure 14. 

In general, the sociotechnical framework for AF includes (1) an interface with the specification of 

information for human augmentation, (2) a technical subprocess (ML model training using automated 

fairness measure optimisation approaches) and (3) a social subprocess (ethical considerations and 

human augmentation) along with the interconnections between these subprocesses. Before discussing 

these artefacts individually, we should take note of three general key points when using the framework. 

First, the overall optimisation objective of the sociotechnical system output is the AF of an HR Analytics 

decision-making process (e.g., classification in recruiting, development or retention). In addition to 

quantitative measurement (e.g. demographic parity), which is based on historical predictions of 

decisions, AF can also be measured qualitatively (e.g. perceived fairness) during the audit (Newman et 

al. 2020; Langer et al. 2023). This audit determines whether (1) an algorithmic recommendation is 

approved and made available for practical decision-making, (2) iterative adaptation processes for ML 

models are required or (3) the achievement of unfair models is determined to be unachievable. Second, 

the specific design of individual components with multiple choices (e.g., fairness measures, XAI 

methods, AF pre-/in-/post-processing options) listed in the framework should not be understood as a 

‘must’ and definitive list but rather as possible recommendations or options for sociotechnical systems 

design. Third, the four human-augmented approaches to AF (already depicted in Figure 13) proposed 

by Teodorescu et al. (2021), along with an ontology of when to use which approach, are important 

elements in this regard. In this framework, we embed these options as interconnections that can bridge 

the gap between social and technical subprocesses. Rather than determining the final location of the 

decision, one or more interconnections can be chosen to organise the procedural dependencies and 

freedom of business analytics/data science and HRM teams. 
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Interface 

The interface is the central and comprehensive artefact that passes information from technical 

subprocess (e.g., ML model options and their predictions) to the audit, which is the final step in the 

social subprocess for human augmentation, including the final judgment. In the following, we discuss 

four essential information components that can be extended if required. The components are local as 

well as global post-hoc XAI methods, as they contribute to different notions of fairness (Dodge et al. 

2019) and act as a monitor for the output history (Teodorescu et. al 2021) and visualisation of a model 

benchmark. Thereafter, we discuss the technical subprocess for creating these components. 

A | Global explanations (e.g., predictor effects on groups)  

Global explanations on a group level, such as predictor effects or predictor importance, help access bias 

on a (semi)-aggregated level for an organisation. In the case of fewer complex algorithmic options with 

sufficient accuracy, which is in itself interpretable (like linear regression or decision trees), these 

visualisations can be directly derived from the ML model. For complex ML models that remain opaque, 

post-hoc XAI methods should be used. The former option is preferable, as it loses less information due 

to the approximation applied in post-hoc XAI methods, albeit this is not always possible in highly 

sophisticated ML applications (Rudin 2019). For example, global post-hoc XAI method effects such as 

ALEs extract non-linear predictor effects on cohorts (Apley and Zhu 2020) and thus provide the 

necessary transparency to question rationality.  
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Figure 14: Proposed sociotechnical framework for an AF assessment in HR Analytics 

. 
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B | Local explanations (e.g., predictor effects on individuals) 

Identifying individual-level bias requires a deeper understanding of which factors and characteristics 

enable an employee-specific prediction. Local post-hoc XAI methods such as SHAP values are one 

example what can be used for this purpose (Lundberg and Lee 2017). It should be noted that the 

advantage of zooming in on specific environments with local post-hoc XAI methods also presents 

challenges in terms of stability, validity and ambiguity (Molnar 2022). Thus, specific technical 

knowledge in the implementation phase must be available to avoid pitfalls. Therefore, if ML 

explainability (especially at the individual level) is achieved through post-hoc XAI methods, care must 

be taken to provide clear, trustworthy and verifiable indications of predictor effects (Rudin et al. 2020). 

For this reason, the legitimacy of the information included should be considered in the context of the 

other components in the interface (Vale et al. 2022), even though some research suggests that AFs may 

rely solely on local post-hoc XAI declarations (Chowdhury et al. 2022). 

C | Monitor historical decisions and predictions 

The monitor tracks both the algorithmic advice proposed by ML models and the adjustments and final 

decisions made by humans. These historical records can be used to track over time the optimisation 

success of results from the holistic socio-technical system. Thus, the monitor could extend the traditional 

idea of human-in-the-loop, where humans and machines monitor each other from different perspectives 

and aggregation levels (supervised reliance) (Teodorescu et al. 2021). The perspectives may include 

aggregate AF measures, adverse impact analysis across multiple protected groups, confusion matrices 

and others. 

D | Model benchmark plots on the trade-off between diversity and validity  

Even if the automation process can filter out most suboptimal models, due to higher negative effects 

and/or lower validity compared to other options, the number of resulting non-trivially worse options 

may still be high due to the convex trade-off between diversity and validity (Arrieta et al. 2020). 

Therefore, some form of visualisation, such as a graph with axes for diversity (e.g., measured by average 

negative impact for protected groups) and validity (e.g., measured by accuracy), is an essential basis on 

which to allow people within the audit to decide which model to use. 

Technical model development subprocess 

In the technical subprocess, various options for ML model training are applied under the responsibility 

of business analytics or data science teams. The input for this process is historical data and information, 

provided in the form of a reactive or a proactive oversight (which predictors to exclude, initialisation of 

retraining, prioritisation of the trade-off between diversity and validity, acceptable thresholds for fairness 

measures, etc.). The technical subprocess includes embedded resampling strategies to achieve out-of-

sample validation (training/test split). Proposed options are aligned with domain-oriented works in HR 

Analytics that present frameworks and proposals for ML development introducing the principles of 
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modern predictive models, common algorithms and post-hoc XAI methods (Putka et al. 2018; 

Chowdhury et al. 2022). It should be noted that each algorithm chosen as part of the ‘model training’ 

can be combined with multiple options for automated bias mitigation approaches. Since this step is fully 

automated, a considerable number of options (different AF optimisation approaches x number of ML 

algorithms x respective number of tested hyperparameter constellations) can be proposed during model 

development. The automated technical subprocess is thus able to provide many models with different 

prediction accuracies and adverse impacts resulting from the non-parametric and non-linear nature of 

ML algorithms (Arrieta et al. 2020).  

The framework leaves flexibility in terms of selecting pre-, in- or post-processing options of automated 

fairness optimisation. However, it should be noted that group-specific automated approaches employed 

to reduce bias due to the HR Analytics domain-specific AF assessments are not shown in the framework 

because they treat protected groups differently (Rottman et al. 2023). Each of the models trained in 

automated model development is applied to test data in the inference step and registered (together with 

its predictions) on a database (pooling). In addition to the basic statistics (fairness measures, prediction 

accuracy) extracted during model development, relevant information about the ML model’ rational to 

form predictions is displayed in the interface (e.g., XAI visualisations). The technical subprocess is 

triggered iteratively by the social subprocess using reactive oversight and proactive oversight. Proactive 

oversight provides the initial conditions (selection of fairness measures, prioritisation of the 

specification of the trade-off between diversity and validity, definition of acceptable thresholds, etc.) for 

the first automated model development iteration. In reactive oversight, an audit's decision to make 

iterative adjustments is made with respect to excluding spurious predictors that are likely to introduce 

bias from the historical data, or with respect to prioritising fairness measures or acceptable thresholds 

to repeat model training. 

Social human-augmented subprocess 

In social subprocess under the responsibility of the HRM team, the first step is to acquire the required 

knowledge from the societal context (ethical guidelines, legal regulations, etc.), together with the 

organisation’s diversity goals. Specifically for the HR Analytics implementation, the general objectives 

and priorities of various stakeholders, processes in a specific HR Analytics implementation and a 

definition of essential human values form the knowledge base for defining requirements. In addition, 

exploratory data analysis can uncover biases in historical data resulting from the state of the art, which 

is an important source of information when seeking to uncover data-related biases before embedding 

them in complex ML models. The second step is to define and agree the details for the quantitative 

measurement of AF. This includes deciding which protected groups should be monitored (gender, 

nationality, etc.), determining the preferred outcome for the supported HRM decision-making process 

and selecting one or more appropriate fairness measures (e.g., according to the consequences of false-
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positive and false-negative predictions). Third, once the requirements have been defined, the outcomes 

of the sociotechnical system must be prioritised with rigour (balancing diversity and validity trade-off, 

which violation to be addressed versus which protected groups, etc.). Here, an central step in the 

proposed socio-technical framework which represents a significant distinction to automated AF 

approaches is the separation of explainable and unfair bias from adverse impacts (Charlwood and 

Guenole 2022). If information required to separate explainable and biased protected groups is embedded 

in thresholds and passed to the technical subprocess via proactive oversight, the technical team can 

implement models that eliminate only harmful biases instead of all protected group differences.  

The central decision locus is the audit, in which the results of the social sub-process are closely 

interlinked with the results of the technical sub-process represented in the interface. In the audit, primary 

social objectives are iteratively compared with details of the technical model options provided in the 

interface components. First, a model must be selected from several options, using a model benchmark 

plot. Then, unfair biases at the individual and group level are uncovered in the review, using the XAI 

visualisations for that specific model. This knowledge of the characteristics used by the ML model for 

the prediction contributes to a final summarised assessment of AF. Before a final decision is made, a 

safeguard mechanism, namely a check against historical decisions and predictions, is used. This check 

against ground truth ensures that the usual pitfalls of XAI methods, such as possible inaccuracy and 

instability, are mitigated (Vale et al. 2022). When a desired output of the sociotechnical system for the 

AF cannot be reached, another possible outcome of the audit involves terminating the ML models by 

using a ‘kill switch’. Ultimately, this kill switch may be used to cancel the complete ML implementation 

project if the audit concludes that even when applying a sociotechnical approach for AF, the potential 

consequences and risks of unfairness outweigh the benefits (for a practical example see Meyer 2018).  

As outlined in sociotechnical systems theory, a state of coherence in overall output should be achieved 

(Dolata et al. 2022). However, this requires monitoring and feedback loops when data, algorithms or 

human perceptions change, thereby implying a continuous need for audits (informed reliance). 

Alternatively, in a supervised reliance approach, the interface not only provides recommendations, but 

also includes ongoing checks on the quality of the final sociotechnical decisions. For example, integrated 

monitoring of historical ML predictions and human decisions can enable the analysis of when a human 

correction leads to potentially problematic higher adverse impacts for multiple protected groups (e.g., 

gender differences decrease but nationality differences increase). In this way, humans can continuously 

learn from ML monitoring. Similarly, a monitor could set up a feedback system between humans so that 

humans monitor others' decisions against model predictions. In complex decision scenarios involving 

humans (e.g., multiple fairness measures, multiple protected groups, sophisticated ML models), this 

allows for the most comprehensive guidance and promises an optimal combination of algorithmic and 

human advantages (Teodorescu et al. 2021). 
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Empirical demonstration 

This section demonstrates the application of the framework, using excerpts from an ML model 

implementation process for employee turnover prediction in a German federal agency with more than 

20,000 employees between 2021 and 2023. The model predicts individual voluntary (age-related causes 

are excluded) turnover probability within the next 6 months for each employee, using ML algorithms 

and a dataset with 30 predictors acquired over a period of 36 months. A complete presentation of multiple 

automated approaches in the technical subprocess, as well as multiple relevant ethical considerations in 

the social subprocess, is beyond the scope of the paper. Instead, we focus on demonstrating how the 

sociotechnical framework leads to a holistic optimisation in complex AF scenarios by iteratively 

combining technical and social subprocesses. Due to the extensive IS literature on the technical sub-

process, we aim to focus herein on an automatic approach to reduce bias, namely the iterative removal 

of predictors, which we choose for several reasons: (1) It can be combined with any ML algorithm and 

prediction task (regression, classification, etc.), (2) it reflects the basic idea of the framework well, as it 

provides a human interface in each iterative step, (3) it makes it possible to use customer-specific rule 

sets (Dodge et al. 2019) and (4) it is already established in the HR Analytics literature (Speer 2021; 

Rottman et al. 2023). Likewise, demographic parity is used here and in this literature because it is easy 

to understand.  

Social context and initial model training (proactive oversight) 

Before technical training for the first models, HRM managers at the federal agency identified the 

protected group variables age (above average  old, below average  young) and gender as relevant for 

monitoring in the social process, based on their experience of current processes and stakeholder 

objectives. Excluding further protected group variables narrows the mathematical problem space 

significantly. The declared overall objective of the ML project for employee turnover prediction is to 

retain employees through targeted measures (i.e., incentives like wage increases or promotions). This 

means that the positive class (probability of turnover is high) is more likely to receive benefits and is 

therefore identified as the favoured outcome. Most importantly, the model should meet the basic 

requirement recommended in the HR Analytics literature (Speer 2021) and in regulation (Civil Rights 

Act 1964) not to violate the 4/5 rule for demographic parity, i.e., the adverse impact ratio (AIR) (the 

difference between selection ratios) needs to be higher than 80%. Once this most important requirement 

for diversity has been fulfilled, validity should be optimised regarding the prioritisation of diversity and 

validity. 

In iterative predictor removal, the first step is to benchmark against the diversity and validity trade-off 

with a baseline model that uses all predictors (Rottman et al. 2023). Therefore, no predictors were 

removed before the first iteration of the automated model development process. The baseline model 

(Random Forest) with the highest validity out of ten ML algorithm options satisfies the 4/5 rule for age 
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(AIRage  84.8%) but violates the gender rule (AIRgender  68.7%). Please note that the resulting model is 

only a starting point and cannot be used for operational decision-making, as it would be a case of 

algorithmic discrimination. (Goodman and Flaxman 2017). Figure 15 also shows that both post-hoc XAI 

methods provided in the interface reveal possible unfair biases related to age and gender. 

 

Figure 15: Post-hoc XAI explanations in the initial iteration. Predictor effects are extracted using SHAP on an 

individual level and ALE on a group level to reveal unfair bias. 

Audit and iterative adjustment in model training (reactive oversight) 

Next, the HRM team examines adverse impacts to find possible unfair biases against individuals or 

groups and to subsequently identify predictors causing unexplainable issues in this regard. For example, 

the team mentions that part of the lower average turnover probabilities among younger women is caused 

by successful post-pregnancy reintegration programmes specifically targeted at this cohort. When 

evaluating the historical background of this programme and its impact, the HRM experts classified these 

adverse impacts as explainable and in line with human values – and therefore not a critical concern to 

AF. Instead, eliminating this explainable bias would harm post-pregnancy reintegration programmes and 

women in general. Furthermore, the predictor effects revealed a significant impact regarding the 

numbers and ages of children (see in Figure 15, plot B, “Children under 18  true”). These predictive 

effects appear to differ between women and men, which the HRM experts considered an unjustified 

bias. Based on this information, the team decided to exclude these predictors and initiate the second 

iteration of the technical subprocess to develop adapted ML models. These two examples illustrate the 

possibility of examining nonlinear predictor effects between the subgroups of two protected groups (age 

and gender) during human-augmented fairness assessments using post-hoc XAI methods. These insights 

allowed the HRM team to guide the technical team in the development process via feature selection and 

the separation of explainable adverse impacts and unfair bias (reactive oversight). Interestingly, the 

results of this second iterative automated model development process resulted in a model that satisfies 

the 4/5 rule for gender (AIRgender  84.4%) but violates the rule for age (AIRage  71.7%). This example 
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shows the complexity that arises when multiple protected groups need to be studied, and one AIR can 

rise while the other falls. 

When auditing ML models in the second iteration, no evidence of possible unfair bias was found in the 

interface in terms of post-hoc XAI explanations. Therefore, the teams jointly decided to exclude the 

predictor with the highest statistical correlation to age (seniority) and start a third iteration of the 

technical subprocess. Doing so resulted in several models that met the 4/5 rule for both protected groups. 

Following the above prioritisation, the model with the highest validity was selected, namely a Random 

Forest model with AIRgender  81.4% and AIRage  81.3%. In operationalising the revised ML model in HR 

Analytics, the organisation chooses to leave the locus of the final decision in regular audits. HRM 

decision-makers emphasise the need for the availability of the interface in HRM daily business to check 

continuously the fairness of the ML model. This is realised on a cohort basis through the historization 

of forecasts and decisions and a monitor as the fourth component in the interface. 

Discussion 

With the success of data-driven and evidence-based decision-making in business analytics, there is a 

risk that HR Analytics will leave behind the ethical responsibilities associated with opening and closing 

doors for employees if the knowledge and skills of the HR profession are completely replaced by 

algorithms (Angrave et al. 2016). The background of HRM professionals facilitates a far-sighted and 

prudent AF assessment, which could also consider the use of qualitative approaches such as employee 

surveys to broaden the quantitative-only approach limited to historical and possible data-related biases 

(Rottman et al., 2023). This is of particular concern because evidence from the public sector shows that 

while business analytics teams exercise discretion and are aware of social values such as non-

discrimination, their value sensitivity does not translate into responsible practices. Instead, they use a 

variety of arguments to distance themselves from or downplay their responsibilities (Fest et al. 2023).  

In this study, we propose a socio-technical framework that combines technical approaches for the 

automated optimisation of AF with a human-machine interface based on XAI. This sociotechnical 

methodology helps the organisation establish two-way interactions between social and technical experts 

through defined (sub-)processes and their interconnections (Dolata et al. 2022; Kordzadeh and 

Ghasemaghaei 2022). The framework takes into account the domain-specific requirements of HR 

Analytics (no group-specific automated approaches to AF, easy-to-understand visualisation of predictor 

effects, auditing options in case of high-stakes decision-making, etc.). This emphasises that socio-

technical processes can overcome the limitations of automated AF optimisation approaches as well as 

the mutual limitations of purely social evaluation approaches in complex ML-based HR Analytics 

scenarios (Downes et al. 2023; Rottman et al. 2023). In the empirical demonstration, the HRM 

framework enables the AF assessment to capture multiple protected subgroups of employees and 

nonlinearities. The sociotechnical system allows HRM expertise to inform automated fairness 
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optimisation approaches by (1) setting acceptable thresholds to limit problem space, (2) separating 

justified and explainable adverse impacts resulting from unfair biases and (3) indicating the exclusion 

of certain predictors. 

Implications for research 

The main purpose of the proposed framework is to guide practitioners towards fair ML-based HR 

Analytics. However, it is equally important for researchers to achieve nuanced and heterogeneous 

results, since evidence for bias is also evident the literature. For example, studies in medicine and 

pharmacy have been found to focus primarily on men (‘gender blind’ and ‘male-biased’), which in turn 

negatively influences treatment and health outcomes, especially for women (Verdonk et al. 2009). 

Although, to our knowledge, similar structural biases have not yet been observed in HRM research, the 

potential for discrimination should be carefully recognised, as ML-based inductive research methods 

are increasingly being proposed and used (Putka et al. 2018; Cheng and Hackett 2021). For this reason, 

we echo Mikalef et al. (2022)’s call that AF should be relevant in every study promoting value-creating 

and transformative impacts through algorithms, even if only on a small scale or purely to discuss its 

limitations. The proposed framework, based on both IS and social sciences, thus provides an interesting 

reference for interdisciplinary researchers applying ML-based inductive methods. 

Future interdisciplinary research may shed more light on the circumstances under which ML biases can 

and cannot be mitigated by human augmentation, as human augmentation of predictions sometimes does 

not seem to mitigate any adverse impacts (Downes et al. 2023). It would therefore be interesting to 

understand under what conditions, organisational environments and circumstances algorithms and 

humans succeed in balancing their respective advantages and disadvantages. In addition, the interface 

is an important mediator for AF assessment, but how interface developers decide what information to 

display and convey is a decision in itself (Bader and Kaiser 2019). Future research is needed to 

investigate how the organisation can ensure that developers select all relevant – but not too 

comprehensive – information. This includes the pressing issue on how to prioritise and select the rapidly 

evolving options in XAI and automated bias mitigation approaches. 

Implications for practice 

This study has several implications for practice. First, the proposed framework and empirical 

demonstration substantiate that adequate explanations, AF and trust are highly interdependent (Zhou et 

al. 2022). In this context, sociotechnical frameworks for an AF assessment can also be beneficial for 

organisations seeking to adapt HR Analytics but which are struggling with acceptance issues (Shin and 

Park 2019). When ethical considerations like AF play a vital role, humans initially have less trust in 

fully automated systems, and repairing this trust after an error seems to be less effective (Langer et al. 

2023) due to lower algorithmic reductionism and lower perceived procedural fairness (Newman et al. 

2020). With the sociotechnical approach, trust and acceptance issues might be mitigated as stakeholders 
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recognise that the arguments of HR professionals are contributing to the output. The interface that XAI 

visualisations provide is crucial here, as they influence not only behavioural beliefs (e.g., fairness), but 

also their behavioural intentions (e.g., use and adoption ML) (Haque et al. 2023). 

Second, the proposed framework could also benefit practitioners who must adapt to recent and 

forthcoming legal conditions. For instance, the European AI Act will define new requirements for ML-

based decision-making systems (AI HLEG EU 2019). HR Analytics is considered a ‘high-risk’ 

application, as exemplified by the recruitment use case. High-risk applications require either enhanced 

internal or – depending on the specific characteristics of the implementation – external audits. For audits, 

organisations are asked to (1) document the intended purpose of the AI system in question, (2) provide 

detailed user instructions, (3) disclose the methods used to develop the system and (4) justify the critical 

design choices made by the provider (Mökander et al. 2022). We suggest that following the proposed 

framework will help fulfil the documentation and disclosure requirements when the audit is extended to 

external stakeholders. 

Third, we emphasise the need to invest in interdisciplinary knowledge. For the technical team, in 

addition to the core knowledge regarding ML, automated bias mitigation approaches (e.g. Mehrabi et 

al. 2019), post-hoc XAI methods (e.g. Molnar 2022) and foundations of responsible ML development 

are necessary (Arrieta et al. 2020). For the HRM team, expertise in key HR decision-making processes 

(selection, development, retention, etc.), understanding of ethical guidelines and stakeholder objectives 

are core skills (Charlwood and Guenole 2022). In addition, quantitative skills such as basic knowledge 

of statistical uncertainty, understanding the risk of ML bias, fairness metrics, the ability to correctly 

interpret XAI visualisations and critical, rational, data-driven thinking are required. 

Conclusion 

Human-centred HR Analytics that benefit companies and employees alike manifest in AF, but they also 

enable AF assessment, as automated bias reduction processes are unable to embed human values and 

social responsibility solely. The sociotechnical framework and empirical demonstration proposed in this 

paper help understand the complexity of the path to fair and bias-free HR Analytics. It is our hope that 

this paper will encourage researchers and practitioners in business analytics and related areas to 

contribute collectively to the still young but incredibly important field of AF assessment.  
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2.3 Study 3 | Exploring the individual adoption of Human Resource Analytics: 
Behavioural beliefs and the role of Machine Learning characteristics 

 

 

 

 

Abstract 

The technological capabilities of Human Resource Analytics (HRA), enhanced by recent innovations in 

Machine Learning (ML), offer exciting opportunities. However, organisations often fail to realise these 

potentials because of a limited understanding of why individuals choose to adopt or disregard respective 

tools. Prior research on innovation adoption offers preliminary insights but fails to aggregate the 

determinants of individual adoption into actionable suggestions for decisions in the ML adoption 

process. Our study applies focused interviews to examine non-ML experts' reasoning for using a specific 

tool tailored to a public sector organisation, which corresponds to the usual end-user perspective of ML-

based HRA adoption. By drawing from the HRA adoption framework, provided by Vargas et al. (2018), 

we contribute to the literature by identifying relevant beliefs and experiences influencing one’s intention 

to adopt ML-based HRA and by qualitatively linking these beliefs to ML characteristics such as 

transparency, automation and fairness. For practitioners, we provide actionable guidance emphasising 

the need to ensure fairness proactively, as interviewees do not consider this aspect when deciding to 

adopt ML-based HRA. 
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Introduction 

The diffusion of analytics into Human Resources Management (HRM) processes, including talent 

management, performance evaluation and workforce planning, presents a promising opportunity. 

Human Resources Analytics (HRA), as it is referred to in this context, is classified as diffusing 

innovation and describes “a practice enabled by information technology that uses descriptive, visual, 

and statistical analyses of data related to Human Resources (HR) processes, human capital, 

organisational performance, and external economic benchmarks to establish business impact and enable 

data-driven decision-making” (Marler and Boudreau 2017, p. 15). Modern-day technological advances 

help HR professionals asserting their value when defending against possible displacement by finance or 

data science departments (Angrave et al. 2016), and they provide support for a wide range of different 

HR functions (Prikshat et al. 2023b). In recruitment, for example, HRA can be used to streamline 

processes and achieve greater speed and efficiency (Hunkenschroer and Luetge 2022), whilst in HR 

development, it helps to identify the link between employee engagement and performance metrics – and 

thus positively influences them (Davenport et al. 2010). Although traditional HRA encompasses several 

statistical approaches and methodologies, Machine Learning (ML), such as deep-learning algorithms 

and Artificial Intelligence, is expected to drive the greatest change in HRM practice. For example, online 

work platforms such as Uber, Upwork and Deliveroo automate extensive core business processes, 

ranging from HRM decision-making to execution in the form of selection, compensation and task 

assignment – all of which is done through ML (Meijerink et al. 2021, p. 2551). In addition, ML-based 

HRA tools for predicting voluntary employee turnover allow companies to derive retention strategies 

that not only reduce costly replacements in the short term, but also retain expertise within the 

organisation, thereby securing a competitive advantage (Chowdhury et al. 2022).  

Prior research identifies individual resistance to ML-based HRA which could hinder its success in 

corporate practice. In contrast to other HRA technologies, sophisticated ML algorithms, for instance, 

have the disadvantage of being too complex to interpret easily, which subsequently leads to opacity 

(Kellogg et al. 2020; Langer and König 2023). As more data and multifaceted algorithms become 

available, a computer learns more complex patterns and “consequently builds its own representation of 

a classification decision, [which it does] without regard for human comprehension“ (Burrell 2016, 

p. 10). Therefore, algorithms exceed human abilities to understand the system and can generate severe 

trust issues (Arrieta et al. 2020). Furthermore, prior research observes attempts to manipulate and exploit 

these advanced ML-based systems, known as “algoactivism” (Kellogg et al. 2020; Meijerink and 

Bondarouk 2023), and a more general aversion to advanced algorithms, called “algorithm aversion” 

(Mahmud et al. 2022). Consequently, the successful leverage of the described potential of ML-based 

HRA critically depends on the ability to convince the individuals of an organisation to use these systems 

(Di Vaio et al. 2022).  
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However, as most academic HR literature aims to understand the factors determining the adoption of 

HRA on an organisation-wide level (e.g., Margherita 2021), and irrespective of the specific tool (e.g., 

Vargas et al. 2018), there is very little knowledge on the successful individual adoption of HRA – and 

especially ML-based HRA. Coming from the apparent need for a better understanding of the individual 

adoption process for ML-based HRA, as well as the ambiguous effect of ML characteristics, we ask the 

following two research questions: 

RQ1: What beliefs and experiences influence the individual’s intention to adopt ML-based HRA? 

RQ2: How do the characteristics of ML engender these behavioural beliefs? 

To answer these research questions, we examine the individual opinions and thoughts of employees of 

a public sector organisation about a specific ML-based HRA tool for predicting voluntary turnover, the 

implementation of which the organisation is currently evaluating. Drawing from the focused interviews 

method provided by Merton and Kendall (1946), we discuss the performance of the predictive HRA 

tool, as well as several explanatory figures, with employees in interviews and analyse their personal 

perspectives, experiences and spontaneous reactions to these different approaches. Following Vargas et 

al. (2018), we then interpret our empirical results with the help of a conceptual framework derived from 

the Theory of Planned Behaviour (TPB) by Ajzen (1991). On the one hand, our results show that the 

perceived (self-) efficacy of interviewees also highly depends on the design of the HRA tool and the 

entered dataset, in addition to perceived skills and competencies. On the other hand, the attitude of the 

interviewed employees is not only formed by their personal enjoyment or concerns in terms of working 

with the tool, but also by the way in which they perceive it assists them in their daily work. We 

additionally identify that several ML characteristics (perceived self-learning capabilities, degree of 

automation, transparency and trialability) influence behavioural beliefs and in turn effect the adoption 

of the tool in HRM processes.  

Our study makes three main contributions to the literature. First, it contributes to the ongoing debate 

about the relevant factors driving the decision to adopt HRA (Coolen et al. 2023). By examining this 

decision from an individual instead of an organisation-wide perspective, we provide deeper insights into 

the different behavioural beliefs determining the decision to adopt ML-based HRA. Based on our 

findings, we propose several ML-related extensions and adjustments to the more general adoption 

framework of Vargas et al. (2018). Second, our study contributes to the current literature on ML design 

approaches and their effect on HRA adoption (Marler and Boudreau 2017, Langer and König 2021, 

Haque et al. 2023), and third, it contributes to research on ML transparency, suggesting that appropriate 

visualisation influences end-user adoption Haque et al. 2023. However, in contrast with Haque et al. 

2023, our results demonstrate a lack of ethical reflection, as fairness plays no role in individual decisions 

to adopt ML-based HRA, albeit protected group differences were made apparent in the interviews. 
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The paper is organised as follows. The second section reviews the literature on the (individual) adoption 

of HRA, highlights the related limitations and derives the conceptual framework of our study. The third 

section summarises the research method, empirical environment as well as the research object and data 

analysis process. The fourth section presents the results. A refined model at the end of this section 

summarises the factors that influence individual intentions to adopt ML-based HRA and the impact of 

ML characteristics. Finally, in the fifth section, the results are discussed and propositions made before a 

conclusion is drawn. 

Related research and theoretical framework 

In the following section, a conceptual framework for the present study is derived by summarising and 

discussing the state of knowledge on the (individual) adoption of HRA. 

Prior research regarding the adoption of HR Analytics 

The factors that drive or hinder the adoption of HRA have been almost exclusively explored from an 

organisation-wide perspective (e.g., Margherita 2021; Böhmer and Schinnenburg 2023; Coolen et al. 

2023). Prior research draws from the TOE framework (e.g., Pumplun et al. 2019; Chatterjee et al. 2021; 

Neumann et al. 2022), with the underlying idea that the adoption of HRA from an organisation-wide 

perspective is mainly driven by technological, organisational and environmental contexts. Technological 

contexts include, for example, the existing IT infrastructure of an organisation (Neumann et al. 2022), 

while the environmental contexts can be, for example, competitive pressure or customer readiness 

(Neumann et al. 2022). The organisational context includes cultural aspects (such as the culture of 

innovation or change management) as well as resources (e.g., budgets or human capital) (Neumann et 

al. 2022). Prior research concludes that the employees themselves – aligned with their skills and 

knowledge – play a major role in the adoption of HRA in corporations (Coolen et al. 2023; Di Vaio et 

al. 2022). Furthermore, work ethics (Basu et al. 2023) or supervisor support (Prikshat et al. 2023a) have 

been identified as additional major drivers for organisation-wide adoption.  

To the best of the authors’ knowledge, only Vargas et al. (2018) have examined the individual adoption 

of HRA and proposed a comprehensive framework in this regard. Drawing from the Theory of Planned 

Behaviour by Ajzen (1991) and the Innovation Diffusion Theory posited by Rogers (2003), the authors 

explain the actual level of adoption of HRA through an individual’s perceived self-efficacy, attitude and 

social influence regarding its use as well as trialability. Self-efficacy represents an individual's beliefs 

about their abilities to reach a behavioural goal (Bandura 1977), which translates to their evaluation of 

the technological and quantitative skills they deem necessary to adopt HRA. One's attitude towards a 

specific behaviour is derived from the expected consequences of this behaviour (Fishbein and Ajzen 

2010). As the perceived consequences of using HRA partly depend on an individual's self-efficacy 

regarding the use HRA, the latter will influence their attitude, among several other beliefs for the given 
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context. Social influence represents the perceived norms in favour of or against HRA, and trialability 

encompasses beliefs about the degree to which HRA can be tested before adoption. Vargas et al. (2018) 

distinguish the three different decision-making steps of knowledge-gathering, persuasion and decision, 

whereby perceived self-efficacy is formed during the knowledge-gathering step, and attitude, social 

influence and trialability are derived during the persuasion step. The conducted survey empirically 

supports the proposed causal relationships as well as the effect of technology self-efficacy. 

Limitations of the HR Analytics conceptual framework 

While the derived conceptual framework provided by Vargas et al. (2018) extends the fundamental 

understanding of individual HRA adoption, it does have some limitations. First, it only includes 

trialability as a potential technological factor to distinguish between different HRA technologies. The 

proliferation of ML questions the reality, as the framework does not distinguish between the different 

characteristics of the HRA tool. Furthermore, as HRA includes many different algorithms, systems and 

methods (Meijerink et al. 2021), and prior research in information systems finds significant effects of 

an IT systems’s design on its subsequent use Haque et al. 2023, there is clearly the need to further 

characterise and differentiate the proposed model from this perspective. Especially in the context of ML, 

research has emerged in the HR (Langer and König 2021), management (Glikson and Woolley 2020) 

and information systems (Arrieta et al. 2020) literature arguing that transparency must be another 

fundamental determinant of individual ML adoption. In contrast to traditional statistical methods in 

HRA, transparency is not always present in ML, because (a) predictors are not understandable, (b) 

relationships between predictors and predictions are hidden and (c) no explanation for a specific 

prediction is given (Arrieta et al. 2020; Burrell 2016; Langer and König 2021). This is problematic, 

because a prediction without clear explanations, or at least justification for the rationale behind the 

prediction, can lead to trust issues (Glikson and Woolley 2020; Langer and König 2021). Park et al. 

(2021), for instance, illustrate that only with sufficient transparency can various user burdens (emotional, 

mental, biases, etc.) be overcome during ML adoption. Transparency is also closely related to another 

fundamental determinant of HRA adoption, namely fairness (e.g., no discrimination against minorities), 

which can only be tested when professionals use their expertise and experience to determine the level 

of fairness of individual ML predictions through intuitive thinking (Chowdhury et al. 2022, p. 18). To 

achieve sufficient ML transparency, Explainable Artificial Intelligence (XAI) offers a rapidly evolving 

interdisciplinary research area with multiple technical solutions (Arrieta et al. 2020). Finally, the ability 

to automate decisions fully is an ML characteristic that represents a major shift for traditional HRA 

technologies (Meijerink et al. 2021, pp. 2545–2546). When algorithms are used for automated scenarios, 

they must also be accountable for the decisions they make (Busuioc 2021, p. 826). In summary, and in 

line with Lee and Cha (2023), we suggest that transparency, fairness and accountability (in terms of 

automated use) determine the adoption of ML-based HRA. Besides technical ML characteristics, 

decisions made during roll-out also affect the adoption of ML. In this regard, some studies have found 
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that the ability to try (trialability) has a positive impact on adoption (Omrani et al. 2022). However, 

research is still inconclusive in terms of exactly how these ML characteristics influence an individual’s 

adoption of HRA. 

Second, the notion of self-efficacy and attitude in the proposed framework of Vargas et al. (2018) is 

relatively narrow, and it might exclude potentially relevant beliefs. Compared to assumed self-efficacy, 

the perceived behavioural control (PBC) factor from the original TPB is a wider concept that includes 

beliefs about factors beyond one's individual control (Ajzen 1991). It can be defined as the perceived 

ease or difficulty of performing a behaviour (Ajzen 2002). For instance, the individual adoption of an 

HRA tool likely depends on the tool's suitability for a task and not only on one’s perceived skills to use 

it. Furthermore, Vargas et al. (2018) examine self-efficacy regarding technology and mathematics in 

general, which are sufficient to estimate the average intention to adopt HRA but fall short when 

comparing the adoption of different HRA systems. However, the TPB is built upon the principle of 

compatibility, which states that the underlying factors must always refer to the underlying behaviour 

(Fishbein and Ajzen 2010). For the given context, one would therefore expect a notion of self-efficacy 

that is more directly connected to the individual adoption of a specific HRA tool or system. Furthermore, 

the attitude of a survey participant is derived from four beliefs solely centred around the personal 

enjoyment of using HRA (Vargas et al. 2018). This notion contrasts with the Technology Acceptance 

Model that connects the attitude towards a technology to the beliefs about the perceived usefulness and 

perceived ease of use of a technology (Davis 1989) and the Unified Theory of Acceptance and Use of 

Technology that connects the respective attitude to a performance and effort expectancy (Ajzen 2002; 

Venkatesh et al. 2003). 

Underlying conceptual framework theory 

Due to the limitations of the conceptual framework of Vargas et al. (2018) described herein, we aim to 

scrutinise the framework and extend it to ML-based HRA tools. Our further analyses are based on the 

assumptions described above, which are founded on the current state of knowledge. We also distinguish 

between the process steps of knowledge, persuasion and decision (Rogers 2003) in an ML-based HRA 

tool’s adoption process. In the knowledge step, personal beliefs are evaluated regarding the ability to 

utilise an ML-based HRA tool for a given task and form an expectation about the PBC. In the persuasion 

phase, personal beliefs are evaluated regarding the consequences of using the provided HRA tool and 

form a tool and task-specific attitude. In addition, personal beliefs are evaluated regarding the opinions 

of others regarding the use of the provided HRA tool and form an expectation about the relevant social 

norm (corporate or national culture). In the decision step, personal beliefs are evaluated regarding the 

PBC, attitude as well as perceived norm and help decide whether to adopt the provided HRA tool. 

Furthermore, we expect PBC and attitudes to be influenced by the technical characteristics of the 
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provided ML-based HRA tool, in which case we distinguish between the known characteristics of 

trialability, transparency, degree of automation and fairness and potential unknown characteristics.  

Research approach 

Method 

To fill the derived conceptual framework for individual adoption with salient beliefs, it is necessary to 

dive deep into the line of reasoning employed by end-users. We aim to explore these beliefs by applying 

the "focused ethnographic interview" methodology proposed by Merton and Kendall (1946). We opted 

for a qualitative research approach because it can provide new insights into individual adoption in an 

explanatory manner. In addition, the open-ended nature of the interview questions allows for the 

collection of a wide range of information, including personal perspectives and experiences. The 

interview procedure was semi-structured around several pieces of information and nudges, used as 

potential triggers for spontaneous reactions. During the interview, detailed discussions were held on 

hypothetical but realistic implementation scenarios for the specific HRA tool. Particular attention was 

paid to employees’ understanding of the presented tool, their ideas about its future use in HRM processes 

and their perceptions of the risks and benefits of using it in various HR applications throughout the 

organisation. In addition, the interviews provided information about the overall intentions of the 

interviewees as well as any changes in their intention to adopt the HRA tool when providing various 

information and explanations. This approach follows the interpretive tradition of explorative methods, 

in that it seeks a deep understanding of human experience rather than rigid explanations of cause and 

effect – as in positivist epistemology (Einola and Khoreva 2023, p. 121). 

Empirical environment 

This study examines a German federal agency from the social insurance industry with about 20,000 

employees in the period between 2022 and 2023. The in-depth public sector study approach provides a 

context in which high legal requirements for the individual adoption of HRA can be investigated and 

commercial secrecy is not a concern (Desouza et al. 2020, p. 206; Busuioc 2021, p. 826). While the 

organisation frequently uses descriptive analytics based on advanced dashboarding tools, as well as 

sporadic diagnostic regression-based analytics, this project is the first to incorporate complex ML 

models to implement predictive analytics use cases within HR.  

Our main objective in selecting the interview population was to obtain a diverse sample of HRA users 

in terms of personal characteristics (age and gender), seniority and statistical background in order to 

represent the diverse workforce of the organisation as well as the different usage objectives in the 

different personas. Table 6 provides an overview of the 12 interviewees. Team leaders supervising one 

to 21 employees, and heads of departments with 21 to 50 employees, from HR and operational 

departments, are the main users of the HRA tool. Half of the employees interviewed would work with 
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the HRA tool in the near future, and half of those interviewed were potential recipients for further 

applications. Each interview lasted between 58 and 98 minutes. 

 Organisational section Department Position Sex Seniority(y) 

I1 Corporate development Employer branding & image Team lead w 20 to 25 

I2 
Internal corporate 

consultancy 
Management of future vacancies Team lead m 15 to 20  

I3 
Insurance claim 

processing 

Operational workforce 

management 
Department administration w 30+ 

I4 
Insurance claim 

processing 

Operational workforce 

management 
Head of department m 30+ 

I5 Human Resources Organisation design Organisational consulting m 30+ 

I6 Human Resources  Organisation design Team lead m 0 to 5  

I7 Human Resources  Organisation design Department administration w 25 to 30 

I8 Human Resources Personell planning & controlling Associate m 10 to 15 

I9 Human Resources  Personell planning & controlling Project lead m 15 to 20 

I10 Human Resources 
Recruiting, development & 

diversity 
Team lead w 30+ 

I11 Human Resources  Strategic workforce planning Senior data analyst w 0 to 5 

I12 Human Resources  Strategic workforce planning Analyst m 20 to 25  

Table 6: Interview population of future HR Analytics users 

Research object  

The specific ML-based HRA tool investigated herein predicts individual voluntary turnover (excluding 

age-related reasons and termination on the part of the employer) probabilities within the next 6 months 

for each employee, using the random forest algorithm (Breiman 2001). The tool is trained on a fully 

anonymised dataset with monthly data over a three-year time horizon and includes 30 predictors 

originating from the same federal agency in which the interviews were conducted. Work-related 

predictors include commuting distance, sick days, salary, salary increases in recent years, seniority and 

others. Demographic data such as gender, age, number of children and education level are also included. 

The ML predictions are evaluated in an out-of-sample test dataset. Instead of treating the ML model as 

a black box, post-hoc XAI explanations at the local (employee-specific) and global (organisation-wide) 

levels are used to extract the effects of the predictors. The confusion matrix used to assess predictive 

accuracy, as well as some visualisations of the XAI results at the local and global level, were used as 

nudges during the interviews (see Figure 16). The visualisation of organisation-wide explanations 

describes how a single predictor influences the employee turnover prediction (strength, 

positive/negative contribution) on average, considering all employees in that local interval (Apley and 

Zhu 2020). Additionally, the visualisation of employee-specific explanations breaks down the 

probability of voluntary turnover for each employee and quantifies it in terms of increasing or decreasing 

effects. The mean value represents the average employee turnover risk of all employees predicted in the 

model. 
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Figure 16: Information provided as nudges during the interviews: Predictive accuracy report, predictor effect 

explanations on the organisation-wide and employee-specific level 

Data analysis  

Given the inductive nature of the study, we coded the transcripts manually, following the methodology 

proposed by Gioia et al. (2013), which has demonstrated its validity in numerous renowned publications 

over the last decade (e.g., Friedman and Ormiston 2022; Schuessler et al. 2023; Mula et al. 2024). All 

interview transcripts were coded independently by the first and second authors using MAXQDA13 

software. A total of 392 codes resulted. In the initial coding phase, we strictly adhered to the terms, 

phrases and descriptions of the interviewees, so that many first-order categories emerged. After eight 

interviews, both authors re-checked their coding to improve the reliability of the process and increase 

its rigour and authenticity. After coding all transcripts, first-order categories were compared against each 

other. Disagreements regarding interpretation, and thus coding, if any, were resolved through discussion. 

In the next step, for the second coding (axial coding), the first and second authors looked for similarities 

between and differences among the many first-order categories, in order to summarise and condense 

them. To this end, we went through each interview transcript as well as the first-order categories again. 

Subsequently, we discussed each passage and then reconciled different interpretations and conclusions 

to generate suitable second-order categories (Gioia et al. 2013). 

Based on the TPB (Ajzen 1991), each of the second-order categories was independently assigned to 

PBC, attitude or norm (aggregated dimensions) by the first and second author (as determinants of an 

individual intention to adopt HRA) and then discussed. Subsequently, all second-order categories were 

critically reflected in correspondence with the framework provided by Vargas et al. (2018). The third 

author, who participated directly in project meetings and reviewed relevant project documents, critically 

 

13 https://www.maxqda.com/ 
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reflected on the results in the final analysis step. Additionally, the coding of the entire interview material 

was repeated to verify validity. The re-coding of the first author, 11 months after the first coding, resulted 

in an overlap of 90.4% (intra-coder reliability). Coding by a person not previously involved in the 

research process resulted in an appropriate accordance of 79.0% (inter-coder reliability) (Miles and 

Huberman 1994). The interview coding process is summarised in Figure 17. 

 

Figure 17: Interview coding process, including critical reflection steps to ensure reliability 

The second-order categories and the aggregated dimensions formed the basis for the framework 

developed for the present study, and the first- and second-order categories, as well as the aggregate 

dimensions, became the basis for building the data structure (see Figure 18).  

 

Figure 18: Data structure (first-order categories summarised by key topic) 
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Results 

Factors influencing the individual intention to adopt ML-based HR Analytics 

The results regarding the beliefs and experiences that influence individuals' intention to adopt ML-based 

HRA (RQ1) are presented below. First, the findings on PBC are illustrated (see Table 7), following 

which, after describing attitudes towards the adoption of the tool (see Table 8), the perceived norms (see 

Table 9) of the interviewees are presented. 

 PBC 

Algorithm-based efficacy describes all the capabilities and characteristics that interviewees attribute to 

and expect from an ML-based HRA tool, which allows them to utilise it in their daily work. Prediction 

quality captures the prediction accuracy of the tool, whereby the interviewees seem to require a sufficient 

level of prediction accuracy to view it as applicable. For our model, prediction accuracy is rated 

differently by I1 and I11. Another key factor for algorithm-based efficacy is traceability. The lines of 

reasoning by I10 reveal that the HRA tool’s feasibility stems from explanations of the ML model and 

how this helps to optimise the organisational retention of top performers at the individual level. I12 

points towards the XAI visualisations provided as an important distinction compared to popular 

Generative Artificial Intelligence models such as ChatGPT. While scepticism towards these technologies 

is generally high, trust-building and achieving actionable insights can partially be attributed to 

traceability. The third driving factor for algorithm-based efficacy is applicability in practice. Among 

other things, the interviewees consider the extent to which the tool is mature and ready for use, its 

susceptibility to errors and the basic functions (e.g., the selection of different prediction periods) that it 

offers. 

In addition, data-based efficacy plays an important role when forming the PBC. In our case, the opinions 

of the interviewees regarding the composition of the dataset differed widely. Some interviewees, like I2, 

identified missing and crucial predictors of voluntary turnover from their point of view, which had a 

critical impact on their evaluation of the tool. Others, like I9, were very satisfied with the included 

predictors. If they identified turnover predictors in the data, which they might consider important, data-

based efficiency was considered high. Similarly, if the contribution and importance of the predictors in 

the XAI visualisations are as expected, then data-based efficiency seems to increase. Additionally, we 

find that dataset reliability plays an important role in the intention to adopt the HRA tool. For instance, 

I10 directly attributed the reliability of the department responsible for managing the database to the tool. 

Others, like I11 questioned the timeliness and quality of the data, its realism or rapid changes in the 

included turnover predictors. 

In our study, competence-based self-efficacy reflects the beliefs an individual holds regarding their 

ability to use the ML-based HRA tool successfully in their daily work. Some interviewees, like I6, 
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quickly understood the nudges shown, were interested in them and interpreted the information in detail. 

In their daily work, these people mostly take on analytical tasks and often have a background in statistics, 

which indicates that they have more pronounced quantitative skills. Others, like I8, were overwhelmed 

with the interpretation and had no deep interest in the information provided to them. In addition, the 

interviewees considered it necessary to have a certain level of HR knowledge, to be able to apply the 

results of the tool in practice and to derive potential application scenarios. The findings on our 

interviewees’ PBC-related adoption of ML-based HRA tools, which are presented in Table 7, match 

interview insights into the dimensions related to the Theory of Planned Behaviour. 

  



 

Main section (cumulative)  65 

 

Example Insights 

1st-order 

Categories 

2nd-order 

Categories 

Aggegate 

Dimension 

“... actually, quite impressive prediction quality.” (I1, 34) 
Prediction 

quality  

Algorithm-

based efficacy 

PBC 

“... if you look at the absolute numbers, 467 and 100, prediction 

accuracy doesn’t look so great.” (I11, 102) 

  

 
“I understood that the higher the absenteeism due to illness, the 

higher the probability that these people will leave the organisation, 

which would allow me as a personnel manager to conclude: How 

high is my sickness rate? [...] Unfortunately, my department has a 

very high sickness rate, and it would be exciting for me to see 

whether this has led to increased turnover – that the sick days were 

perhaps even the criterion.” (I10, 104) 

Traceability 
 

 
“I do not know how to calculate the predictions. I do not know how 

the database must be prepared, how the model must be fed and so 

on. But if I look specifically at the XAI visualisations, I can already 

work with that. […] You first must deal with it [like a new software 

program] to be able to use it. [...] A little bit of scepticism is quite 

healthy, but ChatGPT has now increased our trust somewhat.” (I12, 

171) 

  

 
“I would need 5 or 10 years and not the individual level of an 

employee, but I would have to look at the entire department, and I 

would have to look at certain levels, e.g., professional groups.” (I11, 

162) 

Applicability 
 

 
“All these flexible working time models with remote working etc. 

are not integrated into the model. After all, these affect 50% of our 

employees.” (I2, 108) 

Composition 

of the dataset  

Data-based 

efficacy  

 
“These are very important predictors that I could then use for the 

future. So that would be very helpful, very helpful.” (Interview 9, 

92) 

  

 
“So you certainly calculated this from the data collected by Mr. […], 

I assume? From there, the data basis is safe for me – and from there 

I also trust in the numbers.” (I10, 242) 

Reliability  
 

 
“So, for example, the economic situation, the issue of security, the 

issue of a personal family situation. The factors change. I hire 

someone who does not have any children, and then I know, well, 

maybe in 5 years there will be children. That means I cannot exert 

any influence. Likewise, what about changing health situations?” 

(I11, 128) 

  

 

“I understood the figures shown.” (I6, 85) 

Quantitative 

skills 

Competency-

based self-

efficacy  
“But at the moment, it slays me and everything – honestly.” (I8, 249) 

  

 
“I cannot say anything about that [how to adopt the tool 

specifically]. My colleagues in the HR department are more closely 

involved in this issue. I cannot assess the potential.” (I12, 167) 

HR 

knowledge 

 

 

Table 7: Interviewees’ PBC related adoption of ML-based HRA tools 

Attitude 

The interviewees' attitude towards the adoption of HRA was influenced, among other things, by its 

perceived compatibility. The assessment of the task technology fit was very different (see I3 and I7), 

with the added value and the concrete integrability of the ML-based HRA tool in everyday work being 

questioned and analysed. The interviewees' attitudes also seemed to be influenced by whether the results 

of the HRA tool revealed novel HR insights. Like I9, almost all interviewees stated that the tool could 
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help identify at least some novel factors for employee voluntary turnover – and thus provide a basis for 

the development of personnel measures. It is notable that the consistency of the tools’ predictions with 

personal intuition is an important determinant of attitude. Provided that the results matched the intuition, 

this manifested in an improved attitude, and vice versa. 

In addition, considerations related to the improvement achieved by the tool seemed to have an impact 

on attitude. In our study, the extent to which implementation effort and technological innovation were 

perceived as impactful by the interviewees was important in this context (see Table 7). Some, like I4, 

felt that the innovative nature of the HRA tool enables new approaches to old challenges (such as 

demographic challenges) and improves previous processes (e.g., the quality of workforce planning). 

Essentially, innovation brings new perspectives and approaches. Others, like I11, critically questioned 

implementation efforts in terms of a cost-benefit trade-off. 

A few interviewees questioned the personal consequences of adopting the HRA tool and evaluated them 

accordingly. I9 and I11 were particularly afraid that superiors use the HRA tool inappropriately (e.g., 

findings led to monitoring by the superior or mobbing), that false predictions led to negative effects 

(e.g., in the allocation of tasks) or that misunderstandings occurred. Findings relating to the interviewees’ 

attitude to the adoption of ML-based HRA tools are presented in Table 8. 

Example Insights 

1st-order 

Categories 

2nd-order 

Categories 

Aggegate 

Dimension 

“I just wanted to add, because I think that our organisation is so big, 

that you do not have to look at individual employees. I cannot use 

that method at all.” (I3, 109) 

Task 

technology fit  

Compatibility Attitude 

“Through the tool, managers are encouraged to be active in their 

role.” (I7, 362) 

   

“Then I can look at this and analyse the most important factors that 

influence why this employee is leaving and use this to initiate 

optimisation.” (I9, 120) 

Novel HR 

insights 

  

“Of course, this creates trust when you see that even without 

algorithms.” (I3, 64) 

Consistency 

with intuition  

  

“No, there must be a mistake. It says that the probability of turnover 

is higher for civil servants.” (I5, 115) 

   

“I see this as a great support, and it goes much further than what we 

could do in the past. […] You can draw insights from the data that 

give the organisation a positive kick in any case.” (I4, 283) 

Technological 

Innovation 

Improvement 

through 

innovation 

 

“I think it is great that such an approach has been found at all.” (I6, 

160) 

   

“It is always nice to try something out, but of course, the question is 

then always cost and benefit. Does it bring us anything?” (I11, 162) 

Implementation 

Effort 

  

“I am afraid of the surveillance now that the supervisor monitors me 

like this: do I go or not?” (I11, 206) 

Anxiety Personal 

concerns 

 

“On the negative side, my responsible tasks could be taken away 

from me, because there would be a risk that I would leave the 

organisation.” (I9, 212)    

Table 8: Interviewees' attitude to the adoption of ML-based HRA tools 
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Norm 

The adoption of (ML-based) HRA tools is also limited by the ‘legal framework’. The interviewees stated 

that possible applications of the tool were severely limited or not possible due to legal conditions and 

the strict interpretation of data protection regulations in the public sector. Interestingly, some 

interviewees mentioned experiences with – from their point of view – overly strict data protection rules 

for historical organisational initiatives. For example, I8 stated that sensitive personal data should also 

be included in the tool and used for individual decision-making. Organisational councils have far-

reaching co-determination rights that go beyond the law and enable employee representatives to object 

to various decisions affecting the entire organisation, thus obstructing adaptation. The interviewees 

perceived that initiatives based on employee data were – in principle – prevented. Among other things, 

organisational councils receive evaluations of all HR reports requested in the IT system, and they strictly 

ensure that each employee processes only the amount of information needed to complete tasks. 

Culture is an important factor in the adoption of HRA (Vargas et al. 2018), where we distinguish between 

the social norm and organisational culture. During our interviews, some interviewees critically evaluated 

their social norm's compliance with the adoption and use of the HRA tool. For example, in terms of the 

individual employee’s privacy, they questioned whether the analysis of personal data was acceptable 

from their point of view, or with whom the responsibility for ensuring appropriate use lay. Others, like 

I11, saw no threat to (personal) privacy. From the interviewees’ responses, we were also able to find 

indications of the anchored organisational culture, which in our case tends to have a hindering effect on 

the HRA tool. The interviewees stated that there were many people with reservations and sceptics who 

viewed changes to previous processes or systems as negative; in addition, decision-making processes 

within the authority were often perceived as not rational and were very time-consuming. Moreover, the 

adoption of the HRA tool was a complicated undertaking because employees had difficulty dealing with 

predictions and uncertain expectations. Interview insights on subjective norms regarding adoption of 

ML-based HRA tools are presented in Table 9. 
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Example Insights 

1st-order 

Categories 

2nd-order 

Categories 

Aggegate 

Dimension 

“Data protection is a very important topic in our organisation. [...] 

Because we run analyses here that can be evaluated on a personal 

basis, and conclusions can be drawn about a person ” (I6, 180) 

Data 

use/protection  

Legal 

Framework 

Norm 

“This is very sensitive data with which the tool works – highly explosive 

in terms of data protection. Therefore, it cannot be implemented in this 

form.” (I7, 326) 

  

 
“And when it comes to data protection […] I think [it] tends to protect 

those who have something to hide rather than benefit others. […] 

Instead of excluding variables, you might have to take other variables 

in addition.” (I8, 351-359) 

  

 

“The problem is: The implementation of tools like this in-house must be 

approved by the organisational councils. From my work as an 

organisational consultant, I also know that software like this is not 

simply approved” (I5, 169) 

Co-

determination 

rights of 

organisational 

councils 

 

 
“That would just be too much intrusion into my personal life for my 

supervisor to have that information to hand.” (I9, 258) 

Social norm Culture 

 
“My boss has all my data at his disposal. He knows how many children 

I have, and he also knows where I live. He also knows when I'm sick 

and how much I earn.” (I11, 214) 

  

 
“We have many doubters – there is not only the political thing in the 

house.” (I7, 366) 

Organisational 

culture 

 

 
“The management always tries to be supportive, of course, but 

decisions are not made as quickly as in the private sector.” (I9, 240)       

Table 9: Interviewees’ subjective norms regarding the adoption of ML-based HRA tools 

Impact of ML characteristics  

The results for how the characteristics of ML affect behavioural beliefs (RQ2) are presented below. Our 

findings are successively illustrated in terms of trialability, transparency, automation, self-learning 

capabilities and fairness, as well as their effect on beliefs and experiences. 

 Trialability has an impact on attitude 

Overall, we observe a positive effect of trialability on the intention to adopt the provided HRA tool. 

Similar to the findings of Vargas et al. (2018), our interviewees believe that it is important to try out the 

ML model before it is implemented in the organisation, in order to gain experience of using it. They 

argue that a high level of trial and error makes it easier to assess the accompanying consequences of 

actually applying the ML model, which in turn could lead to an increase or a decrease in one's attitude 

regarding the tool. On the one hand, trialability helps to assess whether the ML model provides a 

presumed improvement through innovation (technological innovation): 

“I like to try something like this out in practice […]. ML does not really help here yet. I think 

we always have to make our own experiences with applications. […] They have to prove 

themselves in practice somewhere. And if they do not, then I have to analyse that. Where is the 

problem, or where does it not bring the benefit that I had hoped for? And, if necessary, I have 

to adapt it.” (I4, 283) 
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On the other hand, trialability helps to mitigate any potential personal concerns of employees: 

“For matters that are more critical, it is wise to first try things out, test them, see where 

adjustments can be made, involve the people and initially test it in a small area to then see how 

it is received [...] But having these sceptics around all the time makes everything a bit more 

difficult.” (I11, 222) 

 ML transparency has an impact on both attitude and PBC  

We observe positive and negative effects of transparency on the intention to adopt the provided tool. At 

the beginning of the interviews, we asked the interviewees about their intention to adopt the employee 

turnover predictions in their daily work. Interestingly, most initially saw little to no application in the 

tool's predictions when it came to pure predictive accuracy without understanding the effects of the 

predictors: 

“Unfortunately, I am not able to determine the value added because I have not performed any 

[proving] calculations [...]. Therefore, I could honestly plan better for the future based on 

historical data.” (I9, 98) 

However, the more transparency provided by the presentation of multiple predictor effects, the more 

diverse and extensive the applications identified by the interviewees (in their areas of responsibility), 

improving their attitude via the perception of compatibility of the tool and especially the personal task-

technology fit. Besides reflecting on how the predictions could be used (e.g., for workforce planning 

and identifying future staff shortages), the interviewees also recognised that the tool provides 

explanations for turnover. Thus, it offers opportunities to either mitigate turnover at an individual level 

or derive strategic and organisation-wide initiatives that address employee wellbeing (e.g., increasing 

remote working opportunities) and employer attractiveness (e.g., increasing childcare offerings). The 

discussions in all interviewees about possible applications of the tool in other HRM processes, made 

possible by transparency, indicate a higher algorithm-based efficacy. 

In addition, providing more transparency can have a positive or a negative effect on one's attitude when 

the derived predictor effects contradict personal intuition (compatibility). On the one hand, our 

interviewees found contradicting evidence useful in questioning their personal intuition: 

“But it definitely brings insights that straighten out the picture and probably bring it closer to 

reality. Yes, I would use it if I had to decide for my hotdog stand.” (I1, 135) 

On the other hand, a few interviewees questioned the functionality of the provided tool when identifying 

evidence that contradicted their own intuition (conformity with intuition, Table 8). Furthermore, our 

results suggest that these interviewees demanded a high degree of traceability to help them understand 

the underlying calculations of the ML model (algorithm-based efficacy): 
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“I [...] want to understand what is happening behind the system, [...] In Excel, you can see how 

the calculation is done and what the result will be. With machine learning, you probably won’t 

be able to see it that way. The machine learns based on the data and then outputs something. 

So, I always need a certain level of traceability for each step.” (I9, 294) 

To summarise, we find that transparency influences attitudes via the perception of compatibility in two 

ways (personal task-technology fit and conformity with intuition), as well as PBC via algorithm-based 

efficacy, also in two ways (applicability and traceability). 

 Degree of automation through ML decision-making influences attitude and PBC 

We mostly observe a negative effect of the degree of automation on the intention to adopt the provided 

ML model. All interviewees agreed that decisions should only be augmented with the help of the tool 

and that a fully automated decision-making process should not be implemented. Several reasons 

regarding attitude, especially personal concerns, were given for this, such as the fact that the 

interpersonal component must not be lost, especially when decisions are made on an individual basis: 

“At the top level, they want numbers, and there's also the risk that when they see those numbers, 

they do not want to deviate from them […]. However, the human factor, and the perspective and 

the focus on the individual employees, is simply lost as a result. The decision-makers who 

normally have management responsibility, who actually manage people, have to look at the 

results.” (I1, 52) 

I4 pointed out that automation is only useful if the model does not make a single mistake. This in turn 

is reflected in the expected accuracy of the tool (algorithm-based efficacy): 

“[For automation], the probability of correct predictions is not yet high enough, not until the 

hundred per cent mark is reached. Until then, decisions are up to personnel analysis by 

management – instead of letting the machines think completely.” (I4, 275) 

The interviewees believed that the responsibility and rational towards decisions lies with humans (an 

ML-augmented decision process) and questioned whether the provided ML model is suitable for 

drawing the right conclusions and deriving appropriate actions from a prediction. This translates to a 

low perceived applicability (algorithm-based efficacy):  

“If you were to go only by the machine: a woman has a salary of 3,000. We will just raise it to 

4,000 – but a man does not get that raise. [...] I would see it critically in the first instance. In 

any case, it does not replace the interpersonal connection. Well, I do not work together with the 

machine, especially not in a subordinate relationship. Ultimately, such a decision must be made 

by a manager.” (I7, 402) 
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 The self-learning capabilities of ML affect PBC  

Unexpectedly, we identified the perceived learning capabilities of the provided ML model as a further 

relevant ML characteristic influencing the algorithm-based efficacy (PBC). A few interviewees 

associated continuous learning with ML and expected continuously increasing accuracy due to future 

learning iterations with more data or feedback loops: 

“[With] ML and Artificial Intelligence work – as far as I have now generally heard – the more 

you feed, let's say, the machine with information, the better it becomes. And that's exactly the 

direction it should go if you use it more often and feed it with more and more data. It will get 

better and better, and that will also reduce the error rate, in my opinion.” (I9, 182) 

Interestingly, some of the interviewees translated the automated self-learning characteristics they were 

aware of from a reinforcement learning ML model in another context to this specific ML model, without 

knowing whether these feedback loops were actually implemented: 

“[ML]… is a self-learning system, and the more often I run it, the better my predictions become. 

In this respect, if I have understood correctly, we are still at the start. And the more data is fed 

in and compared with real things, the more accurate the predictions will be – at least that's what 

I would expect.” (I2, 85) 

(Un-)Fairness does not affect the intention to adopt 

As noted in the literature review, increased ML transparency can also affect perceptions of ML fairness. 

In the interviews, we specifically asked about the fairness perception in hypothetical scenarios (e.g., 

What requirements do you have for the model in terms of fairness or equal opportunity? Would you 

remove certain data from the dataset, for example, for reasons of fairness or equal opportunity? From 

the position of your supervisor making decisions about you, do you have any reservations or concerns 

about using the model?). Interestingly, none of the interviewees mentioned significant caveats regarding 

fairness aspects. For example, excluding protected group variables from the dataset was not suggested 

by any interviewee. We were able to ascertain this even after providing a list of predictors used in the 

ML model as well as XAI visualisations that (1) listed protected group variables such as gender or age 

and other data that require extensive protection, such as health-related information, (2) clearly 

documented differences between protected group variables and their impact and (3) were considered the 

basis for local (employee-specific) or global (organisation-wide) decision-making – and thus varying 

degrees of impact on individual employees. Several arguments were made by the interviewees as to why 

the HRA tool in its current state is fair and no adjustments are needed. First, I9 referred to the objectivity 

of the data and the responsibility for any consequences:  

“You cannot influence the fact that our organisation is over 70% women, so you cannot do 

anything by saying that we now have to hire only men. That would be discriminatory. That is 



 

Main section (cumulative)  72 

 

why I do not think it is so bad. Those are the facts, that is the database, you cannot change that. 

Or that older workers are less likely to quit. As a human being, as a decision-maker, you also 

have the information, and you have to interpret it accordingly.” (I9, 280) 

Second, I1 made a similar argument, pointing out the possible lower prediction accuracy of the tool 

when predictors are eliminated. The interviewee argued that differences are not unfair if they are based 

on differences between protected groups that can be explained by real facts, which he exemplified in 

terms of intergenerational differences: 

“My father was in the same company for 30 years, my mother worked in the same company for 

over 40 years. So that is the thing, for me, that would be unthinkable. I would not exclude 

predictors like age or gender […]. I can understand that you want to leave such factors out so 

as not to discriminate against anyone […], but it would also just be out of touch with reality. 

[…]. I would claim that there are significant differences, and that tells me that it must not be 

left out at all.” (I1, 151) 

Overall, we found no evidence that the interviewees had changed their intention to adopt the HRA tool 

due to the different treatment of women or men, or younger and older employees. This can be explained 

by the above statement that potentially unfair discriminatory decisions should be corrected by human 

judgment in an augmented (non-automated) decision-making process. 

Refined model: Individual intention to adopt HR Analytics  

The results of our study are summarised in a qualitative model, as illustrated in Figure 19. Vargas et al.’s 

(2018) framework forms the basic structure on which the various factors influencing PBC, attitude and 

norms are concretised. As a further addition, the influences of ML characteristics emerge. Please note 

that ML characteristics have effects on zero (fairness), one (self-learning capabilities) or two 

(transparency, automation and trialability) constructs of behavioural beliefs. 
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Figure 19: Proposed qualitative model for individual intention to adopt HRA based on ML characteristics. 

Discussion and implications 

Notwithstanding the asserted importance of HRA, research examining its impact on organisational 

performance remains underdeveloped (Marler and Boudreau 2017, p. 15). While recent studies find 

evidence for the effects of HRA and organisational performance, this link is mediated by an 

organisational shift to more evidence-based management practice. Moreover, it is argued that HRA can 

only provide a benefit for an organisation when predictions and estimations are incorporated into neutral 

and evidence-driven decision-making (McCartney and Fu 2022, p. 38). Evidently, a respective shift 

requires a congruent employee mindset and therefore a strong intention to incorporate HRA into their 

daily work. Our study contributes to this ongoing debate by extending and contextualising current 

knowledge on the adoption of ML-based HRA for a specific use case. 

PBC, attitude and norms influence an individual’s intention to adopt HRA 

Regarding salient beliefs and experiences, Vargas et al. (2018) find five factors determining the 

individual adoption of HRA: technology self-efficacy (PBC), quantitative self-efficacy (PBC), attitude 

towards using HRA, social influence and tool trialability. Vargas (2016) investigates a larger number of 

possible factors influencing the user level of adoption, whereby general self-efficacy and data 

availability, which were queried in the survey with narrowly specified items, showed no significant 

influence. Therefore, we investigate the personal perspectives, experiences and spontaneous reactions 

of knowledgeable employees in a specific use case with field data. This particularly provides a lens for 

a deeper understanding of the individual adoption of ML-based HRA. For example, we find evidence 

that interviewees with higher quantitative skills, as well as overall competency-based self-efficacy (e.g., 
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HR knowledge), were more open to incorporating the displayed HRA tool in their work. In addition to 

technological aspects, the input data on which the ML-based HRA tool is trained was highly important 

to the interviewees. We therefore suggest that data-based efficacy, as an aggregation of the composition 

and reliability of the dataset, is another important dimension of a potential user's efficacy. The findings 

published by Omrani et al. (2022) suggest similar relationships in terms of data, albeit their study argues 

that concerns about discrimination in the use of Artificial Intelligence reduce trust. In addition, we find 

evidence that attitudes toward the adoption of HRA are made up of a wide variety of aspects. These can 

be divided into three categories, namely the assessment of the tool’s compatibility in daily work, an 

assessment of the potential for improving the tool in organisational processes and personal concerns. 

Venkatesh et al. (2003) find similar results in their model of technology use. In their work, performance 

expectancy, as the "extent to which an individual believes that using the system will help them improve 

their job performance", represents a relevant factor similar to the perceived usefulness of the Technology 

Acceptance Model (Davis 1989). Regarding the norm, the interview data also divides this factor into 

legally established norms and (organisationally) culturally determined aspects. 

Proposition 1: For ML-based HRA, an understanding of related studies is not sufficient to explain 

individual adoption. Instead, we propose additional important determinants for 

PBC (data-based and algorithm-based efficacy), attitude (compatibility of tools 

and tasks, personal concerns, improving practices through innovation) and norm 

(organisational culture and legal framework). 

 

Most ML characteristics have an influence on behavioural beliefs  

Furthermore, our results suggest that several additional ML characteristics drive perceived algorithm-

based efficacy as well as attitudes to the use of the displayed ML tool. First, to make ML-based HRA 

useful, predictors’ diagnostic results – provided by the XAI visualisations – are an important facilitator 

in terms of coalescing employee turnover predictions (Chowdhury et al. 2022). Identifying additional 

uses of the HRA tool when understanding the causes of employee turnover suggests a more evidence-

based management practice, which is theorised as an important enabler of HRA in an organisation 

(McCartney and Fu 2022, p. 29). The studies by Kim et al. (2023) and Haque et al. (2023) reveal that 

XAI visualisations in particular contribute to user understanding and adoption, when appropriately 

designed. To summarise, in most cases, higher transparency leads to a higher attitude and PBC. We thus 

provide an empirical example demonstrating that with sufficient ML transparency, the various burdens 

on users (emotional, mental, prejudices, etc.) (Park et al. 2021) can be overcome when introducing ML-

based HRA. However, in line with other research (Schmidt et al. 2020), we also find that these effects 

can be reversed when the rational explanations of the model and the reasoning of experts contradict each 

other.  
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Second, our interviewees were reluctant to automate an entire decision, for example a promotion, by 

delegating it to the HRA tool, as most of them did not expect the respective tool to possess the necessary 

skills to solve the task adequately on its own. This finding is similar to the results by Dietvorst et al. 

(2018), who identified a significant aversion to fully automated predictive analytics tools that vanishes 

when participants get at least some degree of control over the underlying decision. Lee and Cha (2023) 

confirm this notion by showing that choosing augmentation over automation is one of the two key factors 

in adopting Artificial Intelligence recruitment systems.  

Third, we observe a difference in the beliefs of the interviewees, who expect the displayed HRA tool to 

have self-learning capabilities or not. In sum, our empirical data indicates that interviewees are more 

forgiving of an error-prone prediction in the first case, as maybe because they expect the HRA tool to 

subsequently improve upon its past mistakes and thus increase algorithm-based efficacy. Note that this 

finding is in line with Reich et al. (2023) and Berger et al. (2020), both of whom identify self-learning 

capabilities as an important factor in mitigating algorithm aversion. Our study extends these interesting 

points by the fact that self-learning ability may be taken for granted by using the ML term, while such 

abilities (e.g., reinforcement learning) are not even implemented. 

Fourth, as proposed by Vargas et al. (2018), our interviewees were interested in trying out the displayed 

HRA tool to assess its capabilities and then form an attitude on it. In addition, indicators of initial anxiety 

about the ML-based HRA tool's capabilities were apparent (see Table 7), which can be addressed with 

trialability. This finding is in line with the Innovation Diffusion Theory (Rogers 2003). In summary, we 

therefore propose: 

Proposition 2: Several ML characteristics influence attitude and PBC in relation to the intention 

to adopt ML-based HRA: (a) the degree of transparency created, (b) the choice of 

automated usage, (c) the implementation of self-learning capabilities and (d) the 

enabling of trialability.  

 

Consistent with Neumann et al. (2022), we find no reference in the interviews to ethical considerations 

regarding the adoption of the ML-based HRA tool in our empirical setting from public sector. Our results 

show that fairness and non-discrimination were not critically questioned, even when potential biases 

were highlighted by XAI visualisations and the interviewees were explicitly asked about them. This 

outcome is alarming, as HRA, and especially ML, can foster discrimination and create various risks for 

employees and the organisation (Tursunbayeva et al. 2022). For example, according to the General Data 

Protection Regulation of the European Union, the use of an ML model that includes protected class 

variables for individual decision-making can be considered a legal case of discrimination, referred to as 

“disparate treatment” (Goodman and Flaxman 2017). Lee and Cha (2023) confirm that solving the 

fairness problem remains complex, even if this complexity mitigates discovering an unfair decision 

basis. 
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Proposition 3: Fairness does not matter for the individual deciding whether to adopt ML-based 

HRA and must be ensured by other appropriate measures.  

 

Implications for practice  

In practice, organisations seeking to leverage the potential of efficiency gains through ML-based HRA 

might try to increase adoption at the individual level. Our results reveal that various adjustable modifiers 

exist during adoption, in particular the degree of automation in algorithm-based decision-making and 

provided transparency. Most importantly, technical measures (such as XAI) can positively or negatively 

influence both PBC and attitude, because providing understandable visualisation allows the user to 

compare the included predictors, as well as their effects with their intuition.  

However, in trying to increase the intention to adopt ML-based HRA on an individual level, 

organisations should be careful to avoid pitfalls. For instance, negative examples have already 

demonstrated that biases can lead to unfair decisions based on ML (e.g. Alon-Barkat and Busuioc 2023). 

With the risk of resulting high social and economic damage, the consideration of ethical challenges is 

necessary in HRA projects (Langer and König 2023; Edwards et al. 2022, p. 5). As legislation for the 

responsible use of ML comes into force soon (AI HLEG EU 2019), organisations need to address such 

potential unfairness proactively. Thus, our finding, namely that ethical considerations and fairness of 

HRA in the early adoption stages were not challenged by the interviewees, is alarming and should 

therefore be paid careful attention in practice. Neumann et al. (2022) note that specifically the early 

adoption phases of ML applications are characterised by (1) a focus on positive business cases, (2) 

reliance on external partners, (3) change management processes to increase acceptance and (4) little to 

no real recognition of ethical considerations such as algorithm accountability and fairness. Thus, we 

specifically advise organisations to ensure proactively the inclusion of ethical considerations in the early 

stages of adoption and to implement internal policies and approval procedures with the help of internal 

or external expertise.  

Ultimately, the responsible use of ML-based HRA can only be achieved when HR professionals have 

the knowledge necessary to evaluate ML models critically, based on the transparency provided by 

technical measures such as XAI visualisations and internal guidelines (Langer and König 2021). 

However, Vargas et al. (2018) note that HR professionals have low levels of quantitative self-efficacy 

(fear of maths/statistics, lack of quantitative training, low awareness of analytics, lack of resources and 

organisational support to promote analytics and its tools). Our results extend these findings, which 

suggest investing in training initiatives that demonstrate the importance of achieving ML transparency 

and in turn encourage the acquisition of skills specifically to interpret performance statistics of ML 

algorithms or XAI visualisations. 
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Limitations and further research 

There are two main points that limit the findings of this study. First, our qualitative approach is based 

on the manual coding of interview transcripts; however, we took several measures to ensure the validity 

of our findings during the coding process and after the final analysis (see Figure 17). For example, the 

credibility of our findings was established by independent coding by two of the authors in three coding 

steps. In addition, our results were critically reflected on the basis of existing evidence (Vargas et al. 

2018) and by the third author. The findings were verified by inter-coder and intra-coder reliability (Miles 

and Huberman 1994). 

Second, while the methodological choice of a single case study has a solid foundation in HRM, and 

recent studies using this method advance the field considerably (e.g., Ellmer and Reichel 2021; van den 

Broek et al. 2021; Remneland Wikhamn et al. 2023), this methodological choice limits the transferability 

of our findings (Flyvbjerg 2006). Nonetheless, it offers the advantages of an in-depth investigation of 

HRM practices with a heterogeneous interviewee population (e.g., diverse backgrounds and experience) 

and an examination of deep cause-effect relationships (from ML characteristics to HRA adoption) that 

are overlooked in broader studies. In our particular case, the results thus pave the way for future 

quantitative studies that can explain the individual adoption of HRA more holistically and further 

develop the previous framework by Vargas et al. (2018), which can only explain about 35% of the 

observed variance. To achieve this, the exploratory and qualitative nature of our study leaves the 

following concrete possibilities for future research. First, future studies should examine multiple 

organisations to further validate the transferability of the three propositions for individual HRA 

adoption. Second, we invite future research to formulate and quantitatively test hypotheses based on our 

proposed qualitative model. Especially, the effects of the automated usage of ML predictions and ML 

transparency provide interesting opportunities in this regard, as they both affect PBC as well as attitude. 

In addition, our study is not able to provide insights into the effect strength of the assumed causal 

relationships between ML characteristics and the intention to adopt. Third, we focus on the first 

implementation of an ML-based HRA tool, which means that the key beliefs and experiences identified, 

as well as underlying ML characteristics, may not apply to a more mature stage of ML adoption. 

Therefore, given that information systems research has found a considerable number of factors 

influencing the intention to use HRA (e.g. Mahmud et al. 2022), future research could investigate 

whether the effects and significance of certain factors change over the course of the implementation and 

utilisation phase. For example, does the importance of ML transparency decline as users of ML-based 

HRA gain experience over time and learn that the system provides (in-)accurate results? Fourth, we 

agree with the widespread view that HRM systems need to be tailored to the individual case (e.g., 

Remneland Wikhamn et al. 2023), which is why we also call for more qualitative research examining 

the individual adoption of technological advances in ML-based HRA. 
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Conclusion 

In contrast to existing technological tools, ML-based HRA generates unique challenges, most notably 

the potential opacity of the rationality used by models to formulate predictions, as well as the potential 

to automate HRM decision-making fully. This study provides deeper insights into behavioural beliefs 

determining the decision to adopt ML-based HRA from an individual perspective and sheds light on 

how ML characteristics affect it. Based on the focused interview methodology, we introduce novel 

propositions and an extended qualitative framework with new constructs of important factors from the 

perspective of end-users of individual HRA adoption. Investigating the lines of reasoning also reveals 

that potential ML model users do not include fairness considerations in their decision to neglect or adopt 

the tool. We hope our findings help to guide both the interdisciplinary research on HRA and 

organisations to a successful path in their mission to achieve the responsible proliferation of ML-based 

HRA. 
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3 Comprehensive discussion 

This section provides a comprehensive discussion of the three studies presented in the last section. In 

particular, the overarching key findings for the in-depth case study are discussed along with other 

findings from the literature on algorithmic HRM and other high-risk decision-making applications from 

the public sector (see Figure 3). Recall the overall aim of this thesis, to help shift the use of AI in 

algorithmic HRM to the bright side of the continuum whilst mitigating the dark side. In particular, this 

section discusses how the results of all three studies can be interpreted holistically in terms of meeting 

the requirements for responsible AI (see Figure 4) and how the individual and organisational adoption 

of algorithmic HRM can be achieved. The comprehensive discussion in this section focuses on what can 

be learned from the three studies in relation to an important blind spot in algorithmic HRM (Lamers et 

al. 2024): The technologies surrounding ML and AI are often oversimplified using the black box 

metaphor so that “the importance of social contexts is not recognised in which technological artifacts 

are formulated, implemented, interpreted, and appropriated" (Kim et al. 2021, p. 234). 

3.1 Mitigating the dark side of AI in high-risk decision-making 

A first very important finding of all the studies is that the seven requirements for responsible AI cannot 

be considered and treated separately. Instead, transparency seems to be not only a requirement in itself, 

but also an important prerequisite for fairness, non-discrimination and diversity (see study 2) as well as 

oversight and human control (see study 3). However, transparency can sometimes interfere with privacy 

and lead to a conflict of interest. If important features of an ML model rely on protected personal data, 

opening up an opaque black box model simultaneously leads to more transparency and less privacy. 

This results in a trade-off which, like the trade-off between predictive performance and transparency 

(see study 1) or predictive performance and diversity (see study 2), needs to be addressed with a holistic 

optimisation problem in the ML development process. While the implications of this trade-off in the 

search for AI are not entirely new, technical studies (Krishna et al. 2023) have only recently begun to 

address it in relation to the “right to explanation” and the “right to be forgotten” (GDPR 2016). Overall, 

the trade-offs collectively illustrate that the complexity of responsible AI results from not only the 

fulfilment of seven demanding requirements alone, but also their interdependencies. 

For example, the three studies also reveal interdependencies with the accountability requirement, in that 

the organisation's internal self-regulated guidelines address the accountability (also referred to as 

‘intervenability’ and ‘responsibility’) to emphasise the need for flexibility to deactivate an AI model, as 

well as training responsible managers to decide on its use and serve as the first point of contact in case 

of criticism and scepticism about the system (Network AI in labour and social administration 2022). In 

the interviews in the third study, these guidelines are substantiated by the statement that HRM employees 

who use ML models as algorithmic decision-making aids are also responsible for critically questioning 
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the correctness and fairness of decisions. In this sense, the interviewees believe that it is not the ML 

model itself that must be responsible for decisions but the output of the socio-technical system consisting 

of algorithmic advice and human decision-makers. Complete automation is not desirable, though, as the 

human connection and interpersonal perspective are missing. The implications of this insight led to the 

motivation for study 2.14 In summary, studies 2 and 3 show that in algorithmic HRM, the way ML 

models and predictions are perceived by HRM staff is critical to achieving accountability in ML-based 

decision-making, not only in terms of responsibility for monitoring a model, but perception also 

determines the ultimate impact of ML predictions on business process decisions. Furthermore, at least 

in this case study, an augmentation approach with a human decision-maker is preferable to automated 

approaches employed to fulfil not only the requirements of responsible AI in terms of fairness and 

human oversight, but also accountability. However, while the results on transparency and fairness of 

this case study may be applicable to automation through algorithmic HRM (e.g., see prescriptive 

analytics of gig platforms in the introduction section), this thesis leaves open questions on how the 

requirements accountability and human agency and oversight can be fulfilled. If algorithms are to make 

autonomous decisions, it is essential to at least establish a socio-technical supervisory body that 

rigorously assesses their impact on individuals on a regular basis (Charlwood and Guenole 2022; Kelan 

2023; Edwards et al. 2022). 

It should be noted that the case study also has limitations in terms of what can be learned about fulfilling 

the requirements of responsible AI. For example, in study 2 for diversity, non-discrimination and 

fairness, this work addresses important overarching open research questions on gender equality, such as 

"How can historical bias in HR datasets be mitigated?" (Kelan 2023). However, due to limitations in the 

respective datasets in this case study, equally important and more specific research questions regarding 

non-binary, queer and intersectional inclusion remain unanswered. As only gender-binary data are 

available, similar analyses of adverse impacts for these subgroups, such as between binary genders, with 

appropriate fairness measures (see study 2) are not possible. Future research should focus on how the 

above and other minority groups can be adequately accounted for in ML models. The results of this 

thesis suggest that ML offers new opportunities to overcome the limitations of traditional statistical 

methods used for inductive research methods or algorithmic HRM and HR analytics, due to its ability 

to model multifaceted and nonlinear relationships (see study 1). However, this potential can only be 

realised if the data are available for analysis, which requires the organisation to collect and process 

inclusive gender-specific information beyond binary assignment. The labelling and training of equally 

accurate models for all subgroups often result in unsolved problems in practice and leave room for future 

research (Kelan 2023). Interestingly, the question whether non-binary information regarding gender is 

 

 

14 Please note that the development of the framework in study 2 post-dates study 3.  
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collected and analysed is another example of the aforementioned trade-off between diversity and the 

need for data protection and privacy in responsible AI.  

3.1.1 Understanding and addressing cognitive human biases 

Documented examples of the dark side of AI and algorithmic HRM (see introduction) can be attributed 

to either  biases in the data basis (e.g., historical hindsight), design biases in the ML development process 

(e.g., subjective opinions or wrong intuition of the developer) or the translation phase of predictions into 

actual decisions, due to human bias (Kelan, 2023). The technical frameworks proposed in studies 1 and 

2 aim to mitigate the first two reasons (data and design) for negative consequences through statistical 

measures derived from a technical perspective from the results of the ML model. The interviews in study 

3 point to possible cognitive human biases which, if not properly recognised and addressed, could 

undermine the effectiveness of the proposed technical frameworks in the later stages of ML output 

utilisation; for example, even if the ML predictions are accurate, fair and transparent, they could be 

misused by managers in day-to-day decision-making. The next section the builds on the interviews (see 

Table 7, Table 8, Table 9) and extends discussion of study 3 regarding cognitive human biases and their 

implications. 

Documented examples of negative consequences in algorithmic HRM can usually be traced back to (1) 

distortions in the data foundation (e.g., historical hindsight), (2) design distortions in the ML 

development process (e.g., subjective opinions or wrong intuition of the developer) or (3) the translation 

phase of predictions owing to actual decisions resulting from human biases (Kelan 2023). The proposed 

technical frameworks in studies 1 and 2 aim to mitigate the first two reasons (data and design) through 

statistical measures derived from a technical perspective from the outputs of the ML model. The 

interviews in study 3 point to possible human cognitive biases. The discussion is based on the notion 

that the effect of technical measures will not lead to responsible AI unless all three reasons are addressed 

in conjunction. For instance, even if the ML predictions are correct, fair and transparent, they could still 

be misused by managers in everyday decision-making. The next section discusses a number of cognitive 

human biases and their implications. 

The negative consequences of ML-based high-risk decisions, with real-world impacts stemming from 

cognitive human bias, have not been documented in algorithmic HRM but in the public sector. To create 

risk profiles of people applying for childcare benefits, for instance, the Dutch Tax and Customs 

Administration used algorithms in which 'foreign-sounding names' and 'dual nationality' were used as 

indicators of potential fraud. As a result, thousands of (racialised) low- and middle-income families were 

screened, falsely accused of fraud and asked to pay back benefits they had obtained completely legally. 

The algorithms thus led to legally punishable racial profiling (European Parliament 2022). Alon Barkat 

et al. have investigated the case further and point to biases such as over-reliance on algorithmic advice 

(‘automation bias’) or reliance on conformity to stereotypes (‘selective bias’). However, they find no 

evidence of this prejudice in laboratory experiments and argue that bureaucrats no longer rely on 
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discriminatory outcomes, due to increased awareness of discrimination and algorithmic bias following 

the scandal (Alon-Barkat and Busuioc 2023). In this context, in a field study that contrasts the 

problematic nature of responses to artificially created environments in experimental methodological 

settings, study 3 provides valuable views on potential automation and selective bias prior to the 

introduction of the systems. Interestingly, there is no evidence of bias towards automation, as the 

respondents highlight the possibility of altering the automated prediction through human judgment, as 

well as have an overall critical perception prior to the explanations, suggesting that people want to 

challenge the predictions. However, the results of the study point to possible human biases similar to the 

above ‘selective bias’ that could be problematic in ML-based high-risk decision-making, most notably 

confirmation bias. That is, the interviews in study 3 indicate overconfidence in the ML model, as 

respondents' attitudes towards the ML model and explanations increase as these explanations become 

more consistent with intuition. This notion may undermine the thesis that ML transparency provides an 

interface for correcting an ML model’s incorrect decisions and important human oversight (see study 

1). XAI research is aware of the problem of identifying or selecting explanations that are consistent with 

intuition, but studies rarely discuss how to mitigate this effect. Ha and Kim (2023) are a recent exception 

in this regard and prove that the use of textual explanations, in combination with the provision of a priori 

information, can strengthen trust and at the same time mitigate cognitive biases. This a priori 

information, which refers to general knowledge that is known prior to the application of ML, can come 

for example from domain knowledge or scientific theory. This idea is also used in the sociotechnical 

approach, and an empirical demonstration of the framework in study 2 supports the idea of including 

ML assessments with a priori information. Textual explanations extracted via post-hoc XAI methods 

were not applied here, but they could be implemented in the interface, which in turn could further 

improve the quality, fairness and value of the sociotechnical output. When adapting the sociotechnical 

framework of study 2, it is therefore advisable to select the XAI method based on the requirements of 

XAI stakeholders. For example, Riveiro and Thill (2021) find that the selection of XAI methods can 

partially fulfil the expectations of the addressees of explanations by answering the questions of causation 

("What are the reasons for this prediction?") or counterfactual reasoning ("What is the reason why it is 

not this prediction?"), depending on the requirement.  

Another hitherto unexpected type of cognitive bias reported in study 3 is based on the hype surrounding 

generative AI – and ChatGPT in particular (see 1.1 Motivation). Some interviewees initially showed 

high confidence in the ML models' predictions and pointed to the self-learning capabilities of particular 

example, using viral AI systems such as ChatGPT as an analogy (e.g., “So, if I understand machine 

learning correctly, it [the ML model used to predict voluntary turnover] is a self-learning system, and 

the more often I run it through, the better my predictions will be”; “I think scepticism is healthy, even 

towards Chat GPT, but the machines are constantly learning”). Interestingly, neither self-learning 

capabilities are part of the description of the developed ML model nor was the iterative development of 
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models, as described in the sociotechnical framework in Figure 14 in study 2, communicated. Instead, 

the ML model, which is trained on the currently static dataset with a fixed process (see Figure 7 in study 

1), is only updated when new or more recent data are introduced into the ML model. In short, 

interviewees assumed that self-learning capabilities are implemented because of the term "ML" and its 

close conceptual or terminological association with AI technology. These incorrect assumptions, 

implying an hybrid form of association fallacy and technological optimism bias (Clark et al. 2016), 

might lead to overconfidence in the ML model’s accuracy, even if the predictions are incorrect. This 

result supports the literature, which shows a significant impact of terminology, meaning simply terming 

or naming algorithmic tools differently (e.g., ML, AI, model, algorithm, computer programme, robot) 

(Langer et al. 2022). For instance, in the specific case of HR, the authors point out that the term ‘AI’ is 

perceived as less beneficial, which could lead to a stronger public outcry in contrast to terms such as 

‘algorithms in HRM’. While the impact of naming the tool is somewhat surprising (and not reflected in 

the motivation behind or hypotheses in the three studies), they nevertheless have important implications 

for practitioners looking to adopt algorithmic HRM and ML in general. Individual-level adoption and 

appropriately calibrated confidence leading to responsible use can be strategically influenced by naming 

the tool precisely according to its capabilities. In addition, the provided information about the model 

needs to explain the capabilities of the algorithmic model in more detail, as the terminology could be 

interpreted differently by various stakeholders. In addition, this finding supports research suggesting 

that generative AI accelerates and drives the adoption of a data-driven decision paradigm and culture 

(Davenport and Bean 2024), which in turn is also a key enabler for narrow algorithmic HRM such as 

the predictive algorithms used in this case study. 

Finally, this section discusses the implications of possible wrong decisions resulting from human 

cognitive biases. The main question that arises here is: Who is accountable if an ML-based decision 

leads to negative consequences? Respondents in study 3 do not directly attribute accountability, e.g., in 

terms of non-discrimination, to the ML model and its predictions as proposed in the EU AI Act (see 

Figure 3). This means that developers and data analysts may not be held accountable for their 

developments, as respondents believe that the models, as well as the data used, adequately reflect the 

real world (see study 3). Instead, according to the interviewees, end users (e.g., HR managers) and other 

stakeholders in  employee turnover predictions are accountable for recognising incorrect results and 

acting accordingly, i.e., only using them when they think the predictions are fair. Regardless of the 

intended HRM application, respondents are interested in the overall performance of the system, which 

ultimately has an impact on employees. In light of the human cognitive biases above, this may be 

problematic; moreover, HRM staff may lack background knowledge, e.g., about the risk of transferring 

biases in data to ML models. For example, it is worrying that the respondents in study 3 are not aware 

of the problematic consequences of using protected group information as an input feature. Study 2 

therefore suggests that accountability should be distributed across the entire process of developing and 
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applying ML. The proposed framework specifically targets fairness but could be extended to other 

requirements such as accountability. Intuitively, technical specialists developing ML should be 

responsible for the predictions, as they have the necessary technical knowledge to recognise biases in 

data and ML predictions. However, given the cognitive biases mentioned above, it seems clear that they 

cannot be responsible for the overall decision. This notion is highlighted in the fairness assessment 

framework proposed in study 2, as sociotechnical systems theory suggests a holistic approach to 

optimising the overall system. Consequently, technical and HRM staff are jointly accountable for overall 

decisions, with the technical staff being more responsible for the reasonableness of the model's 

predictions, and the human resources staff being more responsible for the final judgment. The 

establishment of clear processes and organisational structures in organisations is particularly important. 

This holistically distributed accountability of a sociotechnical system is specifically important because 

Fest et al. (2023) find evidence that data professionals may exert discretion and are aware of public 

values, but their value-sensitivity often does not translate into responsible practices. Instead, they use a 

variety of arguments to dissociate themselves from, or downplay, their responsibilities. Overall, the 

studies show that without establishing clear guidelines for accountability, the promise of a more 

objective basis for decision-making is undermined and instead leads to more discrimination and injustice 

(Alon-Barkat and Busuioc 2023).  

For the HRM function, this means that they are primarily accountable for the algorithmic HRM tasks 

that fall within the core area of their professional background knowledge, albeit they also require 

knowledge of the technical fundamentals in order to appropriately interpret the data, models and 

explanations (e.g., quantify uncertainty statistically). This applies in particular to post-hoc explanation 

methods, which, as study 1 argues, may produce unreliable results and therefore require suitable 

background knowledge for adequate use. Due to potential unreliable results, the literature is divided on 

its application to high-risk decisions. In this regard, the contribution and implications of this case study 

to this debate are discussed in the next section. 

3.1.2 The importance of XAI techniques, and their actual contribution to responsible 
AI 

The in-depth case study above provides rare and valuable insights into the contribution of XAI in terms 

of fulfilling the requirements of responsible AI, as the three studies uniquely provide a complementary 

assessment of the necessity and implications of post-hoc XAI methods. This section initially briefly 

reviews the first study's discussion on which two dogmatisms emerged in the literature, and then it 

extends this discussion by addressing the appropriateness of post-hoc XAI methods in achieving ML 

transparency by adding the aspects of effects on fairness (study 2) and adoption (study 3). Following 

the motivation behind and introduction to this thesis, the overarching question uniquely answered by the 

collection of all three papers is: How can post-hoc XAI methods help to shift the dark side of AI to the 

bright side? 
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Under the first dogmatism, researchers from various disciplines call for avoiding complex ML 

algorithms in combination with post-hoc explanatory methods for high-risk decisions and instead 

suggest using simpler algorithms for transparency-by-design approaches (e.g., Rudin 2019; Ghassemi 

et al. 2021; Vale et al. 2022). The reason for this is that, due to the approximate nature of post-hoc XAI 

methods, these explanations may be inaccurate, unstable and therefore potentially misleading. Under 

the second dogmatism, research in fields like interpretable machine learning or XAI proposes the 

advantages of post-hoc explanatory methods to utilise complex ML algorithms in decision-making, thus 

maintaining high predictive performance while achieving sufficient comprehensibility (e.g., Arrieta et 

al. 2020; Langer and König 2023; Chowdhury et al. 2022). While the first study presents a nuanced 

view of when the latter post-hoc XAI approach is justified in algorithmic HRM applications, depending 

on the complexity of the data-generating business process (e.g., voluntary employee turnover 

prediction), papers two and three extend this idea by assessing the impact of post-hoc explanations. 

In the sociotechnical framework of the second paper, ML transparency is the key element in creating a 

human-ML interface that establishes a link between human expertise in HRM-related assessments and 

ML strengths in predicting complex phenomena. The empirical demonstration part of the design science 

methodology showed that XAI methods provide sufficient transparency for the sociotechnical approach 

to ML fairness assessment. First, the HRM experts were able to understand the reasons for a high or low 

predicted turnover probability on an individual level. Second, post-hoc explanations allowed them to 

understand from a different context (post-pregnancy integration, etc.) the predictor effects in relation to 

measures to prevent employee turnover. Third, based on this information, the HRM experts were able 

to identify spurious predictors potentially leading to unfair bias and thus incorporate their perception of 

fairness into the next iteration of the technical ML development process. This finally led to models with 

fewer adverse impacts on certain protected groups (fulfilling the 4/5- rule), thereby fostering the 

diversity, non-discrimination and fairness requirement of responsible AI in algorithmic HRM. Both the 

promise of fairness in algorithmic HRM achievable through ML transparency (e.g., Leicht-Deobald et 

al. 2019; Gal et al. 2020; Köchling and Wehner 2020; Choudhury et al. 2021; Cheng and Hackett 2021; 

Langer and König 2023; Meijerink et al. 2021) and the promise that post-hoc XAI methods achieve 

sufficient ML transparency (e.g., Chowdhury et al. 2022; Haque et al. 2023) are thus realised and valid 

in this case study. However, study 2 illustrates that the ML transparency of post-hoc XAI methods 

necessarily leads to fairness. Instead, we found no evidence that differential treatment and adverse 

impacts between protected groups (e.g., women and men) lead to a request to exclude protected features 

because it could affect the predictive performance of the ML model or does not reflect the real world 

(note that the data that is reflecting the real world could be biased), or to a lower intention adopt the 

system. This is why study 2 extensively addresses the notion that ML transparency from post-hoc XAI 

methods needs to be combined with automated technical approaches for ML bias mitigation, in order to 

create interconnected processes for mutual and iterative processes to optimise the holistic sociotechnical 
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system. This example illustrates that post-hoc XAI methods – and ML transparency more generally – 

are an effective building block, but not an all-encompassing solution to meet the diversity, non-

discrimination and fairness requirements of a specific responsible AI implementation. 

Further, looking at impacts on the individual adoption level, the interviewees in study 3 revealed 

increased transparency by the provisioning of post-hoc XAI explanations leading to higher PBC and 

attitudes – and thus to a higher intention to adopt the ML model in a variety of tasks and HRM processes. 

For example, after examining the post-hoc XAI explanations, more potential applications of the ML 

model were revealed in various HRM processes (in study 3) and actionable measures identified (e.g., 

careful attention and reactions to long-term absenteeism and reintegration). This result is in line with 

studies demonstrating that with sufficient ML transparency, the various burdens on users (emotional, 

mental, prejudices, etc.) can be overcome when introducing ML systems (Park et al. 2021). Interestingly, 

there are some exceptions in study 3, whereby respondents showed less PBC and intention to adopt the 

ML model after seeing that the explanatory visualisations provided did not include certain information 

(e.g., the percentage of hours worked from home) in the  ML model predictor, which he argued was an 

important factor in predicting turnover. Similarly, the attitude and intention to adopt the ML model 

decreases if the predictor’s effects do not match one's own intuition. As a result, the information 

provided by the XAI led to a lower intention to adopt the ML model, which seems counterintuitive. 

Nonetheless, this reaction is consistent with research showing that when explanations are not consistent 

with the causal reasoning of experts (e.g., when models are perceived as too simple and use only part of 

the relevant information as an input), increasing transparency leads to a decrease in trust and acceptance, 

which is contrary to the common narrative mentioned above (Schmidt et al. 2020). This effect may 

especially be a relevant factor in algorithmic HRM due to its historical qualitative nature, depending on 

HRM experts’ judgements. First evidence arose from studies that show a substantial difference between 

ML models’ correlations used for predictions and experts’ causal knowledge, specifically in the 

algorithmic HRM domain, which sometimes can explain why HR practitioners avoid using ML models 

for tasks like employee turnover prediction despite their good performances (Meddeb et al. 2022).  

This is especially interesting when considering the findings regarding confirmation bias in the last 

section. On the one hand, the case study shows that ML transparency can indeed increase or decrease 

the trust in and acceptance of ML models, so that, in principle, an inappropriate level of reliance leading 

to under- or overconfidence in predictions might be mitigated (Glikson and Woolley 2020). On the other 

hand, the direction of calibration (decreasing or increasing confidence) is not always necessarily directed 

towards the desirable sweet spot, in which incorrect predictions are identified and corrected accordingly 

and correct predictions are used accordingly.  Instead, the direction is determined by the agreement of 

the prediction with its explanatory predictor effects with one's own intuition. This has important 

implications. First, if the initial intention to adopt an ML model is high, the user might choose elements 

of XAI explanations that are consistent with intuition, potentially leading to even more confidence and 
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thus overconfidence, and vice versa. Second, the fundamental promise of ML to gain knowledge 

inductively from data (see study 1, inductive research method) can be neglected if the newly discovered 

patterns do not match common understanding and previous intuition. In conclusion, the adoption and 

actual use of the ML model can be fostered by transparency provided by post-hoc XAI methods. 

However, post-hoc XAI explanations cannot solve all human cognitive biases and leave important 

questions open, such as what should be explained (and how) in order to increase confidence and 

influence behaviours such as individual adoption (Shin 2021). One interesting research attempt to solve 

these issues is the relatively new field of causal ML that has emerged in the last five years from AI and 

XAI in general (Kaddour et al. 2022). In this case study, extracting causal rather than correlational 

relationships through ML could help HRM experts explore even more new ways of drawing conclusions 

from ML that lead to predicting employee turnover, which also could foster the development of theories 

with an ML-based inductive method (Cheng and Hackett 2021). 

Returning to the overarching question of this section, namely for what purpose should post-hoc XAI 

methods be used in high-risk decision-making, the case study shows that the transparency achieved is 

helpful for technical ML developers (i.e. data scientists) to (1) debug and refine models (e.g., to identify 

spurious predictors), (2) extract further insights inductively, to find new insights and discover new 

knowledge from data (see study 3), and (3) contribute to the fairness assessment of ML models (see 

study 2). For findings one (e.g., Rudin 2019) and two (e.g., Choudhury et al. 2021), there appears to be 

broad consensus in the management and technical literature. For the third finding, however, there is an 

ongoing debate, with some literature on transparency in algorithmic HRM suggesting the fair use of ML 

solely through the application of post-hoc XAI methods (Chowdhury et al. 2022). Extending the 

discussion of the first study, this case study highlights that post-hoc explanations for high-risk decision 

contexts are not only potentially misleading or due to the technical approximation, but they are also due 

to potential misinterpretation by human cognitive biases (see results study 3 and discussion above). How 

to mitigate the misapplication of post-hoc XAI methods and establish a critical-rational view of 

outcomes therefore appears to be an important advance in the algorithmic HRM literature (reflecting the 

specific research questions raised by Langer and König 2023). Thus, by providing a realistic empirical 

example that goes beyond the reluctant adaptation of technologies in algorithmic HRM, this work 

contributes to the claims of the algorithmic HRM literature highlighting the effect of XAI in fairness 

assessment (Rottman et al. 2023, p. 1440), ML development with HRM involvement in practice 

(Charlwood and Guenole 2022, p. 737) and understanding important predictors of HRM phenomena in 

a scientific inductive methodology (Yuan et al. 2021, p. 16). 
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3.2 Realising the bright side of algorithmic HRM 

3.2.1 Value contribution of algorithmic HRM, and determinants for successful AI 
adoption 

This section discusses whether the high value proposition (see the ‘bright side’ in the introduction 

section) of algorithmic HRM and AI technology in general is actually realised in the case study. This is 

worth exploring further, as recent reviews on algorithmic HRM adoption reveal that companies rarely 

take advantage of AI's potential for more accurate, objective, and effective decision-making, despite 

significant investments in the technology (Wang et al. 2024). One reason for this is found by recent 

studies explaining the phenomenon of AI resistance at an individual employee level (Golgeci et al., 

2025). In this context, the in-depth case examination can contribute to our understanding and current 

discussion about the determinants of successful AI adoption.  

This section explores this aforementioned aspect and discusses the implications of the specific ML 

model in this in-depth case study in terms of (1) the challenges of status quo approaches to employee 

retention, (2) the added value of the ML model for predicting employee turnover, and (3) the 

determinants for the successful adoption of algorithmic HRM. 

(1) Challenges of the status quo approaches for employee retention 

The organisation's existing approaches to combating employee turnover are mostly based on survey data 

from annual individual employee development meetings and documentation relating to off-boarding 

processes. However, the status quo approaches have the limitation of being retrospective and does not 

allow for proactive action to retain employees (Rombaut and Guerri 2018; Yuan et al. 2021). In addition, 

these survey-based methods help measure the complex reasons for employee turnover, but they can be 

skewed by potential social factors or, more commonly, employees respond to what they believe will 

benefit them the most (Gieter et al. 2012; Yuan et al. 2021). Further, these methods are often limited 

because they target employee turnover intention (Lum et al. 1998; Gieter et al. 2012; Holzwarth et al. 

2021) rather than gathering timely longitudinal data and analysing actual turnover. This is not always 

appropriate because, as examples from the public sector show for certain occupations (e.g., teachers), 

the link between turnover intention and actual turnover is relatively weak (Grissom et al. 2016, p. 242).  

(2) The value-added contribution of the ML model 

As documented in the confusion matrix of the test data (see Table 5 in study 1), the ML model is indeed 

able to predict half of the cases of voluntary employee turnover. In addition, when these results were 

presented to HRM experts in study 3, most of them agreed that the predictive performance of the ML 

model is useful for a number of HRM applications despite its imperfections (see study 3). Interestingly, 

there are potential areas of application for turnover forecasts, not only within HRM processes primarily 

focused on employee retention and workforce planning, but also for all other core HRM processes, 

including recruitment and selection, development and career development and performance 

measurement. In addition, the interviewees noted that the model and XAI explanations generally allows 
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to gain new and relevant insights into the identification of personas, subgroups or profiles at high risk 

of turnover, as well as the original reasons and causes thereof. This is an example of how ML-based 

inductive investigation of HRM phenomena benefits from not requiring prior assumptions and explicit 

hypotheses, leading to various opportunities to gain unexpected and innovative insight  (Putka et al. 

2018; Cheng and Hackett 2021). In summary, practitioners benefit from algorithmic HRM when it is 

used in addition to survey approaches to gain insights, including nonlinear relationships and interactions 

between predictors (see Study 1). This should also apply to other HRM processes beyond the context of 

employee turnover. The case study thus provides empirical evidence that algorithmic HRM can indeed 

be valuable for domain experts due to its potential to discover new, objective and efficient knowledge 

(van den Broek et al. 2021). To exploit this potential, it is important for practitioners to establish a 

bidirectional exchange of information between models and experts (see Figure 14 in study 2). Based on 

shared information, a mutual learning process that evolves into a hybrid human-ML practice fosters 

discovered knowledge that is relevant and useful for HRM professionals. When this is achieved, 

according to this empirical example, the widely prevailing assumption is indeed that the knowledge 

discovered through ML adds value either by improving existing HR processes or by providing 

innovative solutions to key business challenges and strategic problems (Marler and Boudreau 2017; 

Wang et al. 2024).  

(3) The determinants of successful algorithmic HRM adoption 

As mentioned in study 3, a number of organisation-level factors are cited in the literature as examples 

of successful implementation of algorithmic HRM (Chowdhury et al. 2022; Budhwar et al. 2022; Malik 

et al. 2023), but there is less research on the individual level of algorithmic HRM adoption (Vargas et 

al. 2018). Here, the three studies (particularly study 3) in this thesis provide valuable insights into the 

reasons why employees (individual level) choose to use algorithmic HRM outputs and methods in their 

daily work. This is an important point to understand, as the choice made by individuals about the 

freedom to use a technology, from minimal use to collaborative use to the selective use of certain 

features, significantly influences the effectiveness of algorithmic HRM adoption (Wang et al. 2024). 

Study 3 has already shown that certain ML characteristics (transparency, automation, self-learning 

capabilities and trialability) raise the intention to adopt ML. Most importantly, recall that most of the 

potential applications of the ML-based employee turnover prediction model identified by the 

interviewees are explored after the post-hoc explanations have been provided, which again shows that 

the importance of ML transparency is a detrimental determinant for the adoption of algorithmic HRM. 

In light of the results of the study 1, XAI methods might be a correct choice for algorithmic HRM 

applications with high complexity and multi-layered phenomena. Choosing a more transparent ML 

model with lower predictive performance could lead to lower algorithm-based effectiveness and thus 

lower one’s intention to adopt a model (see Figure 9 in study 3). For example, Schmidt et al. find that 

when using simple ML models, the effect of more transparency could actually lead to lower trust in the 
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model. These complex relationships between design decisions during ML development and the eventual 

adoption of ML by end-users require stakeholder engagement in the early stages of adoption, before 

final implementation, in order to prioritise outcomes in light of the trade-offs mentioned in this thesis. 

From a practical perspective, it is worth considering whether the value of algorithmic HRM still exceeds 

the costs, especially given the extensive technological and social efforts required to meet fairness and 

other requirements (e.g., see Figure 14), as well as reducing barriers to the successful adoption of 

algorithmic HRM. As this case study illustrates, the costs of meeting requirements for responsible AI 

may not be entirely separable from those associated with achieving algorithmic HRM adoption. For 

example, increasing ML transparency is both a requirement for the responsible use of AI and a factor 

that enhances individual adoption (see Study 3). However, the significant investment a company must 

make to develop an ML model and use it responsibly may lead to different prioritisations, which are 

further explored in the next section. 

3.2.2 Reconciling economic value and responsible use with management accounting 
tools 

This section is motivated by one of the central statement already mentioned in the introductory section: 

Companies may prioritise economic goals over the responsible use of algorithmic HRM (Charlwood 

and Guenole 2022). In adopting ML, organisations focus on positive business cases rather than taking a 

virtue-based approach that would benefit employees and business alike (Neumann et al. 2022). Lamers 

et al. (2024, p. 9) refer to this assumption as the "algo economicus"15, which states that “HRM algorithms 

are non-human entities with the capacity to maximise utility and profit”. That being said, the authors 

stress that the existing algorithmic HRM literature bases its assumptions on algo economicus and thus 

disregards the examination of compatibility with goals that may also be pursued, for example, by human 

actors shaping algorithms such as employee well-being.  

This section therefore aims to move beyond the algo economicus assumption by exploring the 

compatibility of the two overarching goals of contributing economic value and meeting the requirements 

of responsible AI (as a basic prerequisite for algorithms that contribute to employee well-being). The 

underlying idea is to provide managers with a guide on how to identify application areas of algorithmic 

HRM where positive business value and the responsible use of algorithmic HRM can be reconciled, 

which in turn will help to realise the promise of the bright side of AI (see the introduction section). The 

following discusses in more detail (1) how the contribution to economic value can be quantified, using 

the example of the ML model in the case study, (2) the extent to which economic value and responsible 

use conflict and are compatible and (3) how algorithmic HRM applications that may contribute to 

economic value under responsibility requirements can be identified.  

 

15 ‘Algo economicus’ refers to homo economicus, an immoral individual utility maximiser who only engages in transactions 

with others to achieve his or her personal economic goals. 
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(1) Formulating the economic value contribution of algorithmic HRM 

In order to understand the compatibility and contradiction between maximising economic value and the 

responsible use of ML, it is first important to know how the economic value contribution of algorithmic 

HRM manifests itself. The following example aims to quantify it and mathematically explain the impact 

of the decision boundaries resulting from fulfilling the requirements for responsible use of ML. Please 

note that the example is highly simplified, as the qualitative value contributions of ML (e.g., knowledge 

discovery) are not included because they are difficult, or even impossible, to quantify. Instead, the 

following approach focuses on the quantitative impact of the ML model in the case study on the 

organisation when operationalised to pre-select employees based on their turnover risk, with the aim of 

initiating countermeasures to prevent employee turnover (e.g., incentives such as salary increases for 

individual employees to reduce the risk of turnover). 

A particular challenge caused by the uncertainty of ML models in this analysis is the aggregation of the 

value contribution of individual predictions used as decision support, as the impact of decisions varies 

at the individual level (for each employee) in terms of uncertainty (predicted turnover probability and 

statistical confidence) and benefits (avoided costs by retaining employees classified as ‘true positive’). 

Further, the direct costs of countermeasures (e.g., incentive strategies for positive predictions, meaning 

the employee will leave within the next 6 months) must be considered. Therefore, in order to consolidate 

the value contribution made by individual-level activities, a "decision analytic thinking" method is 

needed (Provost and Fawcett 2013). The approach uses expected value as a statistical foundation to 

combine the confusion matrix (see Table 5 in study 1) with a cost-benefit table of asymmetric and 

individual benefits and costs. On a consolidated organisational level, the value contribution V is 

calculated by comparing the benefit B for true-positive prediction STP with cost C for false-positive 

predictions SFN.16  

𝑽 = ∑ 𝑩𝑇𝑃
𝑖

 𝑖 ∈ 𝑺𝑇𝑃

− ∑ 𝑪𝐹𝑁
𝑖

 𝑖 ∈ 𝑺𝐹𝑃

 

On an individual level, the benefit of true-positive predictions 𝑩𝑇𝑃
𝑖  might be quantified by avoided costs 

through fruitful decision-support minus costs of measures triggered by positive predictions. In this case 

study, this corresponds to the cost avoidance of employee turnover 𝒗𝑇𝑃
𝑖  (off-boarding, finding new 

employees, on-boarding process, lost productivity in the replacement time, etc.) minus the cost of 

incentives used to prevent turnover c. It should be noted that the cost avoidance of preventing employee 

turnover 𝒗𝑇𝑃
𝑖 varies between each employee i (e.g., based on seniority and skillset). Decision analytic 

thinking also takes into account the varying effects of incentives, in this case to reduce employee 

turnover risks. For example, identifying employees as ‘true positives’ may not add value if the turnover 

 

16 In this particular case, the cash-flow relevant costs for false-negative predictions C(FN) and the benefits of true-negative predictions B(TN) 

are zero, as no countermeasures are taken in these cases. However, it should be noted that practitioners might consider the opportunity cost of 

C(FN) when comparing different ML models or other HRM approaches to retaining employees. 
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causes are unavoidable and therefore employee retention cannot be encouraged through incentives. 

Therefore, the value contribution of the model is calculated by the probability difference between the 

conditional probability that employee i stays after being targeted with incentives 𝒑(𝑖𝑠𝑡𝑎𝑦𝑠 | 𝑖𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑) 

compared to the conditional probability that employee stays x when not targeted with incentives 

𝒑(𝑖𝑠𝑡𝑎𝑦𝑠 | 𝑖𝑛𝑜𝑡 𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑). Hence, the value contribution on the organisational level can be calculated as: 

𝑽 = ∑ [ 𝒑(𝑖𝑠𝑡𝑎𝑦𝑠 | 𝑖𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑) − 𝒑(𝑖𝑠𝑡𝑎𝑦𝑠 | 𝑖𝑛𝑜𝑡 𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑) ] ∗ 𝒗𝑖

 𝑖 ∈ 𝑺𝑇𝑃

− ∑ 𝒄
 𝑖 ∈ 𝑺𝐹𝑃∪𝑇𝑃

 

Based on this formula, companies may selectively optimise V by picking employees that provide a 

positive value contribution. This means that the employee receives an incentive if:  

[ 𝒑(𝑖𝑠𝑡𝑎𝑦𝑠 | 𝑖𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑) − 𝒑(𝑖𝑠𝑡𝑎𝑦𝑠 | 𝑖𝑛𝑜𝑡 𝑡𝑎𝑟𝑔𝑒𝑡𝑒𝑑) ] ∗ 𝒗𝑖 − 𝒄 > 0  

This shows that in order to maximise the economic value contribution, only those employees might be 

addressed for whom the value of retaining them, weighted by the difference in the probability of turnover 

before and after the incentives, exceeds the costs of the incentives.  

(2) Conflicts and compatibility of responsible use and the economic value of ML 

An important implication of the above formulation of the economic value contribution is that employees 

who already have management responsibility due to their seniority, or who are more difficult to replace 

due to their special skillset (high 𝒗𝑖 ), are more likely to receive even more incentives. As a 

consequence, inequality may increase further. This problem is neither addressed nor solved by using 

fairness or discriminations constraints like adverse impact ratios, as suggested in study 2.  

In addition, the formulation reveals that the value contribution of an ML model depends directly on the 

accuracy of the prediction probabilities of turnover. To reduce the cost of ineffective incentives, the 

proportion of employees identified that fulfil an individual value contribution needs to be as accurate as 

possible so that, for example, fewer employees receive incentives who would not leave the company in 

either case. First of all, this implies that the technical trade-offs uncovered and explored in study 1 

(predictive performance vs. transparency) and study 2 (predictive performance vs. diversity, non-

discrimination and diversity) are directly translated into a trade-off between economic value proposition 

and responsible AI. These trade-offs thus directly imply the responsible use and economic value of AI, 

and thus tension and a conflict of interests may exist for an organisation.  

While the above analysis reveals that reconciling the economic value proposition and responsible use of 

algorithmic HRM is a challenge and comes with trade-offs, it should be clear that companies should 

prioritise the latter; otherwise, there is a risk of legal violations when laws such as the EU AI Act come 

into force in the coming years. Furthermore, research has shown that ML could also have a negative 

impact on economic value contribution and instead lead to value destruction (Canhoto and Clear 2020). 

With algorithmic HRM in particular, negative impacts on corporate governance and social reputation is 
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a possible consequence – as negative examples from Amazon and other companies illustrate (Meyer 

2018; Dastin 2022). In summary, conflicting priorities need to be managed when choosing how to 

initiate, implement or operationalise AI and ML applications categorised as high-risk (see Figure 3). 

(3) Conflicting priorities in AI and implications for practitioners 

The following section provides practical recommendations on how to manage the conflicting priorities 

of responsible use and the value contribution of algorithmic HRM and other high-stakes decision-

making applications of ML and AI. In order to approach tension from the perspective of an optimisation 

problem, the specific rules for the responsible use of ML could first be translated into decision 

boundaries. The mathematical optimisation of ML functions can then maximise the value proposition 

within a solution space in which responsible use is already warranted. For example, the second study 

sets a decision boundary whereby the criteria of diversity, non-discrimination and fairness of adverse 

impacts (recall: adverse impacts are differences between protected groups) are set to a minimum of 80%. 

This example can be interpreted as a decision boundary that restricts the mathematical solution space of 

possible functions provided by ML from different algorithms and model development iterations. This 

general idea of establishing “ethical key indicators” provides a way to operationalise responsibility and 

create a foundation that can be audited, debated and improved (Lee et al. 2021, p. 542).  

In addition, besides the obvious direct costs of additional steps for the implementation and responsible 

use of algorithmic HRM (activity and process costs: additional development of XAI post-hoc 

explanation methods in study 1 or the fairness assessment in study 2), there are indirect costs resulting 

from the potentially lower predictive performance of ML models fulfilling responsibility requirements 

compared to ML models that do not consider responsibility requirements. This should be considered 

when calculating the expected economic benefits of ML applications for high-risk decision-making 

applications. Moreover, it is essential for practitioners to consider and incorporate these direct and 

indirect impacts of responsibility requirements on value contribution when identifying algorithmic HRM 

applications that deliver economically positive business cases. That is the case because it can be assumed 

that companies will only implement algorithmic HRM in a responsible way that benefits both employees 

and the organisation and makes decision-making more accurate, objective and efficient if the business 

case still delivers a value proposition. Identifying the right applications of algorithmic HRM is therefore 

critical to realising the bright potential of ML and AI. To achieve this, three steps are required. 

First, it should be recognised that the quantifiable business value of ML is not derived directly from 

predictive performance. Rather, business value is generated by the application and improvements in 

management decisions based on predictions from ML, or efficacy gains resulting from automation 

(Provost and Fawcett 2013). Quantifying business value therefore requires knowledge of the benefits 

and costs of the associated decision-making process and management accounting experience, rather than 

sophisticated mathematical knowledge or programming skills, and therefore it cannot be part of the data 

science role. Management accountants, specifically those specialised in the domain as HR controlling 
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experts, can play a crucial role in cost-benefit analysis for algorithmic HRM, as they have extensive 

knowledge of the business model, information about processes and costs and experience in providing 

objective decision support to management that is not fully available in other departments (Pickard and 

Cokins 2015). Likewise, the literature suggests that management accountants are able to “evaluate the 

effectiveness and efficiency of enhancements through ML-based technologies and prepare cost-benefit 

calculations” (Leitner-Hanetseder et al. 2021, pp. 551–552). Since the crucial information is shared 

between professional groups, HRM professionals and management accountants can only find valuable 

use cases for AI in collaboration. 

Second, the literature points out that it is very important to define and establish easy-to-understand 

business metrics that form the basis for prioritising resource allocation as efficiently as possible (Wang 

et al. 2024). These metrics can include qualitative and quantitative measures of business process 

efficiency that make the value contribution of ML decision support transparent. These metrics may also 

be applied in the ML development phase. Instead of using out-of-the-box statistical metrics (e.g., Cohens 

Kappa in study 1), customisation and individual statistical measures more accurately guide the training 

steps of algorithm selection and hyperparameter tuning to ensure more realistic business impact 

optimisation. The use of custom metrics is particularly helpful in ensuring a positive value contribution 

in cases where the business impact of false-negative and false-positive is asymmetric, so that a cost-

sensitive optimisation criterion (e.g., a pinball loss function) directly informs ML algorithms with real-

world impacts, thus helping to optimise holistic output and decision efficiency. In algorithmic HRM, a 

cost-sensitive approach has already been successfully applied by Lawrance et al. (2021) when predicting 

employee absenteeism. In this case study, it is assumed that the cost of false-negative (an employee is 

classified as leaving the company, even though they will not actually leave) is lower on a qualitative 

basis than the cost of false-positive (an employee is classified as not leaving the company, even though 

they will actually leave), which could be further quantified for a customised optimisation criterion. 

Third, it is critical that algorithmic HRM applications are aligned with and contribute to strategic 

business and HR objectives, which is not always the case in practice (Rasmussen and Ulrich 2015).  

In conclusion, this section shows economic and ethical tension between the responsible use of ML and 

its contribution to economic value. To move beyond algo economicus, selecting fruitful applications is 

key to reconciling these conflicting goals. Applying management accounting tools and formulating a 

suitable optimization problem with appropriate decision boundaries in terms of responsible use of ML 

and AI can help practitioners in this task. 

3.3 Outlook: Implications for the adoption of (generative) AI in HRM 

screening, recruitment and selection, onboarding and open job description advertisements. Yet, it is 

impossible to say whether these impacts will have more positive or negative consequences on employees 

or organisations (Budhwar et al. 2023, pp. 615–616). This section aims to discuss implications for 
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current developments in AI, particularly generative AI, in light of the findings from the case study in 

this thesis, and to identify possible future directions for research and practice. The introductory section 

of this thesis explains the far-reaching implications of generative AI for individuals, organisations and 

society, as these latest ML-based services and products stand out due to the growing potential of 

increasingly larger underlying models with rapidly accelerating diffusion. In a recent Human Resource 

Management Journal publication, some of the leading researchers in the field suggest that the impact of 

these more general AI systems on organisations and employees will certainly be even more far-reaching 

than that of narrow ML models used in state-of-the-art algorithmic HRM trained on a specific dataset 

and for a clearly defined purpose (e.g., here: Predicting voluntary employee turnover in this specific 

case study). Instead, through generative AI, multiple tasks may be substituted, including currently 

central tasks and HRM processes such as job market 

Interestingly, some researchers suggest a way forward for generative AI that corresponds to findings in 

terms of narrow AI, such as the call for (1) transparency including the application of XAI methods and 

(2) a sociotechnical theory approach (Budhwar et al. 2023, p. 615 and 619). Therefore, it appears that 

the results of the three studies included herein could make a significant contribution to the responsible 

and successful introduction of generative AI. While this may be true to a certain extent, there are some 

technical and managerial differences between narrow ML models focused on one aspect of a decision-

making process and holistically applicable generative AI that limit the generalisability of the results. 

First, a very important technical limitation may arise from the lack of sufficient XAI methods. In all 

three included studies, the post-hoc explanatory methods, namely SHAP, ALE and PFI, are of critical 

importance. While these methods are applicable to ML models that classify data based on structured 

tabular datasets, they are not compatible with large foundation models used in generative AI. To date, 

the computer science literature has suggested explanatory methods aimed at deep learning algorithms 

following a particular architecture (e.g., embedding explainable layers between multiple processing 

steps). However, whether these methods provide valuable explanations that enable people to answer 

questions such as "Why is recommendation X and not Y?" or "What should happen for the 

recommendation to change?" in response to the increasing complexity of deep learning architectures as 

well as sheer size of the models remains an open question. So far, attempts to make the most complex 

models more transparent by using simpler models to explain the reasons for the results of the complex 

models have only led to inadequate explanations without achieving an up-to-date breakthrough (Griffin 

2023). To put the problem simply, Decker and Papagiannidis argue that “calls for XAI may 

underestimate the complexity necessary for AI models to be high functioning” (section of Decker and 

Papagiannidis in Budhwar et al. 2023, pp. 614–615). For example, the more complex the ML or AI 

models, the more difficult it is to obtain an appropriate, stable and non-deceptive approximation using 

post-hoc explanatory methods. Future researchers should pay close attention to innovative ideas in this 

area. A promising direction for further research is proposed by Deiseroth et al. (2023). They use a 
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modality-agnostic perturbation method (similar to PFI in this work) that manipulates the attentional 

mechanisms of transformer large language architectures to create relevance maps for the input with 

respect to the output prediction. 

Second, missing ML transparency and comprehensibility would undermine the idea of the 

sociotechnical framework for fairness assessment to question the inner rationale of ML, respective 

generative AI models. Our understanding of alternative forms of validating, testing and approving 

models through an extensive evaluation of input-output tests and performance monitoring remains 

limited. In the data science community, some scholars and practitioners have been calling for this 

human-centered approach for years, for example when discussing the weaknesses of post-hoc 

explanatory methods in terms of their limitations (e.g., Kozyrkov 2018; Rudin 2019; Ghassemi et al. 

2021; Vale et al. 2022). In these cases, it would be interesting to investigate whether the assessment of 

fairness, which depends on the transparency of the model (see Study 2), can be an assessment of fairness 

that is informed by extensive testing and validation. Of course, such a system would still be compatible 

with the six other requirements for high-risk decision-making in AI (see Figure 4). This approach offers 

interesting starting points for future research (e.g., what knowledge is required to test and validate 

opaque black-box AI models?; what framework and processes would lead to verifiable assurance of 

models?; how diversity, non-discrimination and fairness can be measured and improved through 

feedback loops during testing and validation?). 

Third, the interface through which the results of generative AI systems are presented to the end-user 

differs significantly from the statistical measures and visualisation of the post-hoc explanation in this 

case study in study 3. Most generative AI systems (see, for example, ChatGPT) use natural language to 

enable chat interaction  in an intuitive way. Nielsen suggests that AI is the first new user interface 

paradigm for 60 years (Nielsen 2023), moving beyond a command-based interaction (telling the 

computer what next step to take) to an intent-based outcome specification (telling the computer what 

outcome is wanted). In light of technology acceptance theory, new user interface paradigms should 

enable greater trust and acceptance of the model, due to perceived ease of use (Davis 1989). Thus, 

determinants for the adoption of the ML model in this case study – in terms of the theory of planned 

behaviour and ML characteristics – need to be adapted or extended (see Figure 19 in study 3). In this 

context, future research should scrutinise the effects of accessibility of different models as well as the 

acceptance and trust processes in interactive chat sessions when introducing AI systems in organisations 

from different stakeholders perspectives.  
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4  Conclusion 

This dissertation provides an equally research-based perspective and practical insights into algorithmic 

HRM, highlighting the intriguing possibilities but also the alarming dangers of AI and ML technology 

in high-risk decision-making environments. The aim of this dissertation is to contribute to the current 

understanding of the literature on algorithmic HRM in order to shift the impact from the “dark” negative 

side to the “bright” positive side. It seems clear that (generative) AI will have an increasing impact on 

individuals, organisations and society as a whole in the coming years, and as a general-purpose 

technology it will impact all our lives. However, when looking deeper into the requirements for 

responsible use of AI, such as transparency and diversity, non-discrimination and fairness, it becomes 

clear that the negative impact that AI can bring requires attention from researchers, practitioners and 

society as a whole. In this sense, this dissertation is a minor advancement, but one that will hopefully 

encourage further developments towards the responsible use of AI in algorithmic HRM.   
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