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INSIDE A DATA SCIENCE TEAM: DATA CRAFTING IN 

GENERATING STRATEGIC VALUE FROM ANALYTICS 

Research Paper 

 

Marta Stelmaszak, Portland State University, Portland, USA, stmarta@pdx.edu 

Abstract 

Current research agrees that the value of data lies in analytics that generate valuable insights for 

strategic purposes. However, little is known about how these insights are derived by data scientists. This 
research reports on the work of an embedded data science team at an organization striving to use people 

analytics to improve its strategic human resource management. We find that to create strategically 
valuable analytics, data scientists engage in data crafting, an approach to data science work that relies 

on broadcasting the potential value of data science towards the organization, cultivating a shared vision 

of value within the team, and creating value-adding data products with organizational customers. To 
do so, the team requires appropriate positioning and autonomy within the organization. Our findings 

have implications on understanding the role of data science teams and organizational data with respect 

to strategy, and practical insights for realizing strategic value from analytics. 

 

Keywords: Data science, data work, strategic value, analytics, craft. 

1 Introduction 

As organizations invest resources into establishing and developing data science teams charged with 

conducting analytics (Davenport, Harris and Morrison, 2010; Davenport, 2018), both practitioners and 

researchers alike investigate how to ensure that the outputs that these teams produce generate strategic 

value. Such value may come in the form of improved performance, better competitiveness, faster 

decisions, or enhanced business processes (Wamba et al., 2017; Ghasemaghaei, Ebrahimi and 

Hassanein, 2018; Grover et al., 2018), but the pathway from data to strategic value through analytics is 

far from being clear. In fact, there have been cases where data were found to lead to strategic failure 

instead (Aversa, Cabantous and Haefliger, 2018; Joshi et al., 2021). Against the still predominant view 

that assumes data science to be a technical, nearly mechanistic endeavor whereby data scientists play 

only an instrumental role (Davenport and Harris, 2017), information systems (IS) researchers begin to 

study data work in more detail. For example, Joshi (2020) investigates how data scientists rely on both 

subjectivity and objectivity in the production of information from data, van den Broek and colleagues 

(2021) show that their work relies on a hybrid practice combining machine learning and domain 

expertise, and Parmiggiani and colleagues (2022) elucidate the lack of stability and pervasive 

bidirectionality of data science work.  

Research in this area so far focuses mostly on what data scientists do as they produce analytics outputs, 

but we do not know what mechanisms ensure that their work has the potential to contribute to strategic 

value. Data science work relies on deriving new information, uncovering patterns and anomalies, 

obtaining hidden knowledge, or deriving actionable insights (Zhang, Wang and Pauleen, 2017; Chiang 

et al., 2018; Castillo et al., 2021)–in short, on generating new organizational knowledge–out of 

organizational data. The nature of this work, especially its highly iterative, exploratory, and non-linear 

character (Patel et al., 2008; Kery and Myers, 2017; Rule, Tabard and Hollan, 2018), and the sense of 

professional identity (Vaast and Pinsonneault, 2021) and occupational community (Avnoon, 2021) 

shared by data scientists suggest that craft, “a humanist approach to work that prioritizes human 

engagement over machine control” (Kroezen et al., 2021, p. 502), may be a plausible lens to study how 

data scientists create analytics outputs that contribute to strategic value. 
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In response to this question, we conducted a single-case study (Yin, 2018) of a data science team 

embedded in a people analytics department at the human resources function in a large, multinational 

technology company. Drawing on interviews as a data collection method, and underpinned by grounded 

theory approaches to data analysis, we observed the ways in which the team ensured the strategic value 

of its work at a time of structural and managerial change. Because of its embedded nature in a cost-

generating support function, the team was aware of increased pressures on ensuring the value of its 

work, and therefore keenly engaged in practices leading to generating strategic value of analytics. We 

found three mechanisms of ensuring that analytics outputs contributed to strategic value: broadcasting 

the potential value of data science towards the organization by establishing visibility and finding 

customers, cultivating a shared vision of value within the team by building communality, aligning with 

strategy, and engaging in continuing development, and creating value-adding data products by 

identifying the scope of data, productizing data, and co-designing products with customers. These 

mechanisms are underpinned by craft skills, attitudes, and conditions, and together they are constitutive 

of what we term data crafting, that is an approach to creating strategically valuable analytics outputs 

underpinned by the positioning and autonomy of the data science team. 

We contribute to extant research by proposing a model of how data science teams can create strategically 

valuable outcomes from analytics which requires data science to be positioned within strategy-making. 

We show that the new forms of data that permeate organizations and are seen as potentially valuable 

rely on more human involvement from even more skilled and specialized professionals than previous, 

structured data, and that they need to be skillfully crafted into organizationally relevant data products. 

Finally, we identify positioning and autonomy as two craft conditions which may be used by 

organizations in practice to foster data crafting. 

2 Background literature 

2.1 Data science and strategic value 

Various new forms of data that organizations have turned their interest to, such as social media data 

(Alaimo and Kallinikos, 2017; Castillo et al., 2021), transaction data (Lehrer et al., 2018; Leidner and 

Tona, 2021), trace data (Berente, Seidel and Safadi, 2019) or sensor data (Monteiro and Parmiggiani, 

2019; Chen, Preston and Swink, 2021), are seen as potential sources of value. It has been argued that it 

is not only, and perhaps not mainly, the volume, velocity or variety of these data (Constantiou and 

Kallinikos, 2015; Yoo, 2015; Abbasi, Sarker and Chiang, 2016; Baesens et al., 2016) that hold the 

biggest promise, but also other qualities that make them stand out against the previous forms of 

structured, purposefully collected forms of organizational data. Notably, data that are unstructured, 

unpurposeful, heterogeneous, and performative (Kallinikos, Aaltonen and Marton, 2013; Constantiou 

and Kallinikos, 2015; Yoo, 2015; Grover et al., 2020) are often seen as enabling organizations to tap 

into new strategic value. Because of the different nature of these data, they are less accessible to 

organizational members, who are not equipped with the right tools and skills to work with data that do 

not come neatly structured and organized in spreadsheets. Indeed, this new type of data often challenges 
existing data management practices (Chen, Chiang and Storey, 2012; Bhimani, 2015; Woerner and 

Wixom, 2015; Chen, Preston and Swink, 2021) and ways of working (Constantiou and Kallinikos, 2015; 

Abbasi, Sarker and Chiang, 2016; Chiang et al., 2018). For this reason, it has been acknowledged that 

the key to deriving value from data lies in their suitable preparation, processing, analysis, and 

visualization, often referred to as analytics, or with a more encompassing term data science. Data science 

in organizations focuses on extracting informative patterns from data (Saar-Tsechansky, 2015) which 

allow the understanding of real-world phenomena through the analysis of data with the goal of deriving 

business outcomes (Ghasemaghaei, Ebrahimi and Hassanein, 2018; Müller, Fay and vom Brocke, 2018; 

Cybulski and Scheepers, 2021). This work is done by data scientists who possess the right skills and 

abilities to work with the data (Avnoon, 2021; Vaast and Pinsonneault, 2021).  

Data science work then focuses on generating value out of data through deriving new information (Teo, 

Nishant and Koh, 2016; Someh, Shanks and Davern, 2019; Castillo et al., 2021; Pan et al., 2021), 
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uncovering patterns and anomalies (Chen, Preston and Swink, 2015; Pan et al., 2021), obtaining hidden 

knowledge (Chiang et al., 2018), deriving actionable insights (Zhang, Wang and Pauleen, 2017; Chen, 

Preston and Swink, 2021; Rana et al., 2021), or improving the understanding of markets (Chen, Chiang 

and Storey, 2012; Sharma, Mithas and Kankanhalli, 2014). Just “generating and collecting social data 

might not be enough to use information efficiently” but monitoring, analyzing and identifying patterns 

in these data is critical for generating strategic value (Castillo et al., 2021, p. 1473), and data scientists 

are crucial in the process of transforming data into valuable insights (Ransbotham et al., 2016; Mikalef 

and Krogstie, 2020). Data science outputs can contribute to strategic value through enhancing business 

operations (Davenport, Barth and Bean, 2012), improving performance (Popovič et al., 2014; Wamba 

et al., 2017), gaining competitiveness (Côrte-Real, Oliveira and Ruivo, 2017), advancing business 

(Grover et al., 2018), making better and faster decisions (Loebbecke and Picot, 2015; Ghasemaghaei, 

Ebrahimi and Hassanein, 2018), deriving functional value from business process improvement, product 

and service innovation, or customer experience and market enhancement (Grover et al., 2018). In this 

sense, data science work’s contribution to strategic value can be seen through the strategy-as-practice 

lens (Jarzabkowski et al., 2016), with focus on the more minute mechanisms in data scientists’ work 

and how they are intervowen with stategizing. 

However, literature on the link between analytics outputs derived through data science work and 

strategic value is for now limited (Grover et al., 2018; Koch, Chipidza and Kayworth, 2021). In other 

words, we lack a firm understanding of how data scientists ensure that the outputs of their work can 

contribute to valuable strategic outcomes, in the light of studies that show data can to lead to strategic 

failure instead (Aversa, Cabantous and Haefliger, 2018; Joshi et al., 2021). The few studies that do 

empirically address this question offer important insights, for example Božič and Dimovski (2019) 

present a model linking the use of new insights derived from data science, innovation ambidexterity and 

firm performance. Koch and colleagues (2021) analyze how business managers make sense of new 

knowledge which leads to structural consequences for organizations. None of the extant studies though 

focus on how analytics outputs are created by data scientists–inside a data science team–in a way that 

aligns them with strategic value in the first place.  

2.2 Data scientists at work 

Extant literature offers insights into how data scientists generate analytics as part of their work, drawing 

from a range of skills, usually from the areas of programming languages, statistics, and domain 

knowledge (Donoho, 2017; Avnoon, 2021; Vaast and Pinsonneault, 2021). When conducting data 

preparation, analysis, and modelling, data scientists engage in exploratory programming (Hill et al., 
2016; Kery, Horvath and Myers, 2017), which is key under the circumstances of flexibility, discovery, 

and innovation, and its defining characteristic is “the practice of designing the goal at the same time as 

experimenting in code” (Kery and Myers, 2017, p. 25). Data scientists write code to prototype or 

experiment with different statistical approaches to obtain new knowledge from data, but they do not 

engineer working code to match a pre-defined specification–instead, the goal is open-ended and evolves 

together with the evolution of the code (Kery and Myers, 2017). This kind of work is highly iterative, 

exploratory and non-linear (Patel et al., 2008), and relies heavily on professional judgment and decisions 

made by data scientists (Rule, Tabard and Hollan, 2018). As data scientists engage in obtaining, 

cleaning, profiling, analyzing and interpreting data (Rule, Tabard and Hollan, 2018), they may be tasked 

with data merging and cleaning, sampling, feature selection, defining metrics, building predictive 

models, defining ground truth, hypothesis testing, and even applying new knowledge or models to 

business (Kim et al., 2016). At every step, they “try different versions of the same analysis, slowly 

improve analytical methods, and hit numerous ‘dead ends’ before finding an explanation that ‘fits’ the 

data” which “can make it difficult to perform an ‘objective’ analysis” (Rule, Tabard and Hollan, 2018, 

p. 2), while data scientists must be clear and transparent in their reasoning “if others are to understand, 

and ultimately trust their work” (Rule, Tabard and Hollan, 2018, p. 1). 

This research into how data scientists derive new knowledge from data offers important insights, but 

does not necessarily place it against an organizational backdrop. Nascent IS studies attempt to fill this 
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gap by investigating what happens at the intersection of data science work and organizations. For 

example, Ghasemaghaei and colleagues (Ghasemaghaei, Ebrahimi and Hassanein, 2018; Ghasemaghaei 

and Turel, 2021) discuss the practices of knowledge hiding that data scientists engage in, thus impacting 

how data science outputs are used in organizations. Joshi (2020) investigates how the practices of data 

scientists in the banking industry rely on both subjectivity and objectivity in the production of 

information. In an ethnography of how a machine learning-based analytics system was developed, van 

den Broek and colleagues (2021) show how knowledge produced within such systems relies on a hybrid 

practice combining machine learning and domain expertise in data science work. Parmiggiani and 

colleagues (2022) focus more specifically on finding and preparing the data that data scientists engage 

in to make data available for further analysis. This indicates that data scientists are actively involved in 

shaping the data, information, and new knowledge that subsequently circulates in the organization 

(Pachidi et al., 2021). However, we still have a limited understanding of what data scientists do to ensure 

that the outputs that they contribute to organizations are linked with strategic value. To this end we ask: 

How do data scientists create analytics outputs that contribute to strategic value? 

2.3 Craft as a lens to study data science work 

Data scientists have strong feelings about and attachment to their emergent professional identity (Vaast 

and Pinsonneault, 2021), engaging in identity work that bridges scientist and engineer identities, draws 

from multiple theoretical orientations, foregrounds self-learning, and emphasizes domain knowledge 

(Avnoon, 2021). Data scientists have been found to seek positions of authority and status, and cultivate 

a global occupational community (Avnoon, 2021). The literature on how they approach their work 

summarized above is indicative of exploration underpinned by a masterful command of a range of skills 

needed to take care of the whole process from data collection to making new knowledge available, e.g., 

through visualization. These findings point towards craft, that is “a humanist approach to work that 

prioritizes human engagement over machine control” (Kroezen et al., 2021, p. 502), as a plausible lens 

to study how data scientists organize their work to align it with strategic value. This approach embraces 

human engagement in work, and foregrounds individual judgment and involvement that cannot be 

replicated with a mechanical approach, or replaced by machines (Kroezen et al., 2021; Raisch and 

Krakowski, 2021). Approaching work as craft grants workers control and autonomy over all facets of 

the work process (Hodson, 2010; Kroezen et al., 2021), and thus the quality of work depends on the 

judgment, dexterity, and care of those who do it (Pye, 1995; Kroezen et al., 2021). The perspective of 

craft, earlier applied to study, amongst others, software programming (Barley, 1996; Adler, 2015), 

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 

(Sennet, 2008), 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 (Sennet, 2008; Kroezen et al., 2021). We use the lens of craft together with its skills and attitudes 

as a sensitizing framework guiding our research into how data scientists align the new knowledge they 

create with organizational strategic value. 

3 Research design 

3.1 Research site 

We conducted a single-case study (Yin, 2018) focusing on a data science team embedded in a people 

analytics department supporting the human resources (HR) function at a large, multinational technology 

company TeX (pseudonym). The team consists of 12 team members (6 data scientists and 6 research 

scientists of various levels of seniority) and one manager, and is nested in a department of around 40 

data analysts, consultants, and business analysts working in people analytics supporting a 3,000-strong 
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HR function serving over 100,000 TeX employees around the world. The team is located within HR and 

as such is organized as an embedded data science team, working solely on HR-related data science 

projects and falling under HR in the organizational structure. Example projects include modeling 

attrition pressures using social graph analysis combined with other sources, or measuring worldwide 

employee satisfaction through surveys and natural language processing, both of which contribute to the 

strategic goal of HR to retain employees. In general, data scientists on the team are charged with 

analyzing data, building models, and developing data science products, such as dashboards and web 

applications, while research scientists tend to focus more on identifying suitable research questions, 

designing data collection, and overseeing the conduct of data science projects from a scientific 

standpoint. Although the team had existed within the department for a number of years, at the time of 

the study it was undergoing a period of structural and managerial change to better align it with the 

strategic goals of the organization. The initial team consisting of six data scientists was merged with a 

team of six research scientists and the combined teams were brought under the leadership of the Head 

of HR Data Science who previously managed the research science team. With a change in structure and 

leadership, the team identified an opportunity to shape its identity and align its work better with the 

strategic direction and goals of the HR function. We conducted our research during this period which 

gave us an unprecedented insight and access to informants who were evaluating their previous practices 

and re-designing their ways of working to ensure as high a strategic impact as possible. As such, the 

case is then revelatory in nature, and allowed us access to a contemporary phenomenon in depth and in 

its real-world context (Yin, 2018). 

3.2 Data collection and analysis 

Due to the interest of the project, we sought out a case that would give us access to a whole data science 

team that prioritized the strategic impact of its work. After obtaining ethical approvals, we gained access 

to the team through its manager, who introduced us to those team members who were interested in and 

available to participate, yielding a high response rate. Over a period of three months in mid-2021, we 

conducted 19 semi-structured interviews with 10 out of 13 employees, with 6 of them interviewed more 

than once. The interviews were conducted in a video format, with only voice recordings which were 

later transcribed. All interviews took place in a work-from-home setting which has traditionally been 

the mode of operating for the team due to its distributed nature, with team members across the USA and 

in Europe. In total, we collected around 1,160 minutes of interviews, broken down per position as shown 

in Table 1 below. 

Position Main duties and background, interviewee ID Number Total interview 

time in minutes 

Head of HR Data 

Science  

Managing the data science team, PhD in 

organizational psychology, Interviewee 1 

1 157 

Lead Data Scientist Organizing work among data scientists, degree in 

statistics, Interviewee 2 

1 177 

Data Scientist Working on analytics projects, degrees in 

psychology, statistics, PhD in operations research, 

programming and database management skills, 

Interviewee 3, 6, 7 

3 392 

Data Science Intern Supporting analytics projects, degree in computer 

science, focusing on UX/UI, Interviewee 4 

1 55 

Research Scientist Designing and conducting people analytics projects, 

PhD in econometrics, industrial psychology, MBA, 

Interviewee 5, 8, 9, 10 

4 381 

Table 1. Interview data collected. 
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In the interviews, we asked questions related to the skills and attitudes that informants needed to do their 

job together with their background, the way their work on various data science projects progressed, and 

how they ensured the value of their work as a team. Interviews with team members were an appropriate 

method for data collection as they enabled us to ask about team members’ practices and changes they 

introduced to them to ensure the strategic value of their work. Interviewing enabled us to ask team 

members directly about their motivations and reasoning behind specific practices, and ask directed 

questions to elicit suitable information. As a result, we collected data explanatory in nature, yielding 

insights about participants’ perspectives (Robson, 2011; Yin, 2018).  

We analyzed the data using grounded theory methods (Glaser and Strauss, 1967; Charmaz, 2006; 

Urquhart and Fernandez, 2006; Wiesche et al., 2017). We applied grounded theory methods in two 

forms, first to develop a model capturing data scientists’ craft (by coding for craft skills such as 

dedication or communality), and second to theorize the process of data crafting at work. Because of the 

inductive nature of our study, we oscillated between data analysis and theory construction (Strauss and 

Corbin, 1990). We proceeded through multiple readings of the data collected as we analyzed and 
synthesized the findings (Eisenhardt, 1989; Beane and Orlikowski, 2015). As we did so, we relied on 

constant comparison, that is the process of constantly comparing units of data in constructs we identified 

with each other, and we engaged in memoing to capture our ideas of concepts, categories, and the 

relationships among them (Glaser, 1978; Wiesche et al., 2017). We present an excerpt of our coding in 

Figure 1, and we report on findings below. 

 

Figure 1. Excerpt of the coding process. 

4 Findings: Doing strategically valuable data science 

Our data is replete with evidence of craft as a suitable lens to capture the approach to ensuring the 

strategic value of data science work that the team was engaging in, that is craft as an approach to work 

that prioritizes human engagement over machine control (Kroezen et al., 2021). We registered in the 

empirical data the presence of typically human craft skills (mastery of technique, all-roundedness, 

embodied expertise) and attitudes (dedication, communality, exploration). Data scientists saw 

themselves as craftspeople: “as cliché as that sounds, I’m not in the camp of people calling us poets, but 

you have to be able to create something with a start, a middle, and an end” (Interviewee 2). 

The data science team at TeX was aware that their placement in the organization as an embedded data 

science team in a support function – human resources – entailed increased pressures on the value of 

work produced. As one interviewee expressed, for the organization as a whole if “you sit in a support 
function that costs money [you need to] show something so we can make our business case for spending 
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our money”, and for this reason “in a company where you’re the support function, and you’re a data 
scientist, a good team understands business impact and business value” (Interviewee 5). Leveraging the 

opportunities stemming from recent reorganization and new management, the team worked towards 

ensuring that the strategic value of their work would be evident for the function and the entire 

organization. We discuss how the team did it next. 

4.1 Broadcasting the potential value of data science 

One of the mechanisms of ensuring strategic value that the team deployed was broadcasting the potential 

value of their work outside of the team and towards the wider HR function. The need to engage this 

mechanism had been identified in the past by previous team managers and various more senior team 

members, and the team expressed the continuing need to promote, market, and sell the team to HR and 

beyond. Broadcasting potential value was mostly conducted through two sets of practices, establishing 

visibility, and finding customers. 

Establishing team visibility was actively done by the Head, Lead, and a number of Research Scientists 

and past managers, and strongly advocated for by team members. The manager’s role was identified as 

“a translator between the team and the company’s strategy” (Interviewee 10), and as such the team 

emphasized that the strategic value of the work that it was able to deliver “was something that had to be 

invented” (Interviewee 3) drawing from business acumen, marketing, and vision skills, and then 

communicated directly to the wider function. To do so, more senior team members would be actively 

involved in “connecting with leaders of different HR groups (…) like our senior leaders who are driving 

programs or the VPs of those organizations” (Interviewee 1), and participate in higher-level meetings 

to “help develop those relationships between the team and customers, especially major customers and 

high stakeholders” (Interviewee 10). Participating in strategic-level meetings was an ongoing process, 

and a large portion of the manager’s and more senior team members’ time was dedicated to setting up 

meetings with high-level stakeholders to communicate the potential value of what the team could 

provide to them. To do so, all team members involved had to exhibit high levels of business acumen, as 

“not understanding the business [is] the kiss of death” (Interviewee 5).  

Participating in meetings and establishing crucial connections fostering the visibility of the team often 

involved or led to the need to coach customers. In many instances, team members were able to garner 

interest in the possibilities that data science offered, but then realized that customers in the function were 

not aware of what data scientists did and what the team could provide: “a lot of them [customers] can’t 
visualize or don’t understand what’s possible” (Interviewee 4) and “people may be hesitant about what 

we are delivering for them, they maybe don’t understand AI or data science and data science work” 

(Interviewee 7). In some instances, team members would observe and shadow stakeholders and their 

HR teams, and hold regular meetings to understand the processes and show how they could contribute. 

Frequently, the manager and more senior team members were involved in showing past solutions, 

demonstrating previous projects, and explaining what the team could deliver for a particular group of 

customers. 

More senior members of the team were also involved in establishing team visibility by proposing 

specific projects drawing from their own research, professional expertise and business acumen. This 

approach was rarer, but nonetheless sometimes deployed. As the manager explained, “our team will 

sometimes propose our own research ideas based on what we’re seeing in the sensing sources that we 

get data from” (Interviewee 1) and “those science projects should be with a customer in mind, even if 
you haven’t talked to them yet” (Interviewee 2). This happens when “you know that it’s time to not just 

think like a data scientist, but to think like and AI strategist” so that it’s possible to “lay out a business 

case as to why you should use machine learning to tackle this problem, where the business case 
communicates the goals, the outcomes, the deliverables, and how you can use these deliverables for 

action planning” (Interviewee 8). These research-driven, specific projects proposed were contributing 

to the overall visibility of the team, and required a large degree of exploration with respect to data, the 
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organization, and potential projects that could be set up. These were essential to ensure that the way 

strategic value in HR was generated incorporated the work of the data science team. 

While establishing team visibility was more dispersed and generally directed towards increasing the 

overall awareness, the team also engaged in more focused actions of finding specific customers. The 

interviewees emphasized that in the past, the team would sometimes create products first, and look for 

customers later, which would lead to “failures or struggles because of creating products that no one’s 
using” (Interviewee 5). To avert this, the new approach was adopted of “reaching out to people outside, 

to get them to buy into it before you even start building it” (Interviewee 5). To do this, the team shifted 

its approach towards looking for specific customers and understanding their needs. Identifying customer 

problems to solve became an important part of the work done by the manager and more senior team 

members. 

A significant amount of time, both of the manager and more senior team members, was spent finding 

out concrete problems that could be solved, which was equated with creating opportunities for doing 

valuable work, and then using their all-roundedness in business, technical, and domain knowledge to 

create projects out of problems with the leaders’ buy-in. Identifying business problems to solve was 

often seen as a manger’s role involving “being a visionary, being able to see possibility in translating 

problems into possibilities, and looking at the different problems that our company has, and putting 

them together to see if you can create a solution” (Interviewee 8). This created the need to understand 

the business and be attuned to customer needs. To be able to do this, team members had to have a certain 

level of knowledge in all aspects of data science work. Finding specific customers, especially among 

strategic stakeholders, fostered the alignment of the team’s work with strategic value. 

4.2 Cultivating a shared vision of value 

Ensuring that the data science team would deliver strategically-valuable outcomes relied also on the 

mechanism of cultivating a shared vision of value within the team, that is ensuring that the promise of 

data science value that was broadcast to the organization was shared and bought into by the team. 

Ensuring agreement and unity within the team was seen as crucial because “you’re already fighting the 

environment you’re trying to support, so you can’t and don’t want to have fighting within the team” 

(Interviewee 3). Cultivating this shared vision going forward required the team to constantly build 

communality, align with strategy, and engage in continuing development. 

Building communality was an important way in which the team socialized the shared vision. At a 

foundational level, this approach was built into how the team worked, by moving away from 

predominantly independent, individual contributors in the past towards relying on each other’s skills to 

work “in a mode that is essentially like everybody building components towards a shared or common 

vision” (Interviewee 3). This distribution of expertise and diversity of backgrounds did not resonate with 

some previous managers who tended towards more focused approaches to skill building, but this resulted 

in frictions and silos within the team. In renewed attempts, new management moved towards the 

communal vision of work, resulting in projects where “if [X] built some machine learning predictive 
component, and [Y] built some user interface, I now have to get it into production for them so we’re all 

going to meet together, and I’m going to help [Y] and [X] stitch their parts together (…) so there’s that, 

let’s bring the pieces together” (Interviewee 2). This entailed the fact that all team members were 

differently specialized and they could be drawn into specific pieces of work, largely dependent on their 

professional expertise, interests, and availability. The team became more closely knit together as a result, 

and various team members emphasized the need and possibility to complement each other, underpinned 

by mastery in their respective areas of expertise. Admitting that it was not possible for one person to 

have all skills at the needed level of mastery, the team communally distributed skills to be able to deliver 

strategically valuable products. At the same time, towards outside customers, the team as a whole offered 

a unified vision of how they were delivering that value because all team members were knowledgeable 

and involved enough in each other’s work to speak about whole projects. 
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Supporting communality were overt and open arrangements of mentorship, both when socializing new 

members into the team, and when existing team members wanted to develop specific skills. In some 

instances, mentoring took the form of pair programming, or simply giving feedback and suggestions on 

each other’s work: “and then [X] is just now learning programming, and a lot of the time she’ll ask me 
for advice, or we’ll have little coding sessions together, and I’ll try to help her get unstuck out of her 

problems” (Interviewee 4), as an example of a more established team member learning a specific skill. 

This approach was well received within the team. 

Communality was also built by establishing networks of expertise that allowed outside knowledge to 

enter the team. At the foundational level, networks were fostered within the team through weekly 

meetings where work was being shared, but an important step was to establish a weekly meeting for 

everyone in the HR function interested in data science that allowed the team to learn what other pockets 

of data scientists were working on and draw from their experience. Various team members built their 

own networks of experts whose knowledge they were learning from and contributing with to the team: 

“the other thing you need to do is to establish a network inside and ideally outside of the company, you 
need to be tuned into what’s going on” (Interviewee 2). This was achieved through networking and 

attending industry events, and in the case of one team member, creating meetups and participating in a 

programming community in their country of residence. Building communality ensured that the work 

that the team was doing had the capacity and the right level to contribute to strategic value. 

Aligning the team with the function’s strategy was a constant, ongoing action that all team members 

were aware of. In order to ensure this constant alignment, the new manager started attempts to refine the 

operating model of the team. In the past, projects would typically find their way to the team through a 

variety of sources and requests, but this resulted in the team’s work diverting from HR strategy. To 

counter this, the manager began to establish a new process whereby “most of the work that we’re doing 
should be aligned to HR strategic pillars, so it should be coming to my manager and myself through 

strategy leads” (Interviewee 1) and then undergo prioritization and scheduling. Alignment also 

depended on ensuring that there was an agreement between what was strategically needed and what the 

team was able to deliver, and required some changes to the team’s operating model, as well as upskilling 

and recruiting team members with specific skills, such as user experience or interface design. Ensuring 

alignment also required drawing boundaries around the work that the team was taking on. The team 

engaged in constant discussions around what constituted data science work that they should be taking 

on. In general, a number of team members expressed stronger views that their time should be reserved 

and protected for actual data science work, rather than supporting or less related tasks, as this was 

ensuring that the work was strategically valuable and it maintained the shared vision the team had built.  

Engaging in continuing development was another way in which the team maintained the shared vision 

of how they were contributing to strategically valuable outcomes. Leveraging the networks of outside 

experts built, team members were able to keep track of the most valuable skills and then continually 

upskill themselves: “I have a subscription to Medium for example, and I really like to read a few articles 

every day (…). So I think learning is a central part, I’m trying to even take some TeX courses that they 
publish every quarter” (Interviewee 7). Team members recognized that there were some skills and areas 

of knowledge that were essential in their work that could have only been learned on the job, for example 

gaining subject matter expertise in HR and organizational psychology, learning the inner workings of 

the organization, or building up business acumen. The latter was especially desired and sought after. 

Continuing development for data scientists also meant engaging in independent research projects that 

were not directly related to their work tasks: “we try to preserve people’s time for research, as well as 

not just being on projects (…) and we try to make sure everybody is growing their skill sets” (Interviewee 

2). It was an ambition for the team to reserve around 30% of time for independent research which could 

be stimulated by questions from customers, reading a paper, or coming up with completely novel ideas. 

Continuing development kept the team up-to-date with skills to enable them to contribute to value. 
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4.3 Creating value-adding data products 

The team shared a view that data themselves were not intrinsically valuable for the function and the 

organization, and saw their role primarily as creating valuable tools, solutions, presentations, 

dashboards, and others, on the basis of data, that are aligned with the business needs of the organization. 

This view contrasted with some other experiences on data teams in other organizations. To create data 

products with impact, the team engaged in identifying the scope of data, productizing data, and co-

designing the products with customers, which relied on bi-directional communication from the team to 

customers, and from customers to the team. 

Identifying the scope of data was frequently deployed by the team and concerned not only 

acknowledging the technical limitations, but more importantly asserting and explaining to customers 

what the data were not and what they were not covering. This was seen as especially important within 

the HR function, where interviewees admitted that customers were quick to draw conclusions about 

what the data and analytics were saying without considering alternative explanations, for example 

around employee attrition, or sometimes not seeing that using some data could be against legal and 

ethical provisions. In these cases, data scientists felt it was their job to point out such issues to customers. 

There were also areas where data did not exist, so team members would need to think of ways of using 

alternative data, or collecting the data that are needed. Importantly, data scientists had to be aware of 

what the data themselves represented and how they related to the organization. In general, the team was 

aware that the data themselves were inherently limited, and they needed to be turned into informative 

products to be valuable within the organization. To point out such limitations, the team required a level 

of mastery of technical skills, and a certain level of expertise in understanding the organization. 

Productizing data was an approach that permeated the team, whereby the team saw their work as 

creating analytics tools that were being offered as ready-to-use products to customers: “we want to think 
about the end product in a way that the customers can engage and work with something” (Interviewee 

7). This shift in thinking was prompted by a few failed projects in the past, for example a career 

progression tool that was powerful behind the scenes, but had a basic interface “so when it was demoed, 

people couldn’t see the capability [that they would if we] would have dropped a user interface or skin 
onto it” (Interviewee 3). As a result, the team focused more on ensuring that the end product the customer 

was receiving was a user-friendly and applicable tool, and adjusted the products to customer needs, 

which could vary from receiving a slide deck with data visualization, a CSV file, or a fully-fledged web-

based dashboard. Productizing data required team members to engage in constant creating, building, and 

developing, and they often mentioned creative thinking that this work involved. This approach resulted 

in team members having a strong sense of ownership over the products they were developing. 

Productizing data also entailed a reduction of complexity through hiding away complex models and 

statistics in simpler interfaces, and moderating the level of involvement that customers had to have in 

terms of understanding what was happening behind the scenes. Developing working products for 

customers was seen as a way of expressing professional judgment in hiding away the unnecessary detail 

from customers who did not need to know more than required for the tool to be useful. Productizing 

data was important to feed into strategy, as more abstract data products were less prominent in strategy 

discussions. 

Co-designing products with customers was how the team worked bi-directionally with customers to 

ensure that the actual data products that were developed were as strategically valuable as possible. 

Customers were usually involved throughout the whole process and asked to participate in regular 

meetings. The team adopted an agile approach with relying on user stories, developing minimum viable 

products, and holding demos of products every few weeks. Involving customers was seen as essential 

“because as a data scientist, we do not know more than they know, they know way more than we know, 

but to think we’re experts on their business and not listen to them will kill a project no matter how great 
you think it is” (Interviewee 5). For this reason, the process was collaborative and involved customers, 

often senior stakeholders, and this involvement fostered the strategic value of the work done by the data 

science team. 
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5 Discussion: Data crafting in generating strategic value from 

analytics 

Both research and practice suggest that organizations, despite dedicating not insignificant resources to 

data science efforts, struggle with deriving strategic value from these initiatives. Our study aimed at 

investigating this problem by analyzing the work of a data science team in a period of change that 

spurred efforts to closely align the work with the strategic objectives of the HR function the team was 

embedded in. We found that data scientists in the team at TeX create analytics outputs that contribute 

to strategic value through three mechanisms underpinned by skills and attitudes characteristic of craft 

(Kroezen et al., 2021), and made possible by creating suitable conditions for craft by the organization. 

We term this approach to generating strategic value from analytics data crafting. We summarize it in 

Figure 2, and explain it in detail below. 

 

Figure 2.  The mechanisms of data crafting. 

Based on our findings, we define data crafting is an approach to creating strategically valuable analytics 

outputs by broadcasting the potential value of data science, cultivating a shared vision of value, and 

creating value-adding data products. The first mechanism focuses on promoting the potential value of 

data science in general towards potential customers in the organization, and it operates through 

establishing visibility within the function, and finding customers for data science work. Data scientists 

draw from craft skills here by showing the mastery of business acumen and knowledge obtained through 

years of experience in business roles, while exhibiting familiarity with the entire data science process. 

These are required to shape and communicate the value of data science to business customers. Data 

scientists who engage in broadcasting often bring their personalities, unique attitudes, and backgrounds 

into the work they do, and tend to share some of their occupational identity with customers, rather than 

seeing themselves purely as data scientists. They have an attitude of exploration and often make the first 

steps to be involved in strategic-level conversations and initiatives. To do so, the organization supports 

data scientists by allowing them to engage with high-level executives and senior management bi-

directionally, that is by opening up channels through which the value can be broadcast and feedback 

received. At the same time, data scientists are given enough freedom to exercise professional judgment 

in assessing where and how data science may contribute the most to the organization’s strategic goals.  

The second mechanism operates by maintaining a shared vision of the value that the team provides by 

building communality, aligning the team’s work with business strategy, and engaging in continuing 

development. Mastery of technique is required and expected of every data scientist, and they all have 

specific areas of specialization. While all data scientists know about all elements involved in data science 
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work and are up to date with what other team members are working on, all-roundedness is distributed 

within the team, i.e., the data science team is overall in control over and involved in the entire making 

process (Kroezen et al., 2021). Data scientists exhibit engagement in their work and identify with their 

professions even outside of their jobs. They cultivate a strong shared identity within the team and are 

engaged in fostering a community of practice, which is evident in the various meetings, events, and 

opportunities to share their work that they create. Exploration is an attitude to work that is fostered and 

rewarded within the team, with time protected for continuing development and independent research. 

To cultivate this shared vision, the team’s cross-disciplinary character is accepted by the organization, 

and the variety of backgrounds of data scientists are not questioned, while team members are given the 

resources to engage in self-directed work. 

The third mechanism relies on turning data into impactful products by identifying the scope of data, 

productizing data, and co-designing products with customers, and it requires bi-directional 

communication between the team and the customers. Mastery of technique concerns here a specific 

perspective on data science that prioritizes creating impactful data products, and for this all team 
members need to display awareness of the data product being created. For this reason, team members 

are actively involved in the entire process of creating the data product, and often display dedication and 

pride regarding actual products offered to customers. The team creates a communal environment with 

the customers to facilitate involving them in creating data products, and both data scientists and 

customers together explore the process of developing the product. This is supported by the organization 

allowing data scientists to draw on customers’ time and resources to involve them in the co-creation 

process, and the team is trusted to propose and follow their preferred process.  

5.1 Theoretical implications 

The concept of data crafting allows us to revisit literature on deriving strategic value from data science 

that so far has viewed analytics and strategy as two separate components, with analytics outputs feeding 

into strategic value. However, we show that to deliver actionable insights (Zhang, Wang and Pauleen, 

2017; Chen, Preston and Swink, 2021; Rana et al., 2021) or new information (Hu, Kettinger and Poston, 

2015; Someh, Shanks and Davern, 2019; Castillo et al., 2021; Pan et al., 2021) for strategic outcomes 

such as improved decision-making (Loebbecke and Picot, 2015; Ghasemaghaei, Ebrahimi and 

Hassanein, 2018) or performance (Popovič et al., 2014; Wamba et al., 2017), data science needs to be 

positioned within–not before or after–strategy.  

The second condition for fostering data crafting, autonomy, ties into this as well. Much of literature 

assumes that data scientists work in the service of their customers in ways that define and constrain their 

ways of operating, outputs produced, and processes deployed. Our findings demonstrate that for 

analytics outputs to be strategically valuable, data science teams need a degree of autonomy to suggest 

potential contributions to value, engage in self-directed work, and propose approaches to creating data 

products. This is an alternative vision of a data scientist, rather than a lone, highly-specialized, individual 

contributor, towards a networked but autonomous professional. Data crafting requires these two 

conditions to be in place to enhance the likelihood of data science work contributing to strategic goals. 

But data crafting also contributes to the understanding of the nature of the new forms of data that spurred 

interest in data science in organizations. The so-called big data have traditionally been seen as freer from 

human bias, the need for theory, or research design to collect them (Anderson, 2008; Davenport, Harris 

and Morrison, 2010), and as such they promised a more open access to data (Davenport and Harris, 

2017). However, what we observe is that these kind of data often require even more human involvement 

from even more skilled and specialized professionals than previous, structured data that permeated 

organizations. Trained data scientists are needed to manage the volume, velocity, and variety of these 

data, but also to give them structure, purpose, and performative powers in organizations. Precisely 

because these data are unstructured, unpurposeful, hetegoreneous and performative (Kallinikos, 

Aaltonen and Marton, 2013; Constantiou and Kallinikos, 2015; Yoo, 2015; Grover et al., 2020) they 

need to be carefully crafted into organizationally relevant data products by data scientists. Interestingly 
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enough, data scientists themselves often relegate data to lower importance and emphasize that it is the 

crafting of a meaningful, impactful data product that can make a contribution towards strategic value. 

In other words, it is the craft that happens around data that leads to strategic value. 

5.2 Managerial implications 

Organizations invest increasing volumes of resources into data science and analytics, but often struggle 

to derive strategic value from these initiatives. Our research offers managers a better understanding, 

through the three mechanisms we identified, of how such value can be ensured. We identified two craft 

conditions that organizations should create to foster the craft approach to work: positioning and 

autonomy. The right positioning of employees or teams and their autonomy within an organization can 

enable them to exercise craft skills and approach work with craft attitudes. The concept of data crafting 

that we propose captures the mode of work of data science teams to foster the right environment to make 

their work strategically relevant: data science based on digital technologies may require espousing a 

craft approach to ensure that value is derived. 

6 Conclusions 

In this paper, we offer a view from within a data science team to elucidate how analytics outputs are 

created to ensure their strategic value. We studied the work of data scientists who deploy three 

mechanisms of data crafting, an approach to data science work that supports creating strategically 

valuable analytics outputs. Our findings shed light on the pathway from data to strategic value, and 

contribute to the understanding of the role of data and data science in organizations. The limitations of 

our study, most notably the case context and the positioning of the team as an embedded data science 

team in a support function, open up avenues for further research. For example, a study focusing on a 

centralized data science team striving for the strategic value of its work can test and extend our model. 

Another complementary study could focus on organizational customers of analytics outputs to 

understand creating the strategic value of data science work from their perspective. 
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