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Abstract

Organizations increasingly rely on algorithms for decision-making, which raises significant ethical issues. In this paper, we provide a detailed 
case study of the development and deployment of two human resources (HR) algorithms in a major French digital company. Our findings 
show that these ethical issues reflect the ethical considerations of the various stakeholders involved in the process, including data scientists, 
HR practitioners, and legal experts. We discuss how these considerations intervene during the decision-making process in algorithm design 
and usage, offering insights for both academics and practitioners into how ethical issues are approached by different actors.
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Algorithms, as mathematical functions modelled by 
organizations and interacting with users, are increas-
ingly employed in organizational contexts, shaping var-

ious aspects of decision-making and interaction (Neyland, 
2015). While there is evidence that supports the positive 
effects of algorithms on human capabilities and decision-mak-
ing (Murray et al., 2021; Wilson & Daugherty, 2018), scholars 
have raised concerns about ethical issues related to their use, 
particularly in terms of accountability (Martin, 2019b; Neyland, 
2015), fairness (Kim et  al., 2018), and transparency (Martin, 
2019b). As algorithms become increasingly integral to organi-
zational operations (Meijerink & Bondarouk, 2023), addressing 
these ethical issues is imperative.

Despite the growing body of research on algorithmic ethics 
(Orlikowski & Scott, 2016; Turner, 2009), a significant gap 
remains in understanding how various stakeholders – each 
with differing perspectives – interact during the algorithmic 
design process, particularly around ethical issues, and how 
these considerations shape decision-making. Discussions about 
algorithmic parameters and how their creators negotiate ethi-
cal concerns – essentially their ‘expression of a view on how 
things ought to be or not to be, what is good or bad, or desir-
able or undesirable’ (Kraemer et  al., 2011, p. 252) – remain 
largely unexplored. Yet these discussions influence key 

decisions in both the development and deployment of algo-
rithms, ultimately shaping their outcomes. Given the far-reach-
ing implications of algorithmic decisions on individuals’ lives 
(Kellogg et al., 2020; Leicht-Deobald et al., 2019), it is crucial to 
examine how ethical issues are considered among stakehold-
ers, the decisions that emerge from these discussions, and how 
ethical considerations are either embedded or overlooked 
during development.

Designers build their technologies based on assumptions 
about the world and how they believe their technology will 
integrate into it (Martin, 2019b). For instance, they may delib-
erately prioritize system performance over transparency 
(Langer & König, 2023), reflecting value choices that often 
remain implicit. A rich body of ethnographic work on the tech-
nology sector has shown that, in Silicon Valley companies, com-
petition among engineers fosters the development of 
algorithms optimized for scalability (Turner, 2009). This race for 
efficiency drives solutions that favour large-scale optimization, 
often at the expense of clarity and comprehensibility. However, 
understanding the organizational structures and cultures sur-
rounding algorithm design is not enough to fully grasp the val-
ues embedded in these systems. To gain deeper insights into 
algorithmic ethics, it is essential to examine the motivations, 
tensions, and trade-offs faced by developers.
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This is the perspective from which our study emerges. This 
research aims to understand better the way algorithms are 
developed (Ananny & Crawford, 2018; Pasquale, 2015) by ana-
lysing the interactions and ethical considerations that inter-
vene in the development and tests of human resources 
management (HRM) algorithms. We examine how different 
actors within an organization – data scientists, human resources 
(HR) practitioners, and legal experts – navigate ethical issues in 
constructing two algorithms developed by a major French dig-
ital company, anonymized here as ‘Digix’. One algorithm pro-
vides personalized training course recommendations for 
employees, while the other automates the pre-screening of 
curricula vitae (CVs) for external recruitment. By comparing 
the simultaneous development of these two systems within 
the same organization, we uncover key insights into the ethical 
tensions inherent in algorithm design and deployment, as well 
as how ethical considerations among stakeholders intervene 
during the process.

To understand the perceptions of the different actors about 
the algorithms and to understand the choices they make, we 
used a combination of methodologies and materials. Participant 
observation and internal documentation provided us with 
unique access to the actors, documents, and data of the algo-
rithms. Additionally, qualitative interviews with data scientists 
were also conducted to gain insights into how the algorithms 
function. The analysis enabled us to identify the key ethical con-
siderations, around three ethical issues identified in the litera-
ture – accountability, fairness, and transparency – related to the 
construction of algorithms.

Our findings offer significant contributions to the literature 
on algorithms in organizational settings. Unlike many studies 
that emphasize a clear divide between designers who embrace 
algorithms and users who resist them (Kellogg et al., 2020), we 
find a more nuanced relationship in practice (Raisch & 
Krakowski, 2021). Even within the design process itself (Glaser 
et  al., 2021), the various actors, such as data scientists, legal 
experts, and HR practitioners, do not form a unified group but 
rather offer varied perspectives, particularly regarding the 
selection of variables. Our research shows that algorithms 
reflect the differing priorities and values within each group 
(Christin, 2020). This paper contributes to the literature on 
algorithms in management by offering a detailed case study of 
the ethical considerations surrounding the development and 
test of two algorithms along the chain of stakeholders. 
Understanding these dynamics is central to acknowledging the 
various roles that stakeholders play in the development and 
test of algorithms.

Our study is also of interest to scholars in business ethics. 
The results reveal how various actors approach ethical issues 
differently in terms of algorithm development, shedding light 
on divergent visions of accountability, fairness, and transpar-
ency. For example, HR managers emphasize transparency as a 

way to enable end users to evaluate and challenge algorithmic 
outputs, although this raises concerns about accountability and 
fairness, such as relying on more straightforward, less equitable 
algorithms. Legal experts concentrate on managing input vari-
ables to maintain fairness and reduce accountability risks. On 
the other hand, data scientists view the reliability of algorithmic 
classifications as a measure of fairness, using transparency to 
shift accountability to end users when recommendations are 
flawed.

The remainder of the paper is organized as follows. The 
next section reviews the literature. The subsequent sections 
present the methodology, the algorithms under study. and the 
results of the case study. A discussion and conclusion follow.

Literature review

The increasing prevalence of algorithms within 
organizations

Algorithms are increasingly present within organizations. They 
have different objectives: personalizing experience via person-
alized recommendations, automating some tasks such as 
workforce planning, increasing performance, improving deci-
sion-making by using algorithms to suggest better decisions, for 
example in the field of recruitment or finance (Coron, 2022). 
The development of algorithms and their implementation 
within organizations require the collaboration of various 
stakeholders.

Management scholars have studied algorithms, mainly focus-
ing on how they are built and the representations affecting 
how algorithmic outputs are used (for a literature review, see 
Christin, 2020). A substantial body of literature analyses how 
organizational cultures and structures shape the construction 
of algorithms. For example, Neff and Stark (2003) and Irani 
(2015) illustrate how the ‘beta’ mindset of the world prevalent 
in technology companies and the precarious nature of employ-
ment that revolves around the development of algorithms 
influence these dynamics. These organizational influences 
shape the priorities embedded in algorithmic systems, but are 
also the source of tensions among stakeholders. Developers, 
legal experts, managers, and end users often have competing 
expectations about how transparent, accountable, and adapt-
able an algorithm should be. While technical teams may advo-
cate for explainability, legal experts and end users demand 
fairness and oversight, creating friction over what aspects of an 
algorithm should be disclosed or controlled (Selbst et  al., 
2019). These discussions are rarely resolved, leading to com-
promises that directly impact algorithm design, often reinforc-
ing opacity rather than resolving it.

The importance of personal values and context shapes 
algorithmic development and decision-making. Algorithms 
make choices about what information to display, hide, or use, 
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and reflect the ‘conscious and subconscious assumptions and 
ideas of their creators’ (Hodder, 2009), thus raising potential 
accountability issues. For example, an algorithm designed to 
screen job applicants might prioritize certain keywords or edu-
cational backgrounds based on the developers’ assumptions 
about what constitutes a ‘good’ candidate. This brings up signif-
icant accountability concerns, as developers, organizations, and 
regulators struggle to determine accountability for biased or 
unfair outcomes.

The ethics of algorithms: an overview

Ethics in algorithmic design focus on determining what is mor-
ally right or wrong (Ananny, 2016; Merrill, 2011). In algorithmic 
contexts, ethics translate into considerations such as regula-
tory compliance, outcome optimization, and how ethical stan-
dards emerge from the personal values and beliefs of designers 
(Ananny, 2016; Hursthouse, 1999). At the construction stage, 
developers must navigate trade-offs between interpretability, 
accuracy, and commercial viability. Optimizing for predictive 
power often comes at the cost of transparency, embedding 
structural opacity into the algorithm from its inception (Selbst 
et al., 2019). For instance, stakeholders may prioritize efficiency 
over fairness, influencing which features are optimized and 
which biases remain unaddressed. These competing pressures 
create an ethical grey zone, where ethical principles often col-
lide with the realities of algorithm development and where 
formal guidelines take a backseat to the subjective decisions 
and trade-offs made by designers and developers. During the 
development phase, these challenges raise issues of account-
ability, fairness, and transparency, as subjective decisions can 
result in ethically questionable outcomes.

Accountability: who is responsible for algorithmic 
decisions?

Accountability is a central concern for organizations that rely 
on algorithms (Pasquale, 2015). By deploying algorithms that 
operate in a value-laden1 (Martin, 2019b) and context-specific 
manner (Mittelstadt et  al., 2016), organizations voluntarily 
become active participants in the decision-making process, 
assuming accountability for the consequences, including any 
harm created, ethical principles violated and rights diminished 
by the decision system (Martin, 2019b). Algorithms have social 
consequences and moral implications, and organizations can-
not hide behind these algorithms (Faraj et al., 2018). They must 
be held accountable, particularly when the rules of decisions 

1.Martin (2019b) argues that algorithms are not neutral but rather 
value-laden with preferences for certain outcomes, specified (constructed) 
by individuals in their design, implementation, and use.

are hidden to users but well- understood by those who 
created them.

Algorithms, like human decision-makers, are susceptible to 
mistakes, which may stem from various factors, such as flawed 
inputs, poorly designed models, or execution errors (Martin, 
2019a). While human errors are common and typically sub-
ject to straightforward accountability, the question of who 
should be held responsible for algorithmic errors is more 
complex. As algorithms take over more decision-making tasks 
from humans, determining how accountability is distributed 
becomes critical.

Martin (2019a) argues that the design of algorithms plays a 
crucial role in addressing issues of accountability. For example, 
designers can increase the degree of social embeddedness and 
capacity for reflection of the algorithm (Martin, 2019a). Social 
embeddedness involves acknowledging the impact of contex-
tual factors on decision-making and incorporating sensitivity 
tests. For example, users can compare the classification they 
receive with that of other users who share similar characteris-
tics, enabling them to identify and evaluate potential errors. 
Reflection in decision-making entails the ability to revisit and 
challenge previous results, allowing algorithms to incorporate 
mechanisms for re-evaluation to ensure accurate 
classification.

Accountability extends beyond merely identifying mistakes 
and encompasses broader considerations of accountability. 
Algorithms are constructed within specific governance frame-
works, with developers determining how accountability is del-
egated within the decision process (Martin, 2019b). Some 
algorithms are designed to operate autonomously, thereby 
assuming full accountability for decisions and shielding individ-
uals from understanding their internal operations (Introna, 
2016; Martin, 2019b). This opacity in algorithms results in 
greater accountability for their designers, as external observers 
are unable to scrutinize their functionality.

Algorithms can lead to unfair decisions

Algorithms can lead to unfair outcomes, where fairness implies 
that decisions should not lead to unjust, discriminatory, or dis-
parate consequences (Starke et al., 2022). Such decisions may 
discriminate against certain groups or shape individuals’ per-
ceptions of their situation (Mittelstadt et  al., 2016; Pasquale, 
2015). As Martin (2019a) highlights, mistakes themselves are 
not necessarily unethical or unfair, as errors are common in 
business operations. However, mistakes that remain unad-
dressed or are exacerbated are unfair.

These errors may occur as a result of preexisting social val-
ues, technical limitations, or judicial constraints inherent to a 
given context of use (Mittelstadt et al., 2016). Social bias may 
arise from cultural or organizational values. Biases related to 
technical and judicial constraints may stem from the datasets 



Original Research Article10

Coron & Porcher

used for learning, missing data or selection biases, or 
from  attempts to minimize aggregated prediction errors. 
For example, using sensitive attributes, such as gender or race, 
to infer behavioural patterns may lead to discriminatory out-
comes, which are difficult to challenge due to the algorithm’s 
inherent opacity. Algorithms, which often learn from past deci-
sions, have the capacity to propagate mistakes, impacting a 
multitude of decisions rapidly.

The problem of transparency: understanding 
algorithmic decisions

Transparency is an important yet elusive feature of algorithmic 
decisions. Algorithms may be perceived as cruel, impenetrable, 
opaque, and intentionally poorly accessible (Faraj et al., 2018; 
Mittelstadt et al., 2016). Researchers often describe algorithms 
as ‘black boxes’ due to their complex and opaque nature, 
which obscures the internal workings and decision-making 
processes (Ananny & Crawford, 2018; Pasquale, 2015). 
Algorithms may seem objective, but their inner workings are 
often unclear, making it difficult to understand how they pro-
duce results. While outputs from an algorithm are easy to 
observe, understanding and explaining them requires familiar-
ity with the algorithm (Von Krogh, 2018). The variables that are 
used in algorithms and their inherent causality are often 
obscure to external parties, resulting in opacity (Ananny & 
Crawford, 2018; Martin, 2019b).

Modern algorithms are often inaccessible for thorough 
examination. Introna (2016, p. 25) writes that ‘they seem to 
operate under the surface or in the background’. The lack of 
transparency of algorithms stems from their lack of openness 
to direct inspection. Additionally, their use of dynamic inputs 
means that examining their static code alone does not offer a 
clear understanding of their behaviour during execution 
(Orlikowski & Scott, 2016). Therefore, comprehending algo-
rithms requires observing their dynamics in action, presenting 
significant challenges for studying their impact on company 
functions. Practitioners also express unease about algorithms 
that produce recommendations that may contradict conven-
tional wisdom, especially when hidden biases are difficult to 
detect in the underlying code (Wilson & Daugherty, 2018). 
While academic studies generally provide detailed explana-
tions of how algorithms work, describing the variables, data 
processing methods, and optimization goals, the complexity of 
algorithmic design often results in undocumented assumptions, 
proprietary constraints, and emergent behaviours that even 
developers struggle to anticipate (Cheng & Hackett, 2021).

Indeed, algorithmic opacity is often embedded during devel-
opment, as training processes, data choices, and proprietary 
constraints lead to emergent behaviours that even developers 
struggle to interpret (Burrell, 2016). This opacity is not merely 
a result of complex code but stems from institutional priorities 

that favour efficiency over transparency (Pasquale, 2015). If the 
criteria and processes behind these predictions are opaque, it 
becomes nearly impossible for individuals to challenge unfair 
decisions, thereby obscuring the decision-making process and 
potentially embedding historical biases and perpetuating 
inequalities (Christin, 2020). These biases can shape users’ 
experiences and outcomes, further complicating efforts to 
address and correct them (Orlikowski & Scott, 2015). In addi-
tion to technical complexity, these layers of opacity are also 
shaped by competing stakeholder interests. Organizations 
often selectively disclose information about their algorithms. 
Without clear governance structures, these considerations 
remain fragmented, with different actors advocating for con-
flicting levels of transparency (Binns, 2018).

Transparency is crucial because algorithms are typically 
unpredictable and poorly explainable, making them difficult to 
control, monitor, and correct. Enhancing transparency can 
improve understanding of how algorithms function, which is 
key to effective management. Besides, the lack of transparency 
raises concerns about shifts in influence and power dynamics. 
Overall, the opacity of algorithmic systems presents a critical 
challenge: while ethical frameworks offer theoretical guidance, 
there remains a lack of concrete mechanisms to ensure 
accountability and mitigate bias in practice.

Many ‘algorithmic imaginaries’ (Christin, 2020) are shaped 
based on the interactions of individuals with algorithms or 
information shared between peers. For example, hotel clean-
ers’ work practices are deeply connected to guest feedback on 
platforms such as Tripadvisor and how the platform’s algorithm 
incorporates comments in hotel rankings (Orlikowski & Scott, 
2016). The opaque nature of algorithms thus allows them to 
control individuals, who may be punished or rewarded by algo-
rithmic decisions (Kellogg et al., 2020).

On the other hand, several studies of algorithms (Christin, 
2017; Lowrie, 2017) suggest that individuals with a satisfactory 
understanding of the algorithms can ‘game’ their results. In the 
gig economy, workers adapt their behaviours to algorithm 
management by using anticipatory compliance practices, for 
example by keeping emotions in check, to ensure their contin-
ued participation on the platform (Bucher et  al., 2021). 
Individuals are thus involved in algorithmic decisions even 
though they are not actors in the decision-making (Martin, 
2019b). By using a set of tactics to resist the control of algo-
rithms (Kellogg et al., 2020), workers try to regain autonomy. 
Thus, the opacity of the algorithm does not matter per se but 
becomes ethically significant in relation to others.

In summary, algorithms are increasingly embedded in critical 
decision-making processes, shaping everything from hiring to 
promotions and customer service. However, as these systems 
become more influential, the ethical issues of accountability, 
fairness, and transparency cannot be ignored. To address these 
challenges, it is vital to examine the collaborative dynamics 
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among stakeholders involved in algorithm design. Understanding 
how ethical issues are considered during the development 
phase is key to addressing the ethical implications of algorithm 
use in practice. In the following sections of the paper, we seek 
to address this gap by exploring how accountability, fairness, 
and transparency are considered and implemented in practice 
by those involved in algorithm development and deployment.

Methodology and context

Data collection

We used a combination of participant observation, internal 
documentation, and interviews to study the development and 
use of two algorithms at Digix from 2016 to 2017 through 
multi-sited ethnography (Marcus, 1995). Digix, a large French 
telecommunications company with approximately 90,000 
employees, aimed to gain insights into the algorithms’ develop-
ment and use, and stakeholders’ perceptions of them. While 
ethics were not the initial focus of the data collection, the col-
lected material revealed how stakeholders involved in the 
development of algorithms considered ethical issues in 
practice.

Participant observation and internal 
documentation

One author of the paper worked as a big data and HR project 
manager at Digix from January 2016 to September 2017, lead-
ing a project on the training suggestion algorithm. In this con-
text, she conducted ‘covert research’ (Roulet et al., 2017) by 
working with the training department, which was in charge of 
defining the expectations regarding one of the algorithms, data, 
the HR data management team in charge of overseeing the 
HR information systems and providing data, along with two 
legal experts responsible for ensuring compliance with French 
data privacy laws. This involved numerous types of communi-
cations, including meetings with minutes, emails, and phone 
calls, involving individuals from various sites. This data collection, 
based on covert research, was facilitated by the fact that the 
collected material was part of her job, ensuring that the 
research itself had no impact on the company or its employees. 
The whole internal documentation is a comprehensive collec-
tion of over 230 documents, encompassing meeting minutes, 
framework documents, presentations made at project meet-
ings and at various stages of the project’s updates, budget and 
schedule monitoring reports, draft emails sent to employees 
to solicit their participation, question-and-answer documents 
on the algorithm, and survey feedback, among others. Smaller-
scale internal documentation on the CV preselection algo-
rithm, which another project manager oversaw, could also be 
retrieved.

While this covert research was integrated into her job, 
minimizing the impact on the company and employees, main-
taining analytical distance remained a challenge (Schouten & 
McAlexander, 1995). To address this fact, the research included 
external interviews and the analysis began after the author left 
the company, facilitating a sense of detachment and a more 
objective research stance. Finally, co-authoring with someone 
outside the company further strengthened the analytical 
objectivity.

Interviews

To complement our knowledge of the development of the 
algorithms, a 2-h semi-structured interview was conducted at 
the end of the project (in 2017) with one of the data scientists 
who worked on the training suggestion algorithm (‘Data scien-
tist A’), and another 1.5-h semi-structured interview was con-
ducted with the data scientist who worked on the CV 
preselection algorithm (‘Data scientist B’). The objective was to 
gain a deeper understanding of the inner workings of the algo-
rithms and to explore the perspectives and opinions of the 
data scientists regarding these topics.

Triangulating materials enhances our understanding of 
algorithm development and use. Participant observation 
and internal documents reveal the roles and dynamics of 
the actors involved (Seaver, 2017). Semi-structured inter-
views provide detailed insights into the perspectives of the 
data scientists who build the algorithms. As Seaver (2017) 
noted, collecting all relevant materials, particularly corpo-
rate materials rather than press releases, is crucial for study-
ing algorithms.

Data analysis

The data analysis followed an interpretivist approach (Sandberg, 
2005) and consisted of a two-stage process, with a distinct role 
for each type of material. In the first stage, a thematic analysis 
was conducted with an abductive approach, iterating between 
the empirical data and the three ethical issues identified in the 
literature review. This analysis allowed us to identify the roles 
and visions of the three main stakeholder groups – data scien-
tists, HR practitioners, and legal experts – regarding their per-
ceptions and representations of the algorithm and their ethical 
issues.

In the second stage, the focus shifted to these ethical con-
siderations, specifically accountability, fairness, and transparency. 
These three dimensions were chosen based on our knowl-
edge and observation of the field. The goal was to explore the 
different stakeholder views on these issues. While ethics were 
not always explicitly stated by the actors, we discerned rele-
vant discussions from the documents and interviews related to 
these ethical issues.
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The materials address concerns raised by various studies of 
algorithms, such as the diversity of algorithm conceptualiza-
tions (Ananny & Crawford, 2018; Cheng & Hackett, 2021; 
Lange et al., 2019). They help us understand the ethical consid-
erations surrounding the development and use of algorithms 
and analyse the interactions among decision-makers, data sci-
entists, legal experts, and users.

Initially, we aimed to compare the two algorithms to high-
light their unique features and challenges. However, focusing on 
ethical considerations in the second stage revealed that both 
algorithms shared similar ethical concerns. This shift led us to 
view the algorithms as cumulative cases (Garreau, 2020) rather 
than as purely comparative (Yin, 1981a, 1981b), emphasizing 
their common ethical issues.

Descriptions of the two algorithms

Training suggestion algorithm (‘training algorithm’)

The first algorithm provides personalized suggestions for train-
ing courses for employees, who are, therefore, the algorithm’s 
users. This project was conducted in four stages, spanning a 
period from February 2016 to April 2017. In the initial 3-month 
stage, the project was framed with the goal of testing the algo-
rithm with voluntary employees and focusing only on short 
e-learning courses.

The second stage, which also lasted 3 months, involved 
data collection. An email was sent to 10,000 employees, 
informing them about the experiment and the data collec-
tion. Approximately 1,700 employees out of 10,000 agreed 
to participate in the experiment. The algorithm develop-
ment took 5 months. The final 3-month stage consisted of 
gathering feedback and suggestions from employees. The 
final algorithm was composed of three sub-algorithms: col-
laborative filtering, thematic analysis, and a matching 
algorithm.

During development, data that would have been useful for 
suggesting training courses were either missing or of poor 
quality. For example, the company lacked data on individual 
employee skills. The available data included training data, train-
ing history, identification data – such as managerial status, clas-
sification, and job field – and monitored social network 
community data (Figure A1 in the Appendix).

In addition, the lack of data on various topics had to be 
compensated for by generating new data from existing infor-
mation. For example, the data scientists felt that the lack of 
information on the evaluations of the training courses that 
learners attended could affect the quality of the final recom-
mendations. As a result, they developed a method to extrapo-
late the evaluations of the training course based on behavioural 
assumptions. For example, they assumed that someone who 
spent fewer than 5 min on a course did not like it and that, 
conversely, logging on several times to take a course showed a 

satisfactory appreciation of the course. In the end, this resulted 
in a satisfaction indicator.

Suggestions were sent to all registered employees in 
January 2017. To evaluate the relevance of the algorithm, a 
non-anonymous questionnaire was distributed, which linked 
the responses to the received suggestions. The survey ques-
tioned them, among other things, on the usefulness of the 
suggestions, the likelihood of employees following them, and 
their consideration of training without suggestions. Such a 
survey aims to consider user-centric evaluations in improv-
ing algorithmic decisions. Additionally, a report tracked 
whether employees followed the suggestions, and the 
change in the average monthly number of training courses 
attended was reviewed to measure any increase in training 
participation.

CV pre-screening algorithm (‘pre-screening 
algorithm’)

The second algorithm is a prescriptive tool aimed at automat-
ing the pre-screening of CVs and suggesting candidates for job 
interviews. A discussion between the recruitment department 
and a data scientist led to the identification of the need for the 
automatic sorting of CVs during external recruitment. Digix 
receives more than 100,000 CVs each year to be analysed for 
a range of 6,000–10,000 advertised jobs. Recruiters preselect 
CVs and interview candidates. The project’s goal was to free 
up recruiters’ time for proactive tasks, for example headhunt-
ing. Initial studies conducted by data scientists revealed that 
approximately two thirds of the applications were not aligned 
with the job criteria. Consequently, the algorithm aims to 
streamline pre-screening and enhance HR efficiency by auto-
mating the exclusion of irrelevant applications (Langley & 
Simon, 1995).

The project unfolded in three phases. From February 2016 
to July 2016, an initial algorithm for a small dataset was devel-
oped. This phase focused on handling unstructured textual 
data. In the second half of 2016, the algorithm was tested and 
refined with a larger dataset,2 employing semantic analysis to 
create and compare word clouds from CVs and job advertise-
ments. The algorithm scores each CV based on its relevance to 
the job advertisement in terms of both its presence and its 
position in both documents. In early 2017, the algorithm was 
tested alongside human recruiters and discrepancies were 
analysed to improve its accuracy by using more data. ‘The final 
deliverable of the algorithm is basic: it is a score, an estimate of 
the relevance of a candidate to a desired profile. It says “78% 
match between the person’s profile and what we’re looking 
for”’. (Interview with Data scientist B)

2.All job advertisements produced and CVs received over two months, 
approximately 1,000 job advertisements for 400 different jobs and 10,000 CVs.
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Data scientists then manually improved the algorithm by 
discussing CVs with recruiters, understanding their prefer-
ences, and aligning the algorithm’s results with human judge-
ments. This adjustment improved the relevance score, ranging 
from 65 to 80%.

The two algorithms differ in their purpose and use. The 
training suggestion algorithm gives rise to an entirely new pro-
cess, whereas the pre-screening algorithm automates an exist-
ing process, impacting applicants who have no control over its 
use. Both algorithms involve data scientists, the HR depart-
ment, and legal experts in their development. Data scientists 
programme the algorithms, HR ensures that they meet their 
needs, and legal experts ensure compliance. The two algo-
rithms differ in terms of users. In the training algorithm, the end 
users are employees, whereas they are recruiters in the 
pre-screening algorithm. In the training algorithm, the input 
data come from the users, including their feedback, whose data 
are used to train the algorithms to make recommendations for 
other employees. The latter are not involved in the design of 
the algorithm.

In the pre-screening algorithm, recruiters make decisions on 
the recruitment process based on the suggestions of the algo-
rithm, but the data processed are based on the CVs of appli-
cants. While recruiters are both developers – in the sense that 
they are involved in the design of the algorithm – and users of 
the algorithm, applicants have no information on how the algo-
rithm uses their data.

Ethical issues in the development and use of 
algorithms

The main findings are structured around the stages of devel-
opment and use of the algorithms: data selection, construction 
of the algorithm, assessment of the algorithm’s accuracy, and 
use of the results produced by the algorithm. For each stage, 
we focus on the ethical considerations that emerged among 
the various stakeholders involved and, on the decisions, made 
following these considerations.

Data selection

The data selection stage raises ethical considerations, notably 
surrounding fairness. Data scientists advocate that the more 
data there are and the better the quality of the data, the fairer 
the results produced by the algorithm – fairness being under-
stood as increased objectivity and reduced bias. To achieve this, 
they prioritize what they term ‘data quality’, which refers to 
two criteria. The first is a high completeness rate, referring to 
the percentage of individuals for whom the data are provided. 
The second is a high degree of differentiation in the data. For 
example, if all individuals have the same skills, such as 

proficiency in French, then the data lack the diversity needed 
for personalized recommendations.

On data retrieval, it was slightly long, but in the end, people were 
quite cooperative. Afterwards, in the construction of the algorithm, 
we had a considerable difficulty: we had the data, but we did not 
qualify the data enough beforehand. Two difficulties arose: data 
from the internal social network that was very hard to exploit and 
a training catalogue that was constantly changing. With very few 
notes, few uses, an ever-changing catalogue . . . (Interview with Data 
scientist A, conducted in 2017)

Data scientists also reported a lack of specific key data deemed 
essential for training algorithm effectiveness, such as employ-
ees’ evaluation of training courses. In effect, collaborative filter-
ing algorithms, in particular, yield better results when they 
incorporate not only data on whether users have accessed 
specific content but also their feedback on the quality of that 
content.

The data scientists believe it would be necessary to have 
information on whether employees appreciated the training they 
received in the past (in addition to their training history). For 
e-learning training, they propose the construction of a variable 
that approximates satisfaction with training based on the number 
of connections and the completion of the training. (Observation 
notes – internal meetings held in 2016 within the project team)

Overall, data scientists believe that as much data as possible 
should be retrieved upstream, as it is challenging to know in 
advance which variable will improve the quality of the algo-
rithm and make it fairer, that is more objective and less biased.

This perspective contrasts with the view of legal experts, 
who argue that it is essential to predefine and justify the data 
used during the construction of the algorithm from the outset. 
They believe that avoiding discrimination and guaranteeing 
transparency requires careful consideration of which data will 
be used even before developing the algorithm. For example, a 
document that presents the objective of the project and the 
data to be used should be produced before the project is 
launched in order to obtain its approval.

Primary objective: experiment regarding the automated emailing of 
personalized suggestions for online training to employees.
[…]
Categories of data processed: internal personnel number, data 
from the internal social network, training history and administrative 
data (e.g., profession, being a manager). (Excerpt from the ‘data 
protection correspondent’ file, an internal document of the 
company produced by the legal team in 2016)

In the dialogue between legal experts and data scientists, dis-
agreements also arose over the inclusion of certain specific 
variables. Legal experts emphasized the need to avoid discrim-
inatory practices, and therefore advocated discarding variables 
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such as gender because of legal prohibitions against discrimina-
tion based on such characteristics. For legal experts, an essen-
tial aspect of ethics is embodied in the protection of personal 
data and in preventing direct discrimination through the exclu-
sion of certain variables as inputs for algorithm decision-mak-
ing. In contrast, data scientists argue that including these 
variables could help control or correct possible preexisting 
biases in the data and could thus increase fairness.

These divergent viewpoints illustrate the contrasting priori-
ties in algorithmic modelling among different stakeholder 
groups. The final decision at this stage, made by HR practi-
tioners and legal experts, was to exclude gender-based data 
and limit data collection to the strict minimum to comply with 
French regulations. Legal compliance with non-discrimination 
laws is a major concern for HR practitioners, who seek to 
mitigate the risk of lawsuits or sanctions. As a result, they tend 
to rely on legal experts for guidance and legal safeguards. 
However, restricting the data collected has direct implications 
for the algorithm’s construction.

Construction of the algorithm

In the algorithm development phase, data scientists seem to 
be primarily responsible for constructing the algorithms and 
selecting computation methods. However, the available data, 
selected by legal experts and HR practitioners, as underlined 
earlier in the text, strongly influence the choice of algorithms. 
For example, the training algorithm ultimately comprises three 
sub-algorithms. The first sub-algorithm, collaborative filtering, 
performs well only for employees who have a sufficiently long 
training history for comparison with one another. The second 
sub-algorithm, thematic filtering, complements the first algo-
rithm but is effective only for those with at least one training 
course in their history. For employees without a training his-
tory, a third algorithm is employed to match them with 
employees who have such histories based on their HR infor-
mation. This approach reflects data scientists’ focus on selecting 
algorithms suitable for the available data. For example, limited 
data availability prevents training course suggestions based on 
qualifications or employees’ wishes.

However, HR practitioners require data scientists to explain 
their choices and to be able to describe the algorithm and how 
it works; therefore, underlining the need for transparency. In 
particular, HR practitioners require that the algorithm’s inner 
workings be understandable to employees, leading to the 
choice of relatively simple algorithms that can be easily 
explained to HR practitioners and employees. ‘Following feed-
back from the internal social network community on the lack 
of relevance of some training suggestions, an explanatory doc-
ument presenting the three sub-algorithms used is sent to all 
participants’ (Summary of internal email exchanges, beginning 
of 2017).

Similarly, for the pre-screening algorithm, the choice was 
influenced by the characteristics of the available data as well as 
the desire to be able to explain the algorithms to recruiters 
and employees. As the data scientists only had data on CVs 
and job advertisements, they selected an algorithm that builds 
word clouds and measures word frequencies for CVs and job 
advertisements, methods that can be comprehensible to both 
recruiters and employees.

These elements show that the need to be able to commu-
nicate about the algorithms to non–data-experts, which refers 
to the transparency issue, is a key factor in the development of 
the algorithm.

Assessment of the algorithm’s accuracy

In general, human judgement serves as the benchmark for 
determining whether the algorithm’s decisions are ‘correct’. 
However, this criterion is not without contention, particu-
larly between HR practitioners and data scientists, who 
often disagree on whether human judgement is an ade-
quate standard. For example, in the pre-screening algorithm, 
a comparison was made between the first 20 CVs selected 
by the algorithm and those selected by the recruiter for 
each job advertisement. The percentage of agreement 
between the two sets of selections was then measured to 
assess algorithmic performance.

We got an 84% match. I did two exercises in parallel: I took a 
job advertisement and the applications, and the recruiters did the 
scoring (the ranking of the CVs) by hand. They said: out of all the 
applications received, here are the top twenty. We also compared 
that with the algorithm. There was general agreement; when the 
applications did not match at all, it was the same for the machine 
and the human. However, there were a few CVs that the machine 
discarded and the human retained, and vice versa. However, it still 
meant that out of ten CVs, there were one or two that the machine 
did not retain, and the human retained, which is socially acceptable 
. . . We could not really explain it, however, because there is a lot 
of intuition involved. (Interview with Data scientist B, conducted 
in 2017)

The data scientist who was interviewed highlights that HR 
practitioners and recruiters generally accept the use of human 
judgement as a benchmark for evaluating algorithms, highlight-
ing the social acceptance of human arbitrariness. This accep-
tance stems from the fact that humans can be held accountable 
for their decisions. However, a similar level of arbitrariness is 
not tolerated in algorithmic decisions. This stance sidesteps the 
considerations regarding the biases inherent in human deci-
sions or the potential for algorithms to make ‘better’ decisions, 
in other words, that are less biased, more objective and more 
innovative than humans (Jago, 2019). Emphasizing this point, 
the other data scientist underlines the fact that the ultimate 
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achievement of a recommendation engine lies in generating 
insights that humans would not have thought of.

Everyone is free to do what they want, but if someone recommends 
obvious training courses to you, I don’t think there’s much point. It 
saves you time in the training catalogue, but you don’t need that 
… The point of recommendation engines is to correct mistakes or 
get back things you didn’t have. Recommendations have worked 
in entertainment to create usage, and they’re trying to create 
diversity. When you’ve bought five Beatles records, there’s no 
point in Amazon recommending you a sixth. It’s all about predictive 
power. What’s great is when you can predict things you do not 
already know exist. (Interview with Data scientist A, conducted 
in 2017)

Finally, the quality of both algorithms is evaluated through the 
collection of user feedback gathered from employees or 
recruiters. For the pre-screening algorithm, feedback is col-
lected from a relatively small user base, allowing for more 
direct and frequent inputs to refine the system. Conversely, for 
the training algorithm, feedback is obtained through a ques-
tionnaire due to the large number of users. Although employ-
ees appreciate the ability to receive training suggestions, their 
opinions on the quality of these suggestions are lukewarm 
(Figures A2 and A3 in the Appendix). Data scientists attribute 
the lukewarm opinion to strong technical constraints associ-
ated with the lack of data, therefore refusing to be held 
accountable for this. For example, in the internal social net-
work community, employees express dissatisfaction with the 
predominance of English-language training courses, despite 
their limited proficiency in English. Data scientists, in turn, attri-
bute this issue to the data, as the selected catalogue from 
which the suggestions were generated predominantly consists 
of English-language content.

Feedback on the use of the results produced by 
the algorithm

The initial feedback on the usage test of the results pro-
duced by the algorithm raises ethical issues related to human 
agency and autonomy. Concerning the training suggestion 
engine, the training department (HR practitioners) decided 
that each employee would receive their own training sug-
gestions without informing the manager, thereby giving 
employees the autonomy to follow or disregard the sugges-
tions as they saw fit.

Proposal for the pilot:

Only open-access training, without managerial authorization (short 
e-learning courses), is recommended (Skillsoft catalogue). This 
makes it possible to recommend training courses that are not 
specific to business areas (cross-functional training) and to give 
employees greater autonomy in their learning. (Excerpt from a 

document presenting the training algorithm, an internal document 
of the company produced in 2016)

For the pre-screening algorithm, the recruitment department 
decided that the ranked results generated by the CV preselec-
tion algorithm would be sent only to recruiters, allowing them 
autonomy to either follow or disregard the 
recommendations.

In both algorithms, the end users who receive the results of 
the algorithms have the agency to decide whether to act on 
these suggestions, making them accountable for the final deci-
sion. The question of accountability is particularly complex in 
both cases and raises ethical considerations. When data scien-
tists’ accountability is questioned, for example regarding the 
quality of the results produced by the algorithm, they shift 
accountability to the final users, who make the final decisions. 
They argue that it is ultimately the human users who should be 
held accountable, as the algorithms merely provide recom-
mendations, leaving the final choice to human judgement. This 
perspective aligns well with HR managers, who prioritize a 
social contract with employees. On the other hand, legal 
experts view accountability as a critical concern and would 
rather compromise algorithm effectiveness than risk using vari-
ables that could expose the organization to claims of unfair 
recommendations, as underlined above. The results illustrate 
the complexity of defining accountability among the various 
actors involved. Each group has different perspectives on 
accountability, offering insights that extend the existing litera-
ture on algorithmic accountability, notably Martin’s (2019b) 
article. The various actors usually prefer to delegate account-
ability rather than accept it themselves, contrary to what has 
been assumed in previous research (Martin, 2019b). In the 
Digix case, as the algorithm is developed internally, the organi-
zation should be held accountable. While certain ethical con-
siderations may not be codifiable in law, there should be ways 
to extend the current legal frameworks to recognize the 
responsibilities of designers and owners of algorithms.

In the case of the training algorithm, the user who receives 
the results is the same as the individual whose data are being 
processed (employee). For the pre-screening algorithm, the 
user (recruiter) who receives the results is distinct from the 
data subject (applicant). This means that for the training algo-
rithm, the algorithm was explained to employees whose data 
were processed. However, for the pre-screening algorithm, 
while the functionality was explained to recruiters, applicants 
whose data were processed were not informed about this use. 
Interestingly, the various stakeholders were aware of this lack 
of transparency but did not mention it as a fundamental ethical 
issue, suggesting that the focus on transparency was primarily 
directed towards current employees rather than applicants. 
‘The question of social acceptability concerned the recruiters. 
As far as the applicants were concerned, the only issue was to 
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ensure non-discrimination in the event of an appeal’ (Interview 
with Data scientist B, conducted in 2017).

The results underscore divergent definitions of transpar-
ency. Stakeholders, and notably HR practitioners, prioritize 
algorithmic transparency by emphasizing explanations that are 
understandable to both managers and employees, even if 
doing so entails sacrificing some performance. This contrasts 
with findings from other studies (Langer & König, 2023; Turner, 
2009), where stakeholders focused more on performance. 
Moreover, HR practitioners emphasize transparency specifi-
cally for the benefit of employees within the organization. 
However, it remains unclear whether transparency in the func-
tioning of algorithms enhances the decision-making of HR 
managers or users.

Discussion

Drawing on various qualitative materials, we identified key eth-
ical considerations among the actors involved in the develop-
ment and use of algorithms within a major digital company. 
Our research, which leverages the unique insider perspective 
of one of the co-authors, provides an in-depth analysis of the 
development and use of two algorithms, offering access to 
rarely examined internal dynamics. Our study shows that the 
discussion, creation, and adjustment of algorithms generate 
ethical considerations, particularly regarding accountability, fair-
ness, and transparency. Our case study illustrates the ethical 
considerations raised by various stakeholders, such as data sci-
entists, HR managers, legal experts, and different end users, 
which include recruiters and employees. Our results reveal 
that their goals and moral perspectives often diverge during 
algorithmic development.

Our results make three key academic contributions. First, 
they provide a detailed empirical exploration of the internal 
dynamics and ethical considerations that occur during algo-
rithm construction – a process largely overlooked in previous 
research. Second, they demonstrate that the designers of algo-
rithms are a heterogeneous group whose differing perspec-
tives significantly shape outcomes related to accountability, 
fairness, and transparency. Third, they bridge the gap between 
theory and practice by linking these internal considerations to 
pressing managerial issues.

Unlike many studies on algorithms (e.g., Kellogg et al., 2020), 
which highlight a stark divide between designers embracing 
the algorithm and users actively resisting it, our findings suggest 
a more complex and nuanced relationship in practice (Raisch 
& Krakowski, 2021). Even in the construction of the algorithm 
(Glaser et  al., 2021), we observe that their designers (data 
scientists, legal experts, and HR practitioners) are not a 
homogenous group. Instead, they offer different perspectives, 
particularly when selecting the variables to be considered in 
the algorithms. Our research shows that algorithms “function 

as prisms that can reveal existing priorities within groups” 
(Christin, 2020, p. 906).

Our findings also shed light on how different actors lever-
age ethical issues to assert their points of view. For legal 
experts, accountability focuses primarily on controlling the 
inputs used in algorithmic decisions rather than on perfor-
mance or transparency for end users. As a result, they treat 
fairness as a mechanism to mitigate accountability issues. On 
the other hand, data scientists interpret fairness in terms of the 
quality and accuracy of algorithmic classifications. For them, 
transparency serves to elucidate the limited relevance of cer-
tain algorithmic decisions, which helps shift accountability away 
from themselves in cases of poor recommendations and trans-
fer it to end users. In contrast, HR managers prioritize trans-
parency because it allows end users to critically evaluate and 
challenge algorithmic outputs through established procedures 
(Martin, 2019a). However, while transparency can empower 
users, it also raises concerns regarding accountability and fair-
ness in final outcomes. For example, transparency increases 
the potential for ‘gaming’ the algorithm, resulting in unequal 
treatment of information among users (Christin, 2017), and 
may require simpler algorithms that sacrifice sophistication and 
fairness. In particular, the accountability of HR managers in 
constraining algorithmic choices for the sake of transparency 
remains unchallenged.

Empirically, our study contributes by facilitating a systematic 
comparison of two algorithms serving different end users 
within the same organization. This comparative approach 
reveals that transparency is typically more limited for external 
users than for internal users, but it also provides a robust ana-
lytical framework to think across cases.

Our study also builds a bridge between academia and prac-
tice by emphasizing three managerial issues. First, the empirical 
results underscore the fact that human choice remains the 
dominant criterion, with human accountability being para-
mount. Nevertheless, our case study shows that the use of 
algorithms must be accompanied by parallel investment in 
human expertise to enhance collaborative intelligence and 
mitigate ethical risks (Gregory et  al., 2021; Leicht-Deobald 
et al., 2019) regarding these technologies, in order to enhance 
collaborative intelligence (Wilson & Daugherty, 2018) and 
minimize their potential risks from an ethical perspective. 
Companies can put in place co-creation processes and a com-
mitment to developing employees’ ‘fusion skills’ for working at 
the human-machine interface (Wilson & Daugherty, 2018).

Second, while our results highlight the different visions of 
the world of the algorithms’ designers, we believe that our 
work also underscores the psychological distance between the 
designers of the algorithms (Donaldson & Neesham, 2020). 
Psychological distance refers to the mental distance between 
individuals: individuals care more about those to whom they 
feel close in terms of time or personal characteristics 
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(Donaldson & Neesham, 2020). Typically, HR managers are 
psychologically closer to the end users of algorithms than data 
scientists or legal experts. Psychological distance affects judge-
ments about fairness – the greater the psychological distance, 
the higher the risk of unfair judgements – so it is important to 
account for this in the design of algorithms.

Finally, transparency also raises ethical considerations 
around the need to be comprehensive and the effectiveness 
of algorithms. However, the dynamics of algorithms were not 
considered. As algorithms are self-learning systems and 
evolve with the characteristics of the users, transparency 
must also signal that the system evolves over time. This 
observation invites future research to explore how dynamic 
transparency can be integrated into algorithm design to 
ensure both fairness and adaptability.

Conclusion

This paper aimed at opening the ‘black box’ of two algorithms 
developed by a major company in France. Our results empha-
sized the decision-making process in the creation of algorithms 
and the key ethical issues – accountability, fairness, and trans-
parency – involved in the construction and operationalization 
of algorithms.

Our study has, of course, several limitations. The broad 
scope of materials studied using alternative methodologies 
may be considered one such limitation. However, providing 
the best overview of both algorithms studied was necessary 
(Christin, 2020; Seaver, 2017). We also conducted a limited 
number of interviews, with a focus on data scientists, whereas 
it would have been interesting to conduct more interviews 
with practitioners and users. The main limitation of the study 
is that it focuses on a single company. While studying a single 
company allows the comparison of the two algorithms with-
out having to consider the effects of the organizational con-
text, it prevents us from drawing general conclusions based 
on our results. However, both types of algorithm studied in 
this paper are becoming increasingly common within compa-
nies. Our case study may therefore be of interest to practi-
tioners and researchers studying different organizational or 
cultural contexts.

Further studies could focus on comparing the construction 
of algorithms across different companies or industries. This 
would enhance our understanding of the different ethical 
issues at stake in various industries and the considerations of 
the various actors involved in the construction of algorithms.
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Appendices Lukewarm opinion on the relevance and usefulness of suggestions

Source: Internal document that was produced and presented during an internal meeting in 2016; own translation.

Figure A1.  Presentation of the data.

Source: Data from the 2017 questionnaire; own translation.

Figure A2.  Chart appearing in the internal report on the training algorithm.
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Analysis of the questionnaire

1.	 Lukewarm opinion on the relevance and usefulness of suggestions

2.	 These suggestions, however, seem to open new horizons for respondents, and just over a third of respondents think 
they will follow the suggestions

3.	 They find the user experience intuitive

4.	 Finally, receiving training suggestions is an interesting feature for a very large majority of respondents

Source: Data from the 2017 questionnaire; translated by the authors.

Figure A3.  Excerpt from the internal report on the training algorithm.


