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Abstract. The accumulation of large quantities of data and the introduction 
of algorithmic technologies in organizations has facilitated the emergence of 
“digital workers” such as data scientists. The epistemological differences be-
tween data science and other domains in organizations have apparently generated 
what we call “knowledge inequalities” (i.e. data science gains an advantageous 
position due to its emphasis on rationality). This research-in-progress draws on 
an analysis of interviews with data science practitioners to understand how they 
make sense of and reflect on data science knowing practices and how these re-
flections compare to critiques of data science. Our study reveals that data science 
practitioners seem to be reflective in relation to their knowing practices and, con-
trary to the common portrayal of the advantageous position of data science, they 
display particular vulnerabilities. With our research, we aim to critically investi-
gate data science in practice and to thereby go beyond theoretical critiques to an 
empirically informed analysis of data science as digital work. 
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1 Introduction 

The practice of data science is often characterized by the ability to extract knowledge 
from data through digital technologies and statistical skills [17, 18]. Consequently, the 
concept of knowledge in data science is directly related to data and probability, i.e. 
knowledge is “born from the data” [20, 19, 24, 28]. On the other hand, knowledge in 
the management field is portrayed as a broader concept that is often related to practices, 
relationships and interactions [7, 26]. As stated by Orlikowski [26] (p.1), “knowing is 
not a static embedded capability or stable disposition of actors, but rather an ongoing 
social accomplishment constituted and reconstituted as actors engage the world in prac-
tice”. The epistemological differences between data science and management practi-
tioners generate apparent “knowledge inequalities” in real-world organizations [28, 40, 
40], which tend to lean in favor of data science [8, 25, 28]. While emerging studies have 
explored the “advantageous” position that data science has over other fields regarding 
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knowledge [34, 37], little is known about the perspective of data science practitioners 
(e.g. data scientists) concerning these apparent inequalities [15, 27]. Thus, in this re-
search in progress, we empirically study data scientists to understand how they reflect 
on their practices. We compare dominant critiques of data science with this practitioner 
perspective.  
 

 
 

2 Research Context 

Over recent years, organizations have produced and accumulated large quantities of 
data due to the so-called “big data revolution” [16, 19, 22, 36]. Companies realized that 
useful knowledge could be extracted from these large volumes of data, for which they 
required the techniques of an ‘emerging’ discipline called data science [13, 18]. The 
rise of data science in today’s digital economy resulted in the creation of new data-
focused occupations, such as data scientists and data analysts [11, 24, 31]. Nowadays, 
data scientists are being hired by a wide spectrum of organizations [9, 17, 23]. 

 
Data science's popularity in real-world organizations, however, has also generated 

apparent knowledge inequalities [28, 40, 40], which lean in favor of data science prac-
titioners [8, 25, 28]. We use the term “knowledge inequalities” to describe the apparent 
“advantage” that data science seems to have over other fields. This is because data sci-
ence practices (e.g. data modelling) are mostly based on a “perfect-model rationality” 
[21], which allows data science practitioners to perform actions grounded on an assess-
ment of probability without depending on customs, intuitions, or emotions. By suppos-
edly leaving out human irrationalities and inefficiencies, data science is an attractive 
option for managerial actions and it is often celebrated as a superior means of 
knowledge [3, 10]. Hence, data science is commonly seen as “dominant” over other 
fields, leading to knowledge inequalities that can result in power imbalances. 

3 Problematizing critiques of data science 

This study focuses on knowledge as a theoretical lens for problematizing current liter-
ature on data science practices [2]. In the following we analyze how existing literature 
critiques data science practices for how these conceive of and deal with knowledge. 
 

In data science practices, knowledge is supposedly treated as a narrow and “cumu-
lative” concept that can either be extracted from an expert [15] or be directly inferred 
from a data set [17, 18, 19, 20, 24, 28]. This view stands in contrast to recent research 
that sees organizational knowledge as social and embedded in practices, with depend-
encies between the “tacit” and the “explicit” [26].   
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Such misalignments regarding the concept of knowledge are central to existing cri-
tiques of data science as a discipline. We have summarized such critiques from critical 
data studies scholarship in Table 1. The knowledge inequalities between data science 
and other disciplines discussed in these critiques have several consequences such as 
changes in power dynamics (power asymmetries) and the diffusion of an image of data 
science as “dominant”. 

 
Initially, Ribes et al. [34] describe the “domain-agnostic” nature of data science. By 

being domain-independent and having a set of “generalizable tools”, data science se-
cures the role of a neutral intermediary making it capable of intervening (positively or 
negatively) in any other field. For instance, data science is seen as being able to posi-
tively contribute to the optimization and improvement of human processes [14, 32].  On 
the other hand, data science can also intervene negatively in other domains by generat-
ing inequalities related to surveillance [4, 42], automation [1, 12] and unethical conse-
quences of data science systems (e.g. bias in data leading to discrimination in job ap-
plications and health services) [5, 39].  

 
Following Ribes et al. [34] logic of domains, Slota et al. [37] (p. 1) argue that being 

domain agnostic drives the practice of data 'prospecting', which allows data science to 
be “in the middle of all things”. The authors argue that data science is free to absorb 
and modify any domains’ knowledge without necessarily having to change its own (i.e. 
bringing “order” to other “messy” domains), thus, creating a “one-way” knowledge 
advantage. This is exemplified with the analogy of a “parasite”, where data science 
“positions itself as both consumer of data and, in effect, the arbitrator of interoperabil-
ity” [37] (p. 9). This critique suggests that data science practitioners might avoid en-
gaging in activities that could affect their core practices (e.g. non-data-related activities, 
knowledge sharing), focusing only on those activities that perpetuate their mediator 
position and the relevance of their practices (e.g. knowledge acquisition, generalization 
of data). 

 
On a higher level, Sadowski [35] claims that “data extractivism” creates power im-

balances via the extraction of data at a low cost (sometimes zero cost) from individuals 
to then turn it into profit using data science techniques. Furthermore, the author touches 
upon the unevenness of data extractivism, for example, in the disproportional extraction 
of data from certain groups or the non-representation of other groups in training data. 
Aligned with this idea, Zuboff [42] warns about the ubiquitous presence and power of 
data science systems that perpetuate inequality through the extraction and exploitation 
of data. Likewise, the “data colonialism” critique by Thatcher et al. [38] suggests that 
the collection of data in today’s digital economies has generated asymmetries between 
the producers and the owners of data. By using data science techniques to “colonize” 
individuals' data from everyday tasks, data science organizations have established a 
dominant position of power and surveillance, which is also heavily discussed and crit-
icized by Zuboff [42].  
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Table 1. Overview of critiques of data science 

Critique Type Definition References 

Domain Agnostic 
 

Data science conceives itself as “domain 
independent”, which makes it an intermediary capable 
of intervening (positively or negatively) between 
domains or disciplines. 
 

[33], [34] 
 

Prospecting 

Data science renders (prospects) the data, knowledge, 
expertise, and practices of other domains, without the 
same commitment. Data science follows a “parasitic” 
relationship with other disciplines. 
 

 [37] 

Data Extractivism 
 

Inequality is generated due to the collection and 
circulation of data as capital and its pervasive 
influence over how organizations behave. 
Furthermore, data systems that perpetuate inequality, 
extraction and exploitation are becoming ubiquitous.  
 

 [35], [42] 
 

Data Colonialism 
 

The quest for value in today’s digital economy has 
generated asymmetries of data collection between data 
producers and owners. The data collection process as 
‘accumulation by dispossession’ colonizes and 
commodifies everyday life. 
 

 [38], [42] 
 

While the aforementioned critiques portray the inequalities and power imbalances that 
data science entails at a fairly abstract level, little is known about the actual data science 
practices that are taking place in real-world organizations and whether they align with 
how data science has been portrayed [15, 28]. Furthermore, prior literature would lead 
us to expect that data science practitioners would not take into consideration the social 
component of knowledge, something that might not be true. For instance, recent re-
search has found that data scientists do not only rely on “hard” data-intensive skills but 
also on sharing their knowledge with other domains [29, 41]. This means that, contrary 
to what is argued by Slota et al. [37], data scientists might not be only consumers of 
other disciplines’ data and knowledge, but they might relate to a broader knowledge 
exchange ecosystem. Thus, the knowledge relationship between data science practi-
tioners and other professions may not be unidirectional, but reciprocal. 

Hence, the research questions guiding this project are: 

RQ1) How do data science practitioners reflect on their practices, and how 
does this compare to critiques of data science?  
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In the following sections, we describe our research methodology and the progress of 
our empirical study. Then, we present our preliminary findings and conclude by dis-
cussing the importance of the topic for future research. 

4 Method 

The present work is only the starting point of a broader study. This research in progress 
uses semi-structured interviews and observations with data-related experts that practice 
data science at a high technical level in a diverse spectrum of industries. So far, 6 inter-
views have been conducted and the interviewees were selected using snowball sam-
pling [30]. We defined a “data-related expert” as those professionals whose jobs are 
associated with current data science practices, e.g. data scientists, data analysts, data 
engineers, and machine learning engineers. We selected semi-structured interviews in 
order to capture the perception of a broad range of data-related experts around the topic 
of current data science practices and digital work [30]. The preliminary interviews 
lasted on average 50 minutes and were audio-recorded, summarized, and transcribed 
for further analysis and coding. The transcripts were coded inductively using Atlas.ti. 
This data was collected between 13 of May and 10 July of 2020. Further interviews and 
observations of data scientists will be collected throughout the year.  
 

5 Initial Findings & Discussion 

The practitioners we spoke with sometimes aligned with elements of the critiques sum-
marized earlier, for instance, some of our interviewees recognized their intermediary 
role in the development of data science systems, as well as a clear disconnection from 
other domains. Nevertheless, we have also identified that the academic debate around 
data scientists appears to be too “black and white”. 

 
For example, we found that data science practitioners are starting to acknowledge 

the limitations of data for modelling the world. One reason for this might be related to 
the ‘failures’ that data science practitioners experience when developing their systems. 
The comments made by one of our interviewees (Data Scientist from MatchingCo 
[pseudonym]) about the sudden decline of use of an algorithmic tool developed by 
MatchingCo, suggests that data scientists seem to acknowledge the impossibility to get 
or infer all the “knowledge” required to make the system a success from data, support-
ing the view that knowledge isn’t only explicit:  
 

“...you just see that your end user perceives something in a different way than that 
you intended. And yeah, that has nothing to do with your model or with your product, 
it has everything to do with just the way things work in the real world...we can never 
model all the information in the world in a computer algorithm.” 
Data Scientist - MatchingCo  
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The interviewee showed awareness of the uncertainty that the real-world involves 
and how this undermines the “perfect rationality” perspective associated with data sci-
ence. 

 
Additionally, we learned about the emergence of the “analytics translator” role, 

which is characterized as the bridge between data scientists and management. This find-
ing suggests that data science processes might not be as straightforward (and advanta-
geous) as it was thought (i.e. data science requires “translation”). The fact that data 
scientists need support from management to materialize their view challenges the sup-
posed “superior” position of data science in organizations [28, 34, 37, 42]. Concerns 
were also expressed about data science becoming increasingly automated and commod-
itized, suggesting that the occupation is not as secure as is sometimes portrayed.  
 

Our initial findings suggest that data science practitioners are reflective on their prac-
tices and, contrary to the common portrayal of data science as “superior”, data scientists 
appear to show certain vulnerabilities and a reliance on others. 

 
With our research, we aim to critically investigate how data scientists reflect on their 

practice. With this, we aim to understand the key actors who build the digital systems 
(i.e. AI) that are increasingly shaping our everyday lives. We argue that future research 
will benefit from going beyond theoretical critiques to a more empirically informed 
analysis of data science and its practitioners.  
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