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Background and Motivation 
The diffusion of data science, analytics, and other data-intensive technologies in 
organizations (Agarwal & Dhar, 2014; Berente et al., 2021) led to a proliferation of data 
workers who develop and deploy them. Almost paradoxically to the expectations of the 
automation potential of these technologies, the increasing datafication of work exacerbates 
the need for data work in organizations (Jones, 2019; von Krogh, 2018). As a result, 
information systems (IS) researchers have started investigating data work, which includes 
activities around collecting, processing, analyzing, and generating insight from data in 
organizations. Data workers, thus, are an emerging breed of professionals with expertise in 
data (e.g., Pachidi et al., 2021; Parmiggiani et al., 2022). They draw on a range of technical 
skills around data science and machine learning (e.g., Aversa et al., 2018; Vaast & 
Pinsonneault, 2021), through more typical business intelligence and analytics (Koch et al., 
2021; Shollo & Galliers, 2016), to more fundamental recording of various real-world 
phenomena in data (Cunha & Carugati, 2018; Waardenburg et al., 2022). 

The datafication of many professions increases the proliferation of data work in various 
business areas. For example, account managers register sales differently to help later 
analyses (Pachidi et al., 2021), HR professionals change performance measurement 
standards (van den Broek et al., 2021), and police officers need to espouse new roles of 
algorithmic translators (Waardenburg et al., 2022). Data workers not only need technical 
expertise in statistics and computer science, but also need business and creative skills. As 
data science tools often grapple with a lack of ground truth (Lebovitz et al., 2021), 
especially while uncovering social phenomena, data workers need to embrace uncertainty 
using rules of thumb (Hill et al., 2016) and making complex choices (Patel et al., 2008) by 
drawing on their skills and attitude towards inventiveness, creativity, and experimentation 
(Avnoon, 2021; Parmiggiani et al., 2022). By contrast, data work is also portrayed as a 
source of efficacy, objectivity, and neutrality by mitigating human bias (Agarwal & Dhar, 
2014; Davenport, 2018; Jones, 2019). Being considered as highly rational employees 
engaging in nearly mechanistic work they risk to be automated (Davenport, 2018). 

Amid the apparent opposition of views on data work as a subjective art versus an 
objective science, in this study we set out to explore the possibility of examining it as a 
confluence of the two. We do so by drawing on the theory of craft that we discuss next. 

Theoretical Framework 
Craft as a theoretical framework allows bringing humanistic and mechanistic approaches 
to work together. The contemporary accounts of craft (as opposed to traditional craft), allow 
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for such a fusion, especially in the case of technical craft configurations (Kroezen et al., 
2021), of which software engineering and work of technicians are good examples (Adler, 
2015; Barley, 1996). Technical craft entails a distinct approach to work that is based on 
specific skills and attitudes that differ it from other, more mechanical approaches. Craft 
skills encompass the mastery of technique, whereby individuals have exceptional 
competency over their work, all-roundedness that allows them full control over the entire 
process, and embodied expertise that is tacit and contextual (Barley, 1996; Kroezen et al., 
2021). Craft attitudes emphasize dedication, a full commitment to work and engagement in 
it for its own sake (Sennett, 2009), communality, that is attention to a shared occupational 
identity and purpose (Anteby, 2008), and exploration which requires tinkering and 
engaging with the complexity and ambiguity of tasks (Kroezen et al., 2021; Sennett, 2009).  

Research Design and Methods 
To better understand how data workers draw on their technical as well as artistic skills 
together in their everyday work, we conducted a qualitative study of data scientists as an 
extreme example of data workers. We interviewed 62 data scientists in 23 globally 
distributed organizations ranging from high-tech to traditional industries. Across the 
interviews, we found strong evidence of typical craft skills and attitude (Kroezen et al., 
2021) among data scientists (e.g. mastery, abstract expertise, dedication, exploration).  

Data collection: The interviews focused on what, how, and why data scientists do what 
they do. They followed a semi-structured guide, flexibly adjusted over time, driven by the 
accounts of the participants (Gioia et al., 2013). All the interviews were recorded, lasted on 
average 55.3 minutes, and were transcribed verbatim in their original language (English in 
38, German in 14, and English combined with Hindi in 10 cases). This resulted in 57:08 
hours of recordings and 1,005 pages of transcribed text.  

Data analysis: We engaged in iterative data analysis and coding, drawing on grounded 
theory methods (Glaser & Strauss, 1967) with the help of software. We generated craft-
related first order codes by labeling reported practices of data scientists. We compared and 
contrasted the labels and arrived at sub-practices in an axial coding step. In a selective 
coding step, we consolidated these to higher order themes (craft practices of data science 
work). Finally, we identified cross-cutting themes that demonstrated the iterative nature of 
practices and allowed us to theorize and conceptualize a model of data-based craft.  

Preliminary Findings 
We uncovered that data workers not only engage in crafting under-defined and incomplete 
data science products for their business customers (such as dynamic prediction dashboards 
or reports), but also actively craft their tools by developing algorithmic models, as well as 
the material by generating and giving shape to data. In particular, we identified generating 
material for a specific purpose, making the material processable, and giving meaning to the 
material as the practices of (i) crafting the material (data); (re)searching for the right tool, 
tuning the tool, and trying out the tool as the practices of (ii) crafting the analytical tools; 
and envisioning, pitching, and cultivating the product as the practices of (iii) crafting data 
science products (see Table 1).  
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Table 1. Summary of findings on the practices of craft in data (science) work 
Activities 

of data 
worker  

Higher order themes: Practices 
in data science craft 

Core categories: Sub-
practices in data science 

craft 

Reasons why data scientists need to engage 
in craft 

Crafting 
the 
material: 
data 
science 
inputs 
  
  

Generating material for a 
specific purpose, relies on drawing 
from embodied expertise within the 
organization, and mastery of data 
within the context 

1) Identifying data sources 
2) Creating data from 

other digital objects 
3) Remoulding data from 

other data products 

- Absence of specific, indicated datasets 
- Required data do not exist within the 

organization 
- Underlying data is pre-crafted for a 

different purpose 

Making the material processable, 
draws on the understanding of 
constantly changing processes 
through embodied expertise, and 
the mastery of data science 

1) Initial pre-processing of 
data 

2) Constant processing of 
data 

- Dirty data, that is format and contents 
have to be cleaned up 

- Data drift that turns data less relevant and 
more obsolete 

Giving meaning to the material, 
relies on embodied experience 
acquired through immersed domain 
knowledge and engagement, and 
drawing on communality 

1) Explicating semantics  
2) Working in tandem to 

understand data 
3) Getting hands dirty for 

embodied expertise 

- Data as material have a semantic value 
that is not obvious from its characteristics 

- The organization is a constantly evolving 
and changing entity, thus meanings shift 

Crafting 
the tools: 
data 
science 
models 

(Re)searching for the right tool, 
requires mastery, communality and 
dedication to the role through 
continuing learning  

1) Distributing tool 
mastery 

2) Engaging in double 
communality 

- Expanding number of potential models to 
be deployed forces specialization 

- Working with specific tools as a matter of 
occupational identity 

Tuning the tool, relies on constant 
experimentation and the mastery of 
data science skills 

1) Experimenting with 
models 

2) Tuning the tuners  

- Define model parameters, data formats for 
every project 

- Models produce different results every run 

Trying out the tool, draws on 
experimentation in real-world 
conditions, as well as communality 
with other departments 

1) Evaluating performance 
2) Conducting real-world 

experiments 

- Plethora of performance metrics available 
- Evaluation on real-world data is needed 
- Validating causality in detected 

correlations is required 

Crafting 
the 
products: 
data 
science 
outputs 

Envisioning the product, relies on 
all-roundedness and communality 
with other organizational members 

1) Transforming business 
to data-driven problems 

2) Exploring business area 
data 

- Organizations are struggling with 
exploiting available data 

- Data are ambiguous 
- Clients are not clear on what they want 

Pitching the product, emphasizes 
the dedication of data scientists to 
their craft as communicated to 
customers 

1) Storytelling 
2) Timing the products 
3) Educating customers 

- Digital and intangible nature of data 
science products makes them elusive to 
customers 

Cultivating the product, steeped 
into dedication, ensuring that pro-
ducts remain in good functioning 

1) Competing against self 
2) Refreshing the products 

- Models decaying over time 
- Data drift that turns data products less 

relevant and more obsolete 

Based on these findings, we conceptualize a model of data work (see Figure 1) that 
explains the work of data scientists as well as other increasingly data-intensive occupations, 
such as economists, engineers, scientists, and data workers in general (Dougherty & Dunne, 
2012). The model highlights that data work is a creative combination of technical and 
human approaches to work, where data workers not only craft the products (analytical 
models), but also the tools (algorithms), and the material (data). Data workers not only need 
technical expertise to understand the nature of data, advanced algorithms, and statistical 
models, they also need domain knowledge to understand the complex social phenomena 
and creative skills to generate novel and relevant insights through the models they build. 
As such, data work is underpinned by the malleable nature of data as its material, the 
autonomy of the tools, and the permanent incompleteness of the crafted products, shifting 
the data workers’ focus from only crafting final products to crafting all elements. 
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Potential Contributions 
While our findings are grounded in the empirical context of data science, the model of data 
work offers a theoretical understanding of the emerging type of work that uses data as 
material (i.e., data work). For example, economists who now work with constantly 
changing and flowing big data find their existing stable, fixed tools and metrics becoming 
increasingly obsolete (Kansas, 2021). Similar developments happen across other long-
standing occupations such as medical professionals (Lebovitz et al., 2021), police officers 
(Waardenburg et al., 2022), or chip designers (Zhang et al., 2021, p. 1192). As such, we 
are planning to develop our contribution toward a better understanding of the changing 
nature of work when it involves data, thus building on and expanding current IS studies of 
data work. We based our theory on the case of data scientists, but further empirical studies 
are needed to extend the arguments to other occupations whose work becomes increasingly 
underpinned by data but are not necessarily embedded in organizational contexts. 

 
Figure 1. A model of data work based on craft 
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