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Abstract 

This study aspired to gain a more a nuanced understanding of the emerging analytics technologies 

and the vital capabilities that ultimately drive evidence-based decision making. Big data technology is 

widely discussed by varying groups in society and believed to revolutionize corporate decision 

making. In spite of big data's promising possibilities only a trivial fraction of firms deploying big data 

analytics (BDA) have gained significant benefits from their initiatives. Trying to explain this inability 

we leaned back on prior IT literature suggesting that IT resources can only be successfully deployed 

when combined with organizational capabilities. We identified key theoretical components at an 

organizational, relational, and human level. The data collection included 20 interviews with decision 

makers and data scientist from four analytical leaders.  

Early on we distinguished the companies into two categories based on their empirical characteristics. 

The terms “Born analyticals” and “Big intelligent firms” were coined. The analysis concluded that 

social, non-technical elements play a crucial role in building BDA abilities. These capabilities differ 

among companies but can still enable BDA in different ways, indicating that organizations´ history 

and context seem to influence how firms deploy capabilities. Some capabilities have proven to be 

more important than others. The individual mindset towards data is seemingly the most determining 

capability in building BDA ability. Varying mindsets foster different BDA-environments in which 

other capabilities behave accordingly. Born analyticals seemed to display an environment benefitting 

evidence based decisions.  
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1. Big data - big promises: New frontiers in decision making  

Let us introduce you to the ultimate colleague. His name is Watson. He is the guy who seems to have 

it all; he is smart, sophisticated, and seems to have all the answers in the world. No wonder everyone 

at work is talking about him. In fact, much alike a fashion model or a Hollywood celebrity, he is 

referred to as the “It” guy. But, you see, there is just one thing: Watson is more of “an IT guy”. 

Actually, he is completely IT. The cognitive answering system Watson developed by IBM won the 

American television game show “Jeopardy!”. beating the all-time (human) champion in 2011. Since 

then Watson has “graduated” from medical school (Lohr, 2012b) and now supports doctors in 

making more accurate treatment decisions by processing vast volumes of different types of data - in 

seconds (IBM, 2016). In fact, Watson is capable to analyze all of the world's medical journals in less 

time it takes for a physician to drink a cup of coffee. Researchers and practitioners agree that these 

types of technologies, able to store, processes, and analyse tremendous volumes and types of data 

will, even further, revolutionize not only physicians´, but also tomorrow's corporate decision making 

(Chen et.al., 2012; Cron, et. al., 2012). 

The world is experiencing an increasing quantification and “datafication” where an abundance of 

data floods into all sectors and ultimately change the rules of business (see e.g. Cukier & Mayer-

Schönberger, 2013; Manyika et. al., 2011). The importance of data is evident as it has been referred 

to as our century's “new oil”, when becoming the most valuable corporate commodity (Rotella, 2012; 

Kroes, 2015). This digital oil is used to fuel and enhance corporate decision making support systems 

and is already prevalent in industries such as the ICT, media and entertainment, and retail sectors 

(Davenport, 2014). Watson is one of the latest examples of big data analytics systems, facilitating and 

lowering the cost of collecting, storing, processing, mining, analyzing, and visualizing massive 

volumes of data (Chaudhuri et. al, 2011; Hand, 2007; Huwe, 2012; Abu-Mustafa, 2012). In installing 

big data analytics (BDA)1 software solutions organizations become more evidence-based and 

overcome human heuristics, feelings, and intuition (Davenport, 2014; Davenport & Patil, 2012). It is 

well known that superior decision making have been linked to competitive advantages since data 

based decisions tend to be better decisions (Cukier & Mayer-Schoenberger, 2013a; McAfee & 

Brynjolfsson, 2012; Hand, 2007:6; Lohr, 2012a; Shah et. al., 2012). In fact, some scholars have even 

argued that the usage of big data will draw the line between winners and losers in tomorrow's 

business environment (Manyika et. al., 2011; Cukier & Mayer-Schoenberger, 2013b:12; Chaudhuri et. 

al, 2011; Huwe, 2012). Certainly, the introduction of big data has truly reshaped the field of 

                                                           
1 BDA comprises a range of advanced analytics techniques (e.g. text analytics, machine learning, predictive analytics, data 

mining, statistics, and natural language processing). These new technologies enable businesses to analyze previously 
untapped sources of data independently or in combination with existing enterprise data to gain insights (IBM, 2016). 
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corporate decision making (Abu-Mustafa, 2012; Hand, 2007) and its forecasted to even further 

overthrow traditional decision making (Parise et. al., 2012). 

 

1.1 Broken promises? 

In spite of organizations' confidence in BDA, several BDA-focused acquisitions, and considerable 

investments in BDA ability, only a trivial fraction of firms have gained significant benefits from their 

big data initiatives (McAfee & Brynjolfsson 2012; Marr, 2015; Ross et. al. 2013; Simon, 2013). In 

other words: it seems like companies fail despite the demonstrated promises. Why is that and what 

can firms do to maximize advantages of BDA? 

Currently, research is lemming for answers about which business models and activities will be 

disrupted due to BDA (Loebbecke & Picot, 2015) and requests empirical studies of how BDA drives 

changes in how organizations operate (ibid; Loebbecke and Krcmar, 2014) and how humans 

contribute (Debortoli et. al., 2014; Bertino, 2013). Although the need for new organizational 

structures and management approaches has been addressed in theory, it has yet to be resolved in 

practice (Davenport, 2014). It is not clear how the emergence of big data technologies has forced 

adjustment to traditional ideas of management and decision making (Cukier & Mayer- Schoenberger, 

2013b:17). This suggests that the current body of knowledge in BDA offers an over simplistic view 

where many of the findings are too broadly generalized. Firms that are pursuing capabilities in BDA 

are thereby offered “one size fits all-recommendations” where the majority of the knowledge are 

concentrated within well-known vendors and consultancy firms (Chen et. al., 2013; Marr, 2015; 

Davenport, 2014). A possible explanation to this unsuccessful description may be found in the fact 

that the majority of research regarding the value of BDA have been conducted on an organizational 

quantitative level (see e.g. McAfee & Brynjolfsson 2012; LaValle, 2011) meaning that more profound 

levels of the decision making processes involving BDA are less accounted for. Instead the research 

landscape has been characterized by a focus about the IT and methodologies making BDA possible 

(Chen et. al., 2013; Davenport & Patil, 2012). The technical focus is indeed important but does have 

a limited explanatory power in organizational contexts. Instead we can compare the big data analytics 

emergence with earlier notions of IT maturation. As the technology matures and becomes more and 

more accessible it is increasingly considered a commodity, which results in that the importance does 

not lie in which technologies organizations adopt but instead how they are using them (Compare 

Carr, 2003 to Cukier & Mayer-Schoenberger, 2013b:122; Fisher et. al., 2012; Hexigo, 2013) in order 

to create competitive advantage (Mata et. al., 1995).  
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The social setting, unique to every company, has been found to pose a great influence on the 

adoption of technologies and scholars have observed that IT resources can only be successfully 

deployed when combined with organizational capabilities (e.g. human capital, organizational 

processes and structures, relational assets, business knowledge) (Kros et. al., 2011; Wade & Nevo, 

2010; Ross, 1996; Wade & Hulland, 2004). Given that BDA is a recent example of contemporary IT 

(with big promises pledged), it becomes even more acute to investigate what the enabling and 

prohibiting factors are as well as how these force adjustments of corporate decision making. 

Consequently, when leaning back on prior IT literature, it seems as if a high degree of this powerful 

new tool´s contribution to organizational benefits lies in the non-technical aspects and more 

specifically in firm capabilities. Therefore a more nuanced knowledge of BDA in decision making 

from a diverse set of companies needs to be considered and investigated from a social standpoint. 

Regardless of how much corporations measure and analyze ones and zeros, the results need to be 

understood and connected to actual business operations where someone needs to use the insights 

and transform it into action (Cukier & Mayer-Schoenberger, 2013b:122; Fisher et. al., 2012).  

 

1.2 Purpose and aim                                    

By investigating the non-technical aspects of firms’ BDA-abilities, this study aims to contribute to 

the understanding of the social aspects of 21st century data driven decision making. In taking a 

multi-organizational view on BDA abilities in different decision making environments we aim to gain 

a more a nuanced understanding of the emerging analytics technologies and the vital capabilities that 

ultimately increase the likeliness of actionable results of evidence-based analytics. The findings from 

this study will prove helpful in developing a two-folded contribution. For scholars we contribute to a 

relatively unexplored research field on which others can build on, and for practitioners we identify 

factors to observe when addressing the subsequent needs. Particularly, we aim to answer the 

following research question: 

 How do companies’ social/non-technical capabilities influence data driven decision making in BDA 

environments?  

 

2. The non-technical side of 21st century's management by facts 

Across the subject literature of big data, scholars and practitioners acknowledge that contemporary 

decision making are transforming significantly due to Big data analytics (BDA). But in order to 

investigate how non-technical factors influence data driven decision making in big data analytical 

environments, we have established a theoretical framework. The framework consists of three non-
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technical levels of influencing factors of which we will approach the study´s empirical research. The 

rather novel research area of big data required us to combine prior decision making research and its 

prominent role in management as well as consider the implications from emerging BDA 

technologies. The theoretical assumptions derived from the current body of theory will thereby 

constitute as our frames of reference on which we could perform the study.  

 

2.1 The dual view of making decisions 

We have long known that humans are poor decision makers. In an effort to explain this inability, 

researchers taught capuchin monkeys how to trade “grape-currency” (Lakshminarayanan et. al., 2010; 

Chen et. al., 2006). Their results proved that mankind share the similar economic consciousness and 

same cognitive biases as the 35 million years old siblings. The monkeys displayed a human-like 

opportunism and loss aversion (explained by Gilovich et. al. 2002; Hastie & Dawes, 2010; Tversky & 

Kahneman, 1981) when confronted with identical payoff gambles. Thereby, their studies 

evolutionarily links the human decision restraints back to our ancestors meaning these are inborn, 

stable across time and cultures, and therefore hardly bridged (Lakshminarayanan et. al., 2010; Chen 

et. al., 2006). 

Decision making is a centerpiece of management research and several studies have, in line with the 

evolutionary research, revealed that top management decisions are influenced by intuition, 

experience, and rule of thumbs rather than of logical and objective use of data (Dreyfus, 1982; Slovic 

et. al., 2004; Pfeffer & Sutton, 2006). Seeking to understand human cognition, a dual view of 

information processing systems has emerged in a variety of disciplines. These systems have been 

labeled differently (e.g. automatic/controlled by Schneider & Schiffrin, 1977; experiential/rational by 

Epstein, 1994; unconscious/conscious by Dijksterhuis & Nordgren, 2006), but all refer to the same 

distinction, most popularly referred to as System 1 and System 2 (Evans, 2006, 2008; Evans & Over, 

1996; Kahneman, 2011). These two mental models differs in function by being deployed by a 

domain-specific and associative processing (System 1) and a rule-based and sequential manner 

(System 2) (Salas et. al., 2010). In other words, System 1 refers to a “heuristic, intuitive, holistic, and 

impulsive” thought process while System 2 entails an “analytic, reflective, rational, and systematic” 

procedure (Boe-Lillegraven & Monterde, 2015).  

In an organizational setting, too much “System 1 thinking” risks neglecting key shifts and changes in 

the environment as an intuitive mental model is based on prior frames of reference (Boe-Lillegraven 

& Monterde, 2015), whereas decision models based on System 2 (analytical processing) instead can 

increase the likelihood of making better decisions. However, System 2 varies between individuals 
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because of its requirements in capacity and ability in working memory (Salas et. al., 2010) especially 

since managers are confronted by an overload of information (Pfeffer & Sutton, 2006). Accordingly, 

both mental models are subject to a cognitive limitation that dilute decision makers´ rationality, i.e. 

bounded rationality (Simon, 1947; Bazerman & Moore, 2013:5-7). By revealing that human mental 

processes are restricted by cognitive boundaries, Simon (1947) confronted economic theory's view of 

individuals taking rational decisions in order to maximize utility. Complex circumstances, time 

limitation or simply inadequate mental computational power are all examples of sources of “bounded 

rationality” (Simon, 1947; Buchanan & O’Connell, 2006). Consequently, bounded rationality is what 

prevents us from making rationally optimized decisions and instead makes us settle for satisfactory 

choices (Simon, 1947; Kahneman, Slovic & Tversky, 1982). Instead we rely on individual 

observations, personal experience, or intuition (i.e. gut feeling) (Pfeffer & Sutton, 2006; ibid). 

Nevertheless, decision makers tend to make emotionally controlled decisions based on mental 

shortcuts (Slovic et. al., 2004; Bazerman & Moore, 2013) and seldom identify neither problems nor 

opportunities objectively (Dreyfus, 1982).  

To overcome bounded rationality and strengthen System 2 thinking, organizations have for decades 

been aided by computer decision support systems (Te'eni & Ginzberg, 1991) to direct human focus 

on the most relevant information, and make decisions based on data (Chen et. al., 2012). The 

practice of basing decisions on a rational analysis of data rather than purely on intuition is referred to 

data-driven decision making (Hogarth & Soyer, 2015; Cukier & Mayer-Schoenberger, 2013a; McAfee 

& Brynjolfsson, 2012). From surveys with business executives across countries and industries 

LaValle et. al. (2011) concluded that effective usage of analytic technologies was the top 

differentiator in the competition between top performing firms. Likewise, superior decision making 

has been linked with competitive advantages (Tien 2013; Michalewicz, 2007; Hogarth & Soyer, 2015) 

by enhancing analytical accuracy (Hand, 2007:6; Lohr, 2012; Shah et. al., 2012), and productivity 

(Brynjolfsson, Hitt, & Kim, 2011). Meanwhile, poorly supported decisions lead to costly errors 

(Milkman et. al., 2009) wasting company resources and even risking the future of organizations (Baba 

& HakemZadeh, 2012). BDA is the latest and most advanced technology for organizations to 

become evidence-based and rational (see e.g. Cukier & Mayer-Schoenberger, 2013a; McAfee & 

Brynjolfsson, 2012; Lohr, 2012; Shah et. al., 2012). In the next section we will review what this 

emerging technology implies and what consequences its introduction have had on decision making 

processes in organizations. 
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2.2 Small vs. big data - what's new?  

The most common way to describe the greatness of big data is through its characteristics. Big data´s 

“3V dimensions” constitutes the most recognized definition in the subject literature (first coined by 

Laney in 2001; see also e.g., Gobble, 2013; Hand, 2007). The 3V framework describes how the new 

data attributes make it impossible for orthodox IT systems to manage the data, including: [1] volume 

(too large amounts of data), [2] velocity (too high changeability, dynamic, and arrivals of data), and [3] 

variety (too various unstructured types of data). Recently, the concept of 3V has been extended to 

include a fourth V: veracity meaning that big data is too complex for separating reliable data from 

arbitrary (Schroeck et. al., 2012). In combination to offer new corporate decision making capabilities, 

the 4Vs of big data call for new demands on high-certitude approaches found in conventional 

decision making (Davenport, 2014; Schroeck et. al., 2012; Gobble, 2013; Shah et. al, 2012). These 

four dimensions are illustrated in Figure 1 while their implications, related to decision making, are 

discussed below.  

 

 

Figure 1. Big data´s 4Vs (Schroeck et. al., 2012) 
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2.2.1 The implications of big data´s 4V  

Volume: From terabytes to zettabytes  

Digitalization and connectivity (e.g. internet of things2) is what drives the datafication leading to an 

increasingly quantifiable world (Cukier & Mayer-Schönberger, 2013). This creation and accessibility 

of data is accelerating at fast pace. Astonishing 90% of today's entire data was produced during the 

last two years and in 2020 it is forecasted to be 44 times more of it (Manyika et. al., 2011). In other 

words, the world is flooded with data. Contemporary organizations are able to utilize not only their 

internal data (e.g. CRM, supplier, and financial data) but can also turn to the tons of external data 

from various sources (e.g. GPS signals, social media streams, banking records, and weather 

information to mention a couple) (Fisher et. al., 2012; Gobble, 2013). BDA allow us to simplify the 

world in a way that carries us closer to the reality by approaching the total. An examination of all the 

data (“N=all”), and not just a fraction, offers a far more superior method. (Cukier & Mayer- 

Schoenberger, 2013b:26, 47; Hand, 2007:4-7) Some even argue that BDA will lead to the end of 

theories since BDA has decreased the necessity to validate hypotheses by supporting a shift from 

induction to deduction, as well as from averages to details (Cukier & Mayer-Schoenberger, 2013b:70-

72, 190; Andersson, 2008). Since the quantity of records is so breathtaking, error margins are mostly 

tolerable. Instead of struggling preventing them, it is often more fruitful to accept and tolerate the 

errors (Cukier & Mayer-Schoenberger, 2013b:26, 35, 191; Hand, 2007:167; McAfee & Brynjolfsson, 

2012). In the era of big data, decision makers need to accept that “good-enough-results” are good 

enough: that 2x2=3.99 actually in most situations is satisfactory.  

 

Velocity: From batches to never-ending flows 

Data has evolved into a continuous stream. Organizations are observing a constantly accelerating 

speed of data arrivals, consumption, and fluctuations (Gartner Research, 2015). While business 

intelligence traditionally focused on creating consistent statistical snapshots of businesses, big data 

has brought dynamic real time dashboards (ibid; Hogarth & Soyer, 2015). However, these 

continuous data flows imply an increasing importance to capture and react to data while it is "in 

motion" (Eaton et. al., 2012). Instead of treating data as a constant pool of inputs, companies need 

to develop more continuous practices of analysis and decision making to meet an ongoing dynamic 

fast-flowing flood (Davenport, 2014; Hogarth & Soyer, 2015). A paralyzing effect has been observed 

with managers in making decisions (and taking action) since the fast-changing figures might point to 

another direction after lunch (ibid).  

                                                           
2 Internet of things (IoT) refers to the notion that sensors in products and other physical environments through 

connectivity collects and shares data with each other (Gartner Research’s IT Glossary, 2016). 
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Variety: From structured to unstructured 

Firms have access to vast and fast amounts of data, but in an unstructured format that is difficult to 

manage (Eaton et. al., 2012). Data is generated from a variety of sources in a variety of format, for 

example imagery, videos, voice, documents, log files, and emails (Russom, 2011). This 

heterogeneously data types and sources make it difficult to e.g. capture, process, and analyse big data 

(Chen et. al., 2013; Gobble, 2012; Hand, 2007:7). On the other hand, today's unstructured and varied 

data contain richer information and meaning than before, explaining consumers´ behavior for 

example (Chen et. al., 2012). Further, big data allow organizations to investigate, explore, and “swim 

around” in the different kinds of data in a explorative way. Unfortunately, BDA fail to provide 

decision makers insights about causality. Still, the sophisticated tools are professionals in discovering 

correlations, invisible to human eye (Abu-Mustafa, 2012; Cukier & Mayer- Schoenberger, 2013a & 

2013b). Hence, it is vital for decision makers to understand and appreciate the beauty of finding 

patterns in tremendous floods of different types of data in forward looking exploration. In 

comparison to traditional BI, BDA is not restrained to a constant set of historical metrics 

(Davenport 2006). 

 

Veracity: From reliable to arbitrary 

The growing data-per-person-ratio leads to reduction in relative value of each data point, which 

requires big data to be managed cautiously in order to be useful (Laney, 2001; Eaton et. al., 2012:5). 

Data that can be considered reliable should be separated from arbitrary (e.g., false twitter accounts, 

junk data, spam) and excluded in analyses (Eaton et. al., 2012; Schroeck et. al., 2012; McAfee & 

Brynjolfsson, 2012). Researchers and practitioners demand the data sources and true meanings of the 

inputs should be reviewed and queried (Shah et. al., 2012; Chen, et. al, 2013; Kingsbury, 2013; 

Wandelt et. al, 2012). Results generated from large-scale multifaceted datasets are hard to confirm 

and henceforth not permanently trustworthy (Cukier & Mayer-Schoenberger, 2013a; Hand, 2007:22). 

Nevertheless, data crunching tools are able to overdo the sets of data and detect erroneous and non-

trustable patterns that coincidently occurred: a lucky “junk-correlation” generated by “garbage-

variables” (Abu-Mustafa, 2012). 

 

2.2.2 Decision making process: three implications 

Rational (System 2) decision making processes have been greatly discussed in the literature and 

several models have been formulated. In a theoretical comparison between traditional individual, 

group, and technology aided decision making (see e.g. Bazerman & Moore, 2013; Te'eni & Ginzberg, 

1991; Howard, 1988) and contemporary big data/advanced analytics processes (Agrawal, 2011; 
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Wagstaff, 2012) we observed corresponding process stages3. Even though the models are explained 

by different vocabularies, scholars have emphasized the same important stages (Hammond, Keeney, 

& Raiffa, 2015): (1) a problem recognition phase, (2) data gathering phase, (3) analysis phase, (4) a decision 

moment, and an (5) execution phase.  

Although sharing similar process steps, big data/advanced analytical decision making processes have 

adapted accordingly to the demands of the 4Vs. Firstly, big data decisions no longer require a well-

defined problem recognition due to big data´s exploratory nature. Secondly, big data analysis processes 

implies much more activities concerning the data management in the gathering phase (e.g. standardizing, 

cleaning, modelling). Thirdly, the interpretation (of the data) have been emphasized in a higher degree 

in relation to a big data analysis/advanced analytics processes compared to the traditional decision 

making models. Hence, from a theoretical process perspective, when decisions are made in a big 

data/advanced analytics environment, it seems like a straightforward process with minor differences 

with traditional decision making theories formulated nearly 30 years ago. These five stages are 

illustrated below in Figure 2. Nevertheless, looking beyond the process phases, the technology used 

as well as the actors (with the required skillset) within the processes (presented in section 2.3.2) have 

also adopted according to the 4Vs. Having mapped the implications of the 4Vs we discuss the 

possible influences of contextual social capabilities in the following section, aiming to deeper 

understand nuances in BDA processes. 

 

 

Figure 2. The phases of a BDA decision making process 

 

 

                                                           
3 See Appendix I for a theoretical compilation of six process frameworks from decision making and big data analytics 

research. 
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2.3 Capabilities influencing organizations´ usage of big data analytics 

In his seminal study, Barley (1986) observed how two new identical scanners were deployed in two 

different radiology departments resulting in varying efficiency and organizational structures. There 

appeared to be some intangible force in play affecting the usage of the technology and the social 

setting in which it was adopted. This seemingly puzzling occurrence was in line with other scholars 

(Penrose, 1959; Tsoukas, 1996) ascribed to the combination of the unique set of organizational 

resources and linked to firm performance (Wernerfelt, 1984). More specifically, intangible “social 

resources” have been emphasized to shape and condition the varying use and advantages from 

tangible physical technologies (Barney, 1991; Bharadwaj, 2000). As technologies mature and become 

more accessible4 among competitors it enters a stage of a commodity-like asset without 

differentiating qualities (Carr, 2003; Clemons & Row, 1991; Champy, 2003). Instead the 

distinguishing deployment of technology lies in the right set of intangible organizational capabilities 

(Mata et. al., 1995; Wade & Nevo, 2010; Hazen & Bird, 2012). Social capabilities have been explained 

as the underlying DNA, personality, and culture of a company (Smallwood & Ulrich, 2004). 

Examples of these capabilities, that individually or collectively influence the social structure, include: 

talent and human capital, shared mind-set, collaboration and relational assets, business knowledge 

and know-how, organizational processes and structures, and information (ibid; Helfat & Peteraf, 

2003; Kros et. al., 2011). What makes these capabilities unique between firms is the historical context 

in which they have been developed. The notion that history matters is often referred to “path-

dependency” (Tecce et. al. in Dosi et. al., 2000:346-347). Path-dependency’s imprinting effect from 

past organizational behavior has more been used to explain “organizational rigidities and structural 

inertia” (Sydow et. al., 2009) and more specifically technological adoptions (David, 1986). 

We believe the same reasoning described in earlier capability management research is applicable to 

the BDA technologies. As this study aims at investigating the non-technical factors affecting the 

usage of BDA, the capability perspective proves useful in understanding the social influence. By 

conducting a thorough literature review5 and a following pre-study with BDA experts6, we have 

identified three distinguished thematic capability groups that have been mentioned in previous 

studies and may have potential influence on organizations´ BDA abilities. These identified theoretical 

                                                           
4 See Gartner Hype Cycle for Big Data, 2013 that displays the maturity trajectory of BDA technologies (Gartner 

Research, 2015). 
5 Knowing that big data and decision making belong to cross sectional fields, this study draw upon literature areas 

including: big data analytics (e.g, DELTA-framework treating critical success factors in building analytical capabilities), 
business intelligence, decision making/data driven decision making, and Resource Based Theory (with a focus on IT 
capabilities) 
6 See method section (interviews with IBM, Accenture, McKinsey & Co. consultants). 
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components constitute the foundation of our conceptual model, and was used during our empirical 

collection. This allowed us to investigate what capabilities, and more interestingly how these 

capabilities, influence organizations´ BDA usage in decision making. From the current body of 

literature we identified and segmented three levels of themes: (1) organizational, (2) relational, and (3) 

human capabilities. These are presented and elaborated below.  

 

2.3.1 Organizational influence - Structure vs. Culture 

Suggested by Davenport (2014) and Simon (2013) the organizational set up have been shown to pose 

an important factor to how companies build their BDA capabilities. In the same way BI have had 

organizational implications in the way IT and business analysts were organized in the early 2000s, we 

can safely assume that BDA have had a significant structural impact as well (Brynjolfsson & Hitt, 

2000; Bynjolfsson et. al. 2002). Looking back at BI teams, they have previously been located in 

internal consulting organizations or IT departments, i.e. a center of excellence structure where 

reports to managers have been based on structured and predefined needs of information (Burton et. 

al. 2006; Varon 2012; Davenport & Patil, 2012). Regarding BDA, some scholars have advocated a 

similar centralized structure, forming a “center of excellence 2.0” with gathered analytical capabilities 

(Debortoli, Müller & vom Brocke, 2014; Simon, 2013:16-19). In contrary other scholars have 

favored decentralized analytics capabilities located closer to where operational decisions (e.g. product 

development) take place (i.e. business units). Thereby facilitating analyses in an experimental fashion 

with less predefined issues (Casey et. al., 2013; Davenport & Patil, 2012; LaValle, 2011).  

Apart from the organizational setup, prior scholars (Ross, Beath, & Quaadgras, 2013; Davenport, 

2014) have emphasized the influence of how the organization's´ culture impacts the big data 

capabilities. Companies with prior experience of fact-based decision making through BI have already 

been concerned with cultural questions of data-drivenness (Vámos 2014; Kościelniak & Puto, 2015). 

However, to allow for the more experimental analytics and understanding of how the capabilities are 

able to create business value, BDA seem to require a more developed and profound cultural setting 

(Barton & Court, 2012; LaValle et. al., 2011; Davenport, 2014). Studies on firms having deployed 

BDA advocate cultures supportive of non-hierarchical and meritocratic environments where big data 

initiatives are able to be triggered, and autonomously led, by people throughout the whole 

organization (Simon, 2013; Davenport, 2014; Davenport & Patil, 2012). BDA culture is enabled by 

allowing data and analytical tools to be accessible to a broader organizational extent in a more 

product-focused manner (Chen et. al., 2012; Davenport, 2014). Nevertheless, a great deal of tolerant 

leadership practices towards the autonomous, independent and experimental activities associated 

with BDA have been highlighted as a key factor in the literature (MGI, 2011; Davenport, 2014; 
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Kościelniak & Puto, 2015). Management is thereby required to sponsor the activities and 

simultaneously challenge business units to request and incorporate BDA into the decision making 

processes (MGI, 2011; Barton & Court, 2012). 

Acknowledging the main non-technical capabilities identified from an organizational standpoint we 

gather that the usage of BDA might be influenced by both cultural and structural issues. Therefor we 

are concerned with: How organizational capabilities, in terms of cultural nuances and organizational 

structures influence the BDA capabilities between firms? 

 

2.3.2 Relational influence - Roles and Power 

The data management demands stemming from the 4V’s of big data have consequences on who is 

involved in the decision making processes (Debortoli, Müller & vom Brocke, 2014; Davenport, 2014; 

Simon, 2013:16-19). In traditional decision making system scholars have identified two components 

of a decision making process, involving (1) a decision maker and (2) a computerized decision support 

system that assists in making rational decisions (Te'eni & Ginzberg, 1991). In contrast, a BDA 

context entails a new human player, the data scientist (a big data specialist), that aids the decision 

maker by assuming the responsibility of the decision support system (Debortoli, Müller & vom 

Brocke, 2014; Davenport, 2014; Simon, 2013:16-19). We can thereby assume that the data scientist 

becomes an intermediary between the decision maker and the decision support system, hence 

relinquishing managers´ contact towards it, establishing an emerged interdependency between the 

two actors within the decision making processes.  

Given this new decoupled setting and the velocity dimension of big data, the need for a continuous 

conversational approach requires data scientists to communicate findings across the business 

(Hogarth & Soyer, 2015). Communication has in Resource based theory literature, been named as 

one enabling factor of analytical capabilities through benefiting coordination and the relational 

capabilities accordingly (Ross et. al., 1996). Other highlighted factors include trust and mutual 

understanding for each other's responsibilities, strong interpersonal bonds (Ross et. al., 1996; Mata 

et. al., 1995; Bharadwaj, 2000), as well as a shared vision of the importance of the analytical efforts 

(Ross et. al., 1996; Mata et. al., 1995). Big data specific literature highlights similar relational 

capabilities in building more advanced analytical ability and explains the relationship between the 

data scientist and the decision maker as one between a trusted adviser and a client (McAfee & 

Brynjolfsson, 2012; Davenport, 2014). On the other hand, other studies regarding data scientists 

indicate their lacking interest in “just giving advice” while instead desiring to “build business 

solutions that work” - referring the consultancy relationship to a “dead zone” (Davenport & Patil, 

2012).  
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Decision makers inevitably possess a great deal of organizational influence and were never 

questioned in traditional decision support system settings (see e.g., Te'eni & Ginzberg, 1991). 

However, with new roles, responsibilities, and relationships between the actors involved, it is 

reasonable to expect shifts in the power distribution and control of the decision making. Considering 

data scientists´ desire to have a greater influence beyond the consulting role further strengthens this 

expectations about power and influence. Other scholars have highlighted that the continuous 

conversation with data will imply a more longitudinal role for the data scientists since they are 

expected to master a span of business activities earlier reserved to the decision maker, thereby 

enjoying greater influence (Debortoli, Müller & vom Brocke, 2014;  Simon, 2013:16-19; Davenport 

& Patil, 2012). However, BDA initiatives have been seen to fail because top-executives still rely on 

their mandate, intuition, and past experiences when making decisions (Ross et. al. 2013; McAfee & 

Brynjolfsson, 2012). This phenomenon has commonly been referred to as the “highest-paid-

person’s-opinion” (HiPPO), which for years has constituted the essence of corporate decision 

making (ibid). According to McAfee and Brynjolfsson (2012:4), a critical aspect of BDA is its effect 

on how decisions are made and who gets to make them: “When data were scarce, expensive to 

obtain, or not available in digital form, it made sense to let well-placed people make decisions”. 

However, the big data evolution is believed to have a substantial impact on how this relational power 

is distributed and how executives perform decision making.   

Unlike traditional analytics we are aware that BDA implies a more complex process involving more 

people with new roles and functions. This transformation will consequently have implications on 

intra-person dynamics. We are therefore more specifically concerned with: How relational 

capabilities, in terms of roles and relationships and power distribution influence the BDA capabilities 

between firms? 

 

2.3.3 Human influence - Skills & Mindset 

The majority of the subject research field is focused on the technologies enabling BDA and the 

consequences on the human contribution as it intrudes on what used to be exclusively human 

cognitive tasks (Abu-Mustafa, 2012; Cukier & Mayer- Schoenberger, 2013b:12; Lohr, 2013). Human 

experts will be replaced, or at least augmented by big data and even the best subject area experts will 

lose their luster (Cukier & Mayer- Schoenberger, 2013b:12, 16, 141; Manyika et. al., 2011). 

Nevertheless, scholars still emphasize the need for people with the required skillset to bring the 

technologies to use, being leastways as important (Davenport & Patil, 2012; Simon, 2013:218-219). 

BDA is even said to be useless without human input, business acumen, and interaction (Lohr, 2013b; 
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Hexigo, 2013; Shah et. al., 2012). In essence, human capabilities still seem to matter in organizations 

but the requirements differ from traditional decision making processes7.  

The combination of skills is inseparable in order to make use of BDA and enable action and is 

constituted of (1) data/analytical, (2) domain, and (3) social skills (Chen et. al., 2012; Provost & 

Fawcett, 2013; Waller & Fawcett, 2013). Firstly, data scientists need to have the ability to write codes 

and manage data8 - the most basic and universal skill of a data scientist (Davenport & Patil, 2012; 

Chen et. al., 2012; LaValle et. al., 2011). Additionally, to conduct experiments with an explorative 

nature (Davenport & Patil, 2012) and ensure that right questions are being asked in models (Abu-

Mustafa, 2012; Fisher et. al., 2012) is vital. Further, research highlights the importance of including 

domain expertise into the BDA process. Without business acumen of the marketplace, products, and 

business needs, the superior data crunching tools might misunderstand the true meaning of the 

inputs (Aspitz, 2013; Cukier & Mayer-Schoenberger, 2013b:197; Kingsbury, 2013; Wandelt et. al, 

2012), fail to discover the relevant data (Chen, et. al, 2013; Hand, 2007:7; Ramakrishnan, 2012; 

White, 2011), and decision makers risk to miss the big picture of business problems9 (McAfee & 

Brynjolfsson, 2012). Nevertheless, in order to suggests and develop new models, approaches, and 

analytical tools, data scientists need to possess a high extent of domain skills that previously was 

exclusively reserved to decision makers (Davenport & Patil, 2012; Simon, 2013:16-19; Davenport, 

2014). 

In addition to an analytical aptness and a domain specific knowledge scholars have pointed out 

another dimension to the human capabilities, not usually found with traditional “quants”. People 

usually thriving in data professions also tend to lack social soft skills, however, strong 

communication and relationship building skills are considered vital when creating effective BDA 

abilities (Davenport & Patil, 2012; Davenport, 2014). To facilitate action from the analytical findings 

data scientist needs to use verbal and visual storytelling to makes results compelling and clear 

(Provost & Fawcett 2013; Davenport & Patil, 2012). Only then can discoveries be translated into 

business directions and practical implications (ibid). 

Although companies may possess the required skills and knowledge to succeed with BDA another 

set of human capabilities have proven to play a crucial role, namely an appropriate mindset. In order 

                                                           
7 A World Economic Forum report (2016) on the future labor market made predictions on a composition of human 

skills in relation to job task automation, indicating that humans will be required in some form. 
8 Including tasks as: data extraction, join different data sources together, clean and querying data, structure large volumes 

of formless/unstructured data, integrate data ready for analyses, and visualize results. 
9 A “big data big picture failure example” (from Biesdorf, 2013): An American insurance company developed an 

analytical model to approve patients with costly treatments more efficiently and faster. Although, the new selection 
approach accepted compensation to very few insurance holders resulting in bad publicity, decreased customer base, and 
unhappy stakeholder. 
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for individuals to deploy their skills they have to be guided by a curiosity and an evidence-based 

mindset that allows for an acceptance of being overruled by data (Abu-Mustafa, 2012; Cukier & 

Mayer- Schoenberger, 2013a; Hand, 2007; Davenport, 2014). A range of challenges linked to social 

identity have been identified to prohibit this kind of mindset and have been found to result in 

resistance to or rejection of BDA. As BDA will occasionally contradict decision makers’ intuition, 

and personal experience this new technology will challenge people's authority, judgment and 

expertise crafted during years and years of experience in their domains (Simon, 2013:193-194; 

compare Mindell, 2015:24, 49, 65).  

Studies have even shown that data is often used merely to evaluate the result or to identify a situation 

that requires a decision (McAfee & Brynjolfsson 2012). Additionally, the more complex the analyses 

become, managers have even been seen to tend to trust intuition and experience in a higher degree 

than their analytical ability (Hogarth & Soyer, 2015). Hence, loss of authority (giving autonomy to 

the BDA technologies), fear of becoming obsolete, and pride influence work life when technologies 

assume the ownerships of what have been privileged to physical humans. On the other hand, some 

scholars mean that intuition in the era of big data actually is something coveted, when there are just 

too much data to consider the intuitive thinking guides the human in this big data flood (Simon, 

2013:77).  

Humans still seem to have valuable contributions in a BDA environment. The right composition of 

skills and an appropriate mindset seems vital in building the analytical abilities and allow for action. 

In particular we are therefore concerned with: How human capabilities, in terms of skills and mindset 

influence the BDA capabilities between firms? 

 

2.4 The conceptual model - our study lens  

Our conceptual model is constructed by a combination of the BDA decision making process - 

adopted to the requirements of big data´s 4V:s - and the capability review (see Figure 3). The model 

serves as a basis for analysis as we approach the empirical data in search for insights (see our analytic 

strategy in section 3.3 and operationalization in section 3.2.1). Since decisions ultimately are made by 

individuals, the level of human capabilities is graphically placed in the center of potential influencing 

capabilities. Interpersonal capabilities between data scientists and decision makers are visualized 

through the second tier, while the contextual organizational influence through the third. This 

theoretical lens allow us to contrast which, and how, these three levels of capabilities influence entire 

BDA decision making processes.  
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Figure 3. Our conceptual model 

 

3. Learning from data driven leaders 

3.1 Study context - introducing Born analyticals and Big intelligent firms 

To gain knowledge in how social capabilities affect the BDA ability in companies this study focused 

on the work of decision makers and data scientists in BDA decision processes. The study included 

four to six respondents at four companies with capacity to carry out big data analyses to support 

decisions. Each company’s capability in BDA was evaluated by comparing the data handling at each 

firm with the attributes of the 4Vs (Schroeck et. al., 2012). By doing so the study was ensured to 

capture observations from BDA-driven decision making processes exclusively. Given the relative 

novelty of big data technologies, all of the selected companies were found in the ICT or Media, 

Entertainment, and Information sector. These industries are naturally more advanced in BDA 

because of the availability of data (Davenport, 2014; Provost & Fawcett, 2013). By focusing on these 

industries, our results are contextualized in close connection towards these sectors (Bryman & Bell, 

2007), consequently our conclusions are possibly limited accordingly.  

In the course of our investigation within these industries, we recognized patterns among the involved 

companies. During the typification process, the collected data seemed to emerge and correspond to 
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two respective groups comprising two firms each. By contrasting the differences and similarities, we 

came to classify these two groups that are henceforth referred to as “Born analyticals” and “Big 

intelligent firms”. The Born analyticals have, simultaneously with the BDA technologies, emerged 

during the last years, while offering products based on digital services. The empirical data in this 

group was collected from the Swedish music streaming service company Spotify, and the American 

professional networking service firm Linkedin. The definition of Born analyticals have been 

influenced by the terminology of “Born globals” that refers to companies that “from inception, seek 

to derive significant competitive advantage from the use of resources and the sales of outputs in 

multiple countries’’ (Oviatt & McDougall, 1994:49). In contrast, the Big intelligent firms have been 

operating in the ICT service sector for several decades and can be assumed to have had traditional 

analytical capabilities prior to the introduction of BDA technologies. This second group included the 

Swedish telecom companies Telia Group and Ericsson. Our selection criteria for participants 

(described below) and the fact that the respondents belong to four different organizations reinforced 

the study’s reliability through minimizing the risk of distorted results (see Williamson, 2002). The 

sample size have increased the generalizability and usability, as well as the likeliness of identification 

and exclusion of anomalies (Lee & Baskerville, 2003). Although, as our study additionally refers to a 

phenomenon that is developing rapidly, it is likely that future studies would generate different results. 

Moreover, given our social and intangible perspective it is important to note that our study restricts 

us from considering specific technology solutions for BDA. Hence, our conclusions offer limited 

contribution within the computer system domain, while supporting social researchers instead. 

 

3.2 Semi-structured interviews and situational practice data collection  

In total we interviewed 20 participants, whereof 12 data scientists and 8 decision makers 

(summarized in Table 2 below). The interviews used in our study were organized in a semi-structured 

and informal way (Kvale, 1996; Holme & Solvang 1997:99), in order to gain more flexibility during 

the discussions, allow for our exploratory process, and inquiry about respondents´ perception 

(Holme & Solvang 1997:99; Yin, 2009; Saunders et. al., 2009; compare Leonardi & Treem´s (2011) 

strategy). The semi-structured interviews and open-ended questions were advantageous in this 

emerging research subject because the agile character of the discussions allowed for unexplored areas 

to be revealed as it promoted follow-up questions and participants to develop their answers (ibid; 

Bryman & Bell, 2007). Several scholars (Rennstam & Wästerfors, 2015; Lundahl & Skärvad, 1999) 

have supported semi-structured approaches for gather data and develop understanding about social 

interaction and soft factors - in our case, factors influencing BDA decision making. That being said, 

the interview-based research approach requires a critical stance towards the empirical data generated 
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during the interviews since the individual portrayals can be distorted and thereby less truthful 

(Silverman, 2005).  

The empirical study started out by identifying and contacting companies with developed BDA 

abilities in data intensive industries such as ICT and entertainment (Davenport, 2014; Provost & 

Fawcett, 2013) (see section 3.1). The first point of contact was either a decision maker or data 

scientist with experience from BDA decision making processes. We were thereafter referred to the 

corresponding role that have been involved in the same BDA decision making process. This pairwise 

investigation aimed at providing us with valuable social perspectives from the two most prominent 

roles in a BDA decision making process. Advantageously, the couples included in our study, were 

restricted to comprise the exact two individuals who have worked on either side of a specific 

decision making situation. We ensured that the specific situations we discussed with them 

represented common types of BDA-situations (e.g. a frequent type of strategical/operational 

decision(s) and/or projects that required analyses and a final decision). By isolating decision making 

to these particular key events allowed us approach the participants´ daily practices and work life 

reality while identifying capabilities that impact their common BDA-routines and environment 

(Merton, 1946; Knorr-Cetina & Mulkay, 1983; Lundahl & Skärvad, 1999). Adherent to hermeneutic 

epistemology, this situational approach facilitated our comprehension about the participants´ 

perception of their common practices and work life reality (ibid). The four different types of 

situations are shortly presented in Table 1. To further allow for a thorough study of the influencing 

capabilities all interviews were separated into two sections: (1) a narrative part regarding the same 

specific decision making situation that the participants have been involved in (following the 

situational research approach) and additionally (2) a general discussion about the use of BDA in 

decision making at each company. 

To deepen our understanding in the situational practice at each firm and further develop the 

reliability of the findings we asked to be referred to another additional couple who had worked in the 

same type of common situation (for instance, A/B-test experiments or base station forecasts), 

although being a different factual case (e.g. differed by time, location, product, persons within the 

situations, etcetera). In Table 1 and Table 2, these factual cases are distinguished and illustrated 

through the case label column. This chain referral technique constitutes a favorable method to enter 

sealed contexts and is often referred to as the snowball sampling, which extended our convenience 

sample to a network one (Halvorsen, 1992; Biernacki & Waldorf, 1981). Snowball sampling may 

provide varied and inaccurate results as the first participant will have a strong impact on the sample 

(ibid), but given the confidentiality reasons surrounding BDA activities at companies (such as 

corporations´ data collection practices, commercial secrets, technology set ups) left us with no other 
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option. However, the sample size and the diversified company selection should mitigate this 

undesirable effect of convenience samples. 

 

Table 1.  Description of the type of common situations, our foundation of our situational practice approach 

 

Each interview lasted approximately 1-2 hours. The interviews were held in Swedish or English 

depending on the interviewee’s language requirements and conducted through the video conference 

app called Google Hangouts10. Telephone interviews have been continuously deployed and deemed 

viable in situations where geographical and practical reasons have prohibited face-to-face interviews. 

Telephone interviews have been stated to “stay in the level of text” but have been criticized for 

lacking in capturing subtleties from physical interaction (Holt, 2010). This lacking interaction was 

bridged by the usage of internet enabled interview tools that nowadays are considered a viable 

methodological approach in social sciences (Evans et. al., 2008; Flick, 2009). Mediums enabling 

synchronous video contact (such as Google Hangouts or Skype) are thereto believed to overcome 

the issue of losing visual and interpersonal aspects (Hanna, 2012). Interpersonal relationships 

between the interviewer and interviewee is said to affect the outcome of the interview (Rennstam & 

Wästerfors, 2015). In that aspect we believe that video interviews offer a neutral setting for everyone 

                                                           
10 However, 4 of our interviews were conducted by telephone or in person due to convenience reasons. 
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involved without imposing on the respondent’s personal space (Hanna, 2012). Although video 

interviews do not fully compare to traditional face-to-face interviews, we are confident in that our 

method of study have provided us with reliable results given the proven confidence in benefits 

shown by prior researchers.  

 

 

Table 2.  Our study´s participants, their roles, and interview features.  

 

3.2.1 Operationalization – from theory to questionnaire 

Enabling the empirical findings to be linked to existing theoretical and prior studies we deploy the 

operationalization model found in Table 3. The framework offers a dual research approach and 

incorporates both situational and general properties to allow for the semi-structured interview form 

mirrored in the interview guides (see Table 3). The backbone of the model is derived from the 

analytical framework explained in the literature review above. In addition to founding our empirical 

questions theoretically by the literature review we made adjustments in accordance to the advice 

given by domain experts from the pre-studies. Each categorized social capability have corresponding 

questions that link the respondents’ answers to theoretical explanations which facilitates the analysis. 
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Questions exploring organizational capabilities are labeled [1]-[5], relational capabilities correspond 

to questions [6]-[11] and human capabilities are referred to questions [12]-[17]. Questions of more 

general character are marked [1], [6], [12] and [18]-[21].  

During the first month of our study we met/talked by phone with four domain experts from IBM, 

Accenture, Deloitte, and McKinsey & Co. The main purpose of these meetings was to verify that our 

conceptual model included the most important influencing non-technical capabilities. Nevertheless, 

secondary aims constituted as to (1) get a deeper understanding about the BDA-topic, (2) let the 

consultants describe their experience from several clients in order to get a more collective picture 

about the non-technical aspects, and (3) in order to enhance our BDA-understanding we also 

discussed some technological aspects of BDA as well. 

 

 

Table 3: The operationalization model 
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3.3 Analytic strategy  

To help us understand how different BDA abilities are affected by social capabilities we identified 

three social levels that all related to our research question constituting as three analyzable aspects: 

organizational, relational, and human (compare Holme & Solvang, 1997:141–142). The interviews 

were audio recorded (upon permission of the respondent) and transcribed verbatim shortly after to 

ensure a reliable interpretation of the interviews (Kvale 1983; Lundahl & Skärvad, 1999). The text 

from the transcription was then the basis of our analysis. An open coding approach was used to 

identify, name, and categorize the empirical findings into themes (Strauss & Corbin, 1990). This 

categorization procedure was conducted in a sequential manner starting to thematizing the insights 

of each individual interview and thereafter segment these findings in its corresponding interview pair, 

company, and company classification to facilitate the comparison and reveal contrasts and similarities 

(Holme & Solvang, 1997:141–142). The theoretical sensitivity in the labeling process was powered by 

the thorough literature review in decision making and big data research, which is visible in our 

operationalization approach discussed in 3.2.1. 

 

4. Revealing the non-technical influence on big data analytics 

Our study revealed similarities among Ericsson and Telia Group as well as among Spotify and 

LinkedIn, and in addition differences between these two company groups. In this chapter these 

highlight these dynamics. How does non-technical capabilities influence organizations´ deployment 

of BDA, and how does it differ among Born analyticals and Big intelligent firms? In this chapter our 

findings and insights driven from interviewing couples of data scientists and decision makers who 

have worked on each side of specific decision making situations at analytical leaders will be 

presented. We begin by discussing social organizational capabilities in sections 4.1-4.2. Next, in sections 

4.3-4.4, we reflect upon the influence of relational capabilities. Thereafter, in sections 4.5-4.6 we 

describe how human capabilities are impacting BDA. Finally, we will summarize our main findings.     

 

4.1 Nuances of cultures: Symmetric & informal vs. asymmetric & formal  

Both Born analyticals and Big intelligent firms had a similar aspiration of possessing a data driven 

culture supportive of evidence-based decisions. However, the firms displayed contrasting degrees of 

culture expansions and deployed different enforcement strategies.  

At Big intelligent firms the culture shed asymmetrically throughout their decision making where data 

scientists in a higher degree were data driven compared to decision makers. In contrast, at Born 

analyticals, the data driven culture seemed to be deployed across department borders and hierarchies. 
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Even though their data scientists’ daily work with complex data analyses, employees and actors 

within the decisional ecosystem at Born analyticals, believe in data and its insights, hence, showing a 

symmetric data driven culture. Not only does this cultural symmetry make it possible for decisions to 

be based on data, it also enables faster decisions due to the high data acceptance rate among decision 

makers, and simplicity to initiate action and execute implementation of made decisions, since Born 

analyticals´ (entire) workforce seems to be willing to trust data and prone to change accordingly. A 

consensus of that data and facts is, and should be, the basis for every decision exists.        

 

“A data driven organization is one where no single decision is made that isn´t data driven. Data and facts is what counts in any 

project, for any employee or manager as well as in every department. Here, that's the case, not up to 99 but up to 100 %. We just 

take that direction the data points us to. And that´s easy to do since everybody are onboard because our analyses have legitimized 

that certain direction.” - Decision maker @Born analytical 

 

To foster the data driven culture, Born analyticals enforced it through informal and data 

transparency efforts, whereas Big intelligent firms focused on formal strategic enforcement. The 

evidence-based behavior is incentivized by aligning the BDA unit and corporate objectives closely 

with each other that in turn is subdivided into unit and individual objectives. 

 

“Many of the five [corporate] strategic goals goes into the data analytics area. The company starts pulling together and when we 

come and knock on the door they [the business units] don't just help us out because the management told them to, but also because 

they help themselves and fulfil their own goals by helping us. Each departments’ and individuals’ goals are connected to this.” - 

Decision maker @Big intelligent firm 

 

According to the respondents at Big intelligent firms, the most determining key factor in managing a 

strategic incentive approach is an active and wholehearted buy-in from all management levels. Not 

only are monetary funding and analytical headcounts essential in enabling their BDA capabilities but 

even so the overall support from the entire organization. The role of the management is by that to 

ensure the commitment of staff to assist the analytics department by communicating the importance 

of analytics. 

 

“You have to have a strong management support. The analytics can’t be like any IT-capability, if you’re doing it you must know 

it requires resources, especially in terms of time from other departments since we won’t get anywhere without the help with collecting 

the data from basically all the parts of the company.” - Data scientists @Big intelligent firm 

 

In contrast, Born analyticals are taking more informal initiatives. Across their organizations informal 

ambassadors are dedicated to preserve and even further cultivate a data community through more 

irregular and not in forehand defined approaches. Focus lies on promoting data driven innovations, 

interest, create a curiosity, and make analytics fun.   
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“We created a survey and had people bet on the outcome - which experiment will win?! (...) Making the geeky stuff more fun is a 

key factor to create a thorough data community”. - Data scientists @Born analytical 

 

4.1.1 Data regime: data democracy or dictatorship? 

An important phenomena that has received insignificant attention previously, was revealed during 

our interviews. The degree of data transparency seems to impact organizations´ BDA capabilities. At 

Born analyticals the degree is (very) high where their entire data, models, analytical tools, KPI:s of 

departments, units, projects, as well as business critical data definitions, are available for all 

employees.  

 

“Everyone sees and works with the same data. By having and constantly building an internal open data library, we shift people to 

use the same sources of truth.” - Decision maker @Born analytical 

 

Content is accessible and real time shared through knowledge management systems (internal 

platforms) in which employees daily extract, work, update, and evaluate content. Regardless of 

organizational department or level, when produced, developed, or changed, content is shared. Often 

teams on one side of the company launches an analysis but get suggestions for the final version from 

a person/group on the other side of the organization. On the other side, at Big intelligent firms, 

BDA-results and insights created by data scientists are exclusively restricted to the actors involved in 

the decision making process, excluding any transparency and knowledge sharing to outsiders.  

 

“The people at one side of the business have their own data that they know, but they don’t know the numbers at other parts of 

[company]. They don’t necessarily need to know.”  - Decision maker @Big intelligent firm 

 

Turning the attention to Born analyticals again, the transparency does not only include the “geeky 

stuff” but also the whole sequence of all made decisions. 

 

“All our decisions are communicated so that everybody, small as big, sees that. We have a formalized framework so we have 

clarity to understand how our decision fits our company. Decisions that are made are communicated and can be tracked down to 

their components. In that way I know what the made decisions are and what beliefs, insights, and data they are based on.” - 

Data scientist @Born Analytical 

 

Born analyticals´ knowledge management platform and newsletters display (a) what all made 

decisions implies [e.g., “We are going to internationalize to Japan”], (b) on what kind of believes 

these decisions are based upon [“we expect a positive net income”], (c) what interesting insights is 

leant from the data [“Japanese seem to behave similar to swedes where our net income is positive”], 

and finally (d) the entire data and models used to made this decision, is revealed. According to the 
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respondents, this transparent process includes all made major decisions and is updated every second, 

third month. Some decisions are more strategically (see example in brackets above) while others are 

more operational (e.g. a new internal expense system will be implemented, starting from Monday) 

but all follow this four step structure. This data and decision transparency, enforces Born analyticals´ 

data driven and data sharing culture. The fact that managers are presenting what decisions are made 

and what conclusions have been drawn from what data, illustrates that data, logic, and rationality is at 

the core of the whole company. Nevertheless, the high accessibility of data and the effect of decision 

makers having a clear understanding for disposable data, leads to that less complex BDA-issues are 

conducted by themselves (and decisions are made) without the involvement from data scientists. 

Hence, the data scientists are used for complex, and often cross organizational issues. Further, the 

transparency saves time and effort through preventing that organizational islands create own 

definitions/models that might yield different results and decisional outcomes. In addition, the 

attention to Born analyticals´ overall metrics and KPI:s, as well as the transparency about their 

fluctuations, makes the decision making processes focus on what really matters in the organization.  

 

4.2 Analytical strengths: Centralized vs. a decentralized setup 

In relation to organizational structuring the two company categories organized their analytical 

abilities differently. Born analyticals deployed a combinational setup with both embedded and 

centralized data scientists, whereas the Big intelligent firms exclusively gathered all advanced 

analytical expertise in a central BDA-function.  

An enabler for a data driven decision making in Born analyticals is to distribute the BDA strengths 

throughout the organization. Data scientists are organizationally (and physically) located both 

centrally and in a decentralized fashion. Centralized data scientists focus on broader, cross 

organizational, and complex big data issues, while decentralized data scientists work intimate with 

products, consumers, and decisions makers. This setup enabled Born analyticals to combine and 

further develop their analytical strengths with domain knowledge, while gather required expertise for 

more complex decisions. If needed the centralized data scientists support the decentralized ones (e.g. 

with specific data querying and modeling), but they also evaluate models in order to ensure the 

robustness of the methodology as well as the relation between variables and overall metrics.  

In contrast, Big intelligent firms exclusively incorporated their BDA competence in specialized 

BDA-units that were centrally placed at group level. Thereby, data scientists often obtain the data for 

the research locally. Lacking local foothold sometimes result in an insufficient data gathering, since 

local employees act as gatekeepers of data. The problem of having developed a holistic analysis 
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capability on top of the pre-existing analytics structure is that the there is an asymmetric analytics 

maturity between each of the business units. These varying capabilities puts higher demands on the 

central unit to adapt between differing needs, analytical requirements and even appreciation of the 

analyses.  

 

“We haven’t worked in a centralized fashion before which means that we have islands of analytic abilities. It’s a good thing that 

we have a lot experts in analytics but the dispersed structure requires us to adjust our work to each specific business unit if they 

even have an understanding of what we can deliver”  - Data scientist @ Big intelligent firm 

 

In contrast, at Born analyticals, centralized data scientists manage the maintenance of their data 

library, and proactive as well as on an internal request basis, develop critical data definitions and 

models that are in demand on a cross organizational level. For instance, at Spotify several projects 

needed a model of variables that makes users a fan of a certain artist. Is the definition of a fan 

dependent on the number of created lists, listed songs in lists, played songs, days of following, or 

number of times a song have been switched to the next one? And how should this definition be used 

in data models in relation to Spotify´s key KPI:s? The centralized data scientists built on top of the 

available content in their open data platform, and after comprehensive analyses shared this analytical 

piece of the puzzle so that the rest of the firm could utilize from it.  

 

4.3 Relationships: Consultancy vs. partnership  

The interpersonal roles and relationships in BDA processes varied between the company categories. 

At Born analyticals, decision makers and the data scientists demonstrated an informal and 

partnership-like interplay, whereas the relationships at Big intelligent firms proved to be much more 

formal and consultant-client focused. 

At Big intelligent firms, both data scientists´ and decision makers´ respective roles were truly 

predefined with clear responsibility boundaries that both parties were aware of. Data scientists were 

(by both) perceived as analytical supporters building decisional legitimacy whereas decision makers 

were known as the ones with formal liability of making the definite decision. By explicitly agreeing 

on objectives, method of procedure, and the decision maker's expectations, the data scientists claim 

they have a greater chance of a successful “delivery”. Their roles resemble as a consultant and its 

client within an internal consultancy process. The participants even referred the BDA-outcomes as 

“recommendations” that have been developed with consideration to “client concerns and needs”, 

indicating that BDA-practices at Big intelligent firms are done in a consulting fashion based on 

expectations. Their relationship foremost created legitimacy that was demonstrated in justified 
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decision support, which sometimes was used in combination with the decision maker´s or other 

stakeholders´ non-data driven opinions, to adjust the “recommendations”.    

 

“We [data scientists] are ambassadors that represent and sell our unit and it’s important that we have some kind of integrity 

when we work cross-functionally and that we deliver results according to the expectations of the internal client. We don’t want to 

throw something at them that they’re completely unaware of. The goal is to create consensus or at least acceptance. Even though 

they [decision makers] in the end might take a slightly other direction.”  

- Data scientist @Big intelligent firm 

 

“They [data scientists] get the greatest impact when they present earlier case examples where they can show us what they have 

achieved. That makes us less skeptical and builds confidence towards them and their analyses when they present their findings.” - 

Decision maker @Big intelligent firm 

 

Due to the decentralized setup at Born analyticals, both decision makers data scientists are intimately 

involved in, and equally driving the BDA-processes. The embeddedness makes the data scientists 

exclusively focused, interested, and committed to their departments specific products or services and 

customers, assuming the data scientists a proactive partner role. Being close to decision makers 

facilitates a flexible, agile, and informal BDA-discussion. Nevertheless, the intimate partnership 

facilitates the creation of new hypotheses by together “creating a story” about the BDA-results. For 

instance, a team added a new button in order to enhance the quantity of clicks for a feature. When 

the data were chosen, the model was built, and the results arrived the analysis showed that the new 

button had increased the click frequency. However, they created a new hypothesis: “maybe the result 

is not valid, could it be that the users just happen to click on the button? Let’s make tests with 

different types of buttons”. 

 

4.3.1 Building trust by unstructured iteration or persuasive step-by-step processes 

Notably, the way the actors´ interaction was conducted differed between the company groups. At 

Born analyticals, the decision making processes were unstructured, loose, and very flexible. In fact, 

the participants expressed that: “a dose of chaos in the decision making is just fine”. Decision 

makers and data scientists are solving business problems in an informal manner involving a great 

degree of iteration, continuous discussions, and changing turns. This was facilitated by intimate 

physical distance between the actors, while increased trust towards datasets, models, and tools as well 

as among the actors in the decisional ecosystem. Their continuous iteration facilitated that the “geeky 

stuff” always reflects the business, but also the other way around, ensuring that data scientists truly 

understood the context. Most frequently the processes were initiated by a specific problem requiring 

action, where the recognition often occurred within the discussions between both parties. Within the 
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processes, the frequent iteration allows the actors to abruptly jump between all the different decision 

making phases (e.g., from analysis back to data collection) when needed. The “chaotic” process 

seemed to make the decision making at Born analyticals time efficient, dynamic, and agile.  

On the other hand, at Big Intelligent firms, the BDA-decision making were structured, rigid, and 

formal with predefined step-by-step-phases. In connection, one of the most notable observations 

from our interviews is the extensive aligning efforts that are made by the data scientists in these 

processes. The purpose is to make the analyses actionable and create trust towards the analyses and 

themselves. A significant amount of persuasion and negotiation is necessary to ensure a successful 

anchoring of the BDA-conclusions. During the processes, a great deal of data scientists´ work 

revolves around this extensive aligning and trust building. 

 

“[Company] has processes for everything! (...) In my work the greatest challenge is to make the data and myself look trustworthy. 

Oh boy, how I'm struggling with this. Thank god that I know how to phrase the messages.”  

- Data scientist @Big intelligent firm 

 

4.4 Distributed vs. concentrated decision power  

How the decision power was distributed differed among the company groups. Data scientists and 

decision makers at Born analyticals, experienced a distributed power allocation, while at Big 

intelligent firms, the decision power was firmly in the hands of the decision maker.  

“We are always keen to make the best decision and since the data is our base for them, it is not so important who makes the final 

one. If my colleague [the data scientist] understands the data or model in a deeper manner than I do, isn't that much better if we 

do what he suggests?” - Decision maker @Born analytical 

 

Since both actors are deeply involved in the BDA-processes, the decision power is not conclusively 

concentrated to the formal decision makers. In contrast, since data scientists have a deep 

understanding about the data, models, and its meanings, they often make the decisions. Since the 

decision makers trust the data, he or she trust the data scientists even more. According to the 

respondents, their distributed decision power approach implies a guarantee that the decisions always 

are based on data and facts as well as that decisions are made sufficiently right in time.  

“We have it implicitly stated, that if we aren't a bit embarrassed by our new features, we've launched too late! Therefore it´s my 

informal responsibility to make a decision and understand when we have done a sufficient amount of analyses.”  

- Data scientist @Born analytical 

 

Nevertheless, due to the data transparency, in facile situations the decision maker often conduct the 

BDA part him or herself and make the decisions (or firstly iterate the results). Hence, at Born 
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analyticals the roles of decision makers and data scientists actually overlap. In complex situations, the 

data scientist are holding the levers, while in less complex cases the decision makers actually are 

responsible for the geeky stuff. Interestingly, both actors have a clear understanding about this 

occurrence and respect the blurry boundaries.  

In contrast, at Big intelligent firms, mandate (still) matters. Their analytical processes takes 

hierarchies and seniority into account, affecting the decisions. Evidence from Big intelligent firms 

suggest that there are significant adjustments made to the BDA-outcomes based on internal politics 

and personal opinions of senior managers. The suggestions from the data scientists constitutes as a 

foundation and legitimacy builder, the last say is always with the management where mandate is of 

importance.  

 

“Each BDA-project always goes through a phase of approval and review by us [decision makers] and depending on what we 

know and what to convey, we make corrections that aren't grounded in the analysis. These corrections are not data driven at all 

actually.” - Decision maker @Big intelligent firm 

 

“The final decisions are made based on senior managers´ opinions. I know that mandate plays a crucial role, but I would hope 

that the material from us [data scientists] influence them to make better decisions at least.”  

- Data scientist @Big intelligent firm 

 

4.5 Mindset: Facts vs. judgement  

Interestingly, even employees´ individual mindset towards technology and data differed between the 

company groups. Employees at Born analyticals were more susceptible to being overruled by data, 

welcome new technology and methods and prone to change accordingly. When decisions should be 

made (after the automated analyses) they trust the data, models, and never let their gut feelings 

influence the directions they will take. Due to their shared consensus of that data and facts should be 

the basis for every decision they intrinsically truly feel confident in being overruled by data. 

Nevertheless, they are determined that the analyses always include sufficiently enough data to make a 

“right” decision. No discrepancy regarding the level of trust in big data analyses exists across 

business units or positions. When there should be an occasion for questioning the data, this seem to 

occur in the whole decisional ecosystem. Notable, already during recruitment processes, a lot of 

emphasis is placed at identifying data drivenness and “right” mindset in potential candidates.  

At Big intelligent firms, the participants emphasized the importance of evidence-based decision 

making in driving successful business. However, decision making actors tend to add human 

approvals and interventions to govern their experienced based authority and personal opinions, 

through requiring collegial justifications of the BDA-results and decisions. Hence, decision makers 
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are not allowing the numbers to speak for themselves, while permitting adjustments to be made. 

Evidence from the interviews indicate that analyses outcomes are also met with inherent criticism 

where the main objective of using BDA was to create legitimate decision support, establishing one 

common truth. Nevertheless, in connection to this skepticism the participants also highlighted the 

importance of humanizing the analyses and data by tracking ownership to whom have collected, 

processed, or analyzed the data.  

“The most important is, that if you do an analysis, always verify the conclusions and never blindly trust the data you get. You 

cannot always draw correct conclusions from it. BDA is the closest we come to truth, but it is not . Therefore we often adjust, a bit 

up or down, based on what we think suits the truth.” - Decision maker @Big intelligent firm 

 

“You have to consider the fact that there are people out there in the organization behind these figures. If you make comparisons 

with prior analyses they have done, you can make critical evaluations of what you think of this specific analysis. Sometimes we 

have an overconfidence in numbers and the behavior of the analyst must therefore be considered and all analyses must thereby be 

traceable and corrected accordingly.” - Decision maker @Big intelligent firm 

 

4.5.1 Relating differently to expertise and intuition  

Particularly interesting regarding the human capabilities is the difference in the way intuition is 

deployed. Big intelligent firms showed a more accepting attitude towards intuition and experienced 

based knowledge whereas Born analyticals exhibited an environment where intuition was less 

encouraged.  

 

When we asked data scientist at Born analyticals if and how intuition impacts his or her work, they 

answered us “Oh yes, I use my intuition in decision making all the time, every day, constantly!”, while we raised 

our eyebrows, he continued “If I know that a certain analytical tools was useful in a similar case, I truly 

intuitively use it for this one as well”. Living on the edge, we thought to ourselves. However, his quote 

illustrates that at Born analyticals, intuition is limited to choices concerning data, models, and 

applications - a kind of experienced based data intuition. This type of intuition was also applicable 

for the decision makers. Business knowledge and judgment are key element that guide choices 

concerning data collection. Notably, this was only applicable in hypotheses formulations. On the 

other hand, at Big intelligent firms, we observed explicit evidence of intuition affecting the decision 

making significantly. Sometimes, the mere nature of the subject imposed non-data driven 

consideration whereas other times the rationality was challenged by the need to create consensus 

enforced by internal politics, personal opinions, and experience. 
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“Sometimes, only 50-60 % of the things you consider are measureable and then the rest is up to intuition and prior knowledge. In 

some of the decisions you can get support from the analysis, but ultimately you’re faced with a range of parameters that´s easier to 

understand if you have some mileage at [Company]. (...) You have an opinion and you find others that reason similar to that and 

then negotiate with the others and try to meet halfway.”  

- Decision maker @Big intelligent firm 

 

4.6 Skills: Appreciating analytical or domain knowledge  

The way different human skills are valued differ between the company groups. People with analytical 

abilities have a more prominent role in the decision making process at Born analyticals while 

individuals with domain specific expertise are most appreciated at Big intelligent firms.  

The importance of having technical skills has been transcended to include the decision makers. Born 

analyticals have intentionally focused their attention to improving data literacy across the whole 

organization. All decision makers (and other employees) are expected to understand the basics of 

data management, statistics, and machine learning. By advocating this skill they aim to evoke the 

initiation of analyses, accelerate processes and facilitate implementation. The distribution of analytical 

skills is especially important since the technical competence is scarce. Exactly all respondents explain 

that the struggle with finding enough analytical talent is their biggest challenge. Since one of the most 

crucial constraint on BDA decision making data scientists´ human productivity, Born analyticals have 

therefore developed analytical tools that enable the data scientist to devote their time on more value 

adding activities.  

 

“By constantly working on improving our employees´ data literacy, the decision making will be facilitated since the suspiciousness 

in data will decrease. And since our data turnaround is over 100 terabytes of data per day, there's no time to be suspicious. But 

with strong data literacy across our whole organization, we will know when to oppose and accept”  

- Data Scientist @Born Analytical   

 

In contrast we find evidence for a more domain-oriented environment benefitting individuals with 

domain knowledge rather than with analytical insights at Big intelligent firms. Business judgment 

plays a central role and the numbers are combined with considerations spanning beyond the analysis. 

These business acumen considerations enables the actors to question the implications of the analyses 

to a greater extent. 

 

“Most importantly, if you do an analysis, always verify your conclusions and never blindly trust the data you get. You cannot 

draw correct conclusions from just looking at the analyses. You improve the analysis through product experience”  

- Decision maker @Big intelligent firm  
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The BDA practice requires more advanced skillsets, which make it hard for companies to gather all 

the required skills in one single employee. Thereof the have found themselves creating teams with a 

pool of skills. The effect of this team-based approach between employees is an increased interaction 

between actors with different competencies.  

 

“Ideally the data scientist is someone with a competence like the one of an actuary in an insurance company - someone that knows 

how to: get the data, statistically work with the data and understand what drives the business. It’s hard to find all that in one 

person so we work in teams where people are experts in each area.”  

- Data Scientist @Big intelligent firm 

 

Respondents from both categories pointed to the importance of social skills in the process in order 

for the analysis to turn into action, but in slightly varying ways. At Born analyticals the reason behind 

the desire of communicatively strong people is to allow for the highly iterative process stemming 

from the close collaboration between the actors. The significance of communication in Big intelligent 

firms lies instead in the anchoring activities to facilitate the interpretation of data and its insights, 

within the formal relationship between the actors.  

 

“The technical part, data and analysis is very important, but in order to create action and trust towards the data, you need a 

whole decisional ecosystem with strong communication skills and the ability to recommend actions based on the data - like: so 

what? So what does this output mean for our business?” - Decision maker @Born analytical firm 
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4.7 Summary of empirical lessons 

There is no doubt that both academia and practitioners have a lot to learn from Born analyticals and 

Big intelligent firms concerning their approaches to today’s advanced decision making. We have 

observed several capabilities influencing organizations’ BDA-deployment that has been considered in 

prior research and additionally highlighted new findings that have seem to have distinguished role, 

data transparency in particular. The table below summarize our empirical findings, illustrating how 

Big intelligent firms and Born analytical used BDA differently in their decision making.  

 

 

Table 4. Summary of results from empirical study 
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5. The non-technical enabling principles of BDA-decisions 

While the subject literature have been overly focused on technologies enabling BDA (Davenport & 

Patil, 2012; Simon, 2013:218-219), we conclude that social, non-technical elements are probably 

likewise as important (in line with Ross, 1996; Mata et. al., 1995; Wade & Nevo, 2010). In accordance 

to literature perceiving IT (including BDA technology) as a commodity (Carr, 2003; Wade & Nevo, 

2010) we recognized that, besides organizations´ social capabilities, their contextual environment and 

history, also influence how companies deploy BDA in decision making. Our empirical evidence 

indicates that companies successfully can build BDA capabilities but in varying ways, deploying 

different organizational capabilities. However, Born analyticals are seemingly better suited to fully 

develop BDA capabilities in accordance with the 4V requirements (Schroeck et. al., 2012). 

The following discussion is aimed at expanding our understanding in how organizational capabilities 

affect BDA decision making in different ways. This understanding is developed by elaborating 

around how capabilities relates to different stages of the decision making process (visualized in 

Figure 4), how they relate to each other and creates different environments (visualized in Figure 5) 

and how they may be related to underlying path-dependencies.  

 

5.1 Four imperative conditions - taking each process step forward  

Even though the capabilities permeate a decision making process as a whole we have identified 

different capabilities to be more significant in different stages of the process. In essence, we begin to 

elaborate on how each step of the process is enabled by a socially grounded condition that in turn is 

constituted by organizational capabilities. Mapping the capabilities in relation to the decision making 

process helps us comprehend how the different capabilities contribute to the enablement of a more 

or less evidence based BDA process. The following passages explains each enabling condition and its 

underlying capabilities. As our empirical findings suggests, the company groups deployed different 

capabilities that enabled data driven BDA-procedurals, however, Big intelligent firms were 

constrained by a insufficient mindset towards data in the decision moment.   
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Figure 4. The procedural relation between social capabilities - empirically referring to Born analyticals and Big intelligent firms. 

 

5.1.1 Condition #1: Getting in the habit of asking for data  

In sharp contrast to prior ideas about the boundless exploratory nature of big data (Chen et. al., 

2012) we have become clearly aware that firms exclusively deploy hypothesis driven problem 

recognitions instead. This does not only imply that the exploratory power of big data should be 

questioned and turned down but also that the initial stage (problem recognition, see section 2.2.1) in 

our conceptual process model still holds true. However, there are other factors that can result in a 

neglected evidence-based problem recognition, meaning data will never get requested. The 

organizational setting need to advocate data-driven approaches to decision making and encourage 

the use of data to find answers. This encouragement or enforcement can either be generated by 

either by a cultural encouragement or a managerial enforcement (see Figure 4). Respondents in both 

categories articulated the necessity of a profound supportive setting but differed in the origin of the 

support. Either this support was created from a collective cultural backdrop where it is expected of 

everyone to promote autonomously initiated data gathering processes (in line with Simon, 2013; 

Davenport, 2014; Davenport & Patil, 2012) or managerial support was believed to be crucial in 

encouraging data driven decisions throughout the organization (consistent with Barton & Court, 

2012; Kościelniak & Puto, 2015). 
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5.1.2 Condition #2: Make data accessible  

The next step of the decision making process involves data gathering and analysis (see 2.2.1). 

Imperative for this step is the accessibility of data. Data is the fuel to the analysis and sourcing the 

right type of data is crucial to its utility. The way the company groups organized their analytical 

abilities to leverage their BDA abilities differed considerably. Either all capabilities were concentrated 

to a center of excellence function where data were locally pulled from discrete data sources (as 

proposed by Burton et. al. 2006; Varon 2012) or a more embedded approach was deployed where 

data scientists were placed closer to the product (in accordance with Chen et. al., 2012; Davenport, 

2014) in an environment where data was freely accessible in a centralized manner. These distinctive 

ways of either centralized or decentralized analytical competence, and deploying a more or less transparent 

approach to data proved to enable the access to data in various ways (see Figure 4). It may 

consequently also be argued that the structure in which data scientists are organized may also affect 

the initiation phase of an evidence-based approach. By placing the analysis function closer to where 

the decisions are made (business units) the company most likely enhances the chances of self-

initiated BDA decisions to occur. Especially in the case of a large company with an intricate and 

hierarchical structure where cross sectional collaborations does not happen as spontaneously. 

 

5.1.3 Condition #3: Establish trustful relationships   

Moving along the process, the next enabling condition can be found between the analysis phase and 

the point of decision. The introduction of the data scientist in the decision process (see section 2.2.1) 

has led to transactional requirements in relation to data insights. The decoupling of data, meaning 

that the data scientist handles the data, requires an acceptance by the decision maker to adopt the 

analytical results he or she is presented with. All relationships involved some kind of iterative 

activities between the actors to build a required understanding and allow for correct interpretations, 

however, on one hand we observed collaborative relations with strong interpersonal bonds and 

dispersed decision power (e.g. Bharadwaj, 2000; Debortoli, Müller & vom Brocke, 2014). On the 

other, we discovered disconnected interpersonal settings characterized by advisory-like relationships, 

explained by McAfee & Brynjolfsson (2012), where mandate was clearly defined. It can thereby be 

argued that each setting required extensive iterative activities to create confidence in the analysis 

derived from either a collaborative or a consultative relationship (see Figure 4).  

 

5.1.4 Condition #4: Allow to be overruled by data 

Lastly, the individual acceptance of data constitutes the final condition to become fully evidence-

based. The decision moment is determined by either an intrinsic data driven mindset or an intuitive 
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mindset (see Figure 4). From the seminal behavioral research on decision making (e.g. Simon, 1947; 

Kahneman, Slovic & Tversky, 1982; Pfeffer & Sutton, 2006) we know that people may fall back on 

mental shortcuts and overlook the data. Big intelligent firms showed evident signs of being restricted 

by intuitive reasoning connected to BDA in line with Simon´s (2013:77, 102, 162) thoughts. 

Moreover, researchers have earlier emphasized the restricting influence of human social identity in 

relation to technologies at large (Mindell, 2015:24, 49) and BDA in particular (Simon, 2013:193-194). 

We saw signs that authority, judgement, and experience are challenged by the technological 

contribution to decision making where Big intelligent firms retreated to intuition in these complex 

analyses situations (see Hogarth & Soyer, 2015; ibid). On the other hand, the data driven mindset 

seemed to be highly developed in Born analyticals. The more data driven mindset enabled the 

individual to be overruled by data in decision making, act accordingly (Abu-Mustafa, 2012; Cukier & 

Mayer- Schoenberger, 2013a; Hand, 2007; Davenport, 2014) and appreciate analytical knowledge.  

This was contradictive to Big intelligent firms where domain knowledge were more emphasized 

when making decisions. Although, domain specific knowledge has been noticed as an enabling factor 

for broader organizational considerations (McAfee & Brynjolfsson, 2012) and important to 

overcome big data´s inherited characteristics of veracity, resulting in potential misleading data points 

(see e.g., Shroeck et. al., 2012; Zikopoulos et. al., 2013). Thereof, Big intelligent firms´ 

complementation of business judgment might be considered as a mature critical approach towards 

BDA, whereas Born analyticals “overconfidence” in data could be perceived as naïve. On the other 

hand, are the Big intelligent firms not sufficiently technologically strong and thus forced to reach 

consensus by complementing with their senior experienced based intuition? In the same vein, is the 

overconfidence found at Born analyticals, actually reasonable since they technologically are able to 

include “enough” data power - or are they lacking “seniority” due to their young age?  

 

5.2 The interplay of capabilities - explaining the mutations of HiPPOs  

We will continue to elaborate on how the interplay of capabilities might facilitate the establishment 

of different BDA-environments. To do this we present a framework that emphasizes the capabilities 

that seem to have the greatest influence as well as how they relate to each other.  

It seems that the organizational (e.g., culture and structure) and relational capabilities (e.g., roles and 

decision power), indeed influence firms´ usage of BDA in their decision making. However, arguing 

that both Born analytics and Big intelligent firms are capable of arriving to a BDA-based decision 

moment, from which Born analyticals departure very data driven, while Big intelligent firms 

occasionally tend not to, that the influence of human mindset is a distinguishable determinant 
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whether or not the final decision is evidence-based (Simon, 2013:193-194; compare Mindell, 2015:24, 

49, 65; Davenport & Patil, 2012; Hogarth & Soyer, 2015). Our study indicates that, although firms 

have invested a great deal of capital in BDA technology, hierarchies and personal opinions in some 

environments still seem to matter to a great extent (McAfee & Brynjolfsson 2012; Hogarth & Soyer, 

2015). While in other settings, power of data seems to rule.  

In Figure 5 below, we explain the interplay of capabilities by emphasizing that different compositions 

of capabilities establish different settings. In BDA-environments where human mindsets flourish by 

data acceptance and appreciation of data/analytical skills over domain and experience based 

expertise, decision power appears to be allocated towards what we have coined as the “highest-

informed-people's-opinion” (“HiIPOs”), diluting the formal decision makers influence (compare Ross 

et. al., 1996; Te'eni & Ginzberg, 1991). Thereby, our study indicates that in some contexts, HIPPOs 

(“highest-paid-person’s-opinion”, see e.g., McAfee & Brynjolfsson, 2012) which have constituted the 

fundamentals of corporate decision making for decades, will be augmented by data literacy. In 

contexts where the the majority of a firm's employees possess this data acceptance mindset, 

organizations are not obliged to neither enforce their data driven culture through strategic and 

formal efforts, nor establish advisory-like-processes to move forward in the BDA decision making 

processes. In contrast, informal and subtle cultural enhancements as well as partnership-like 

relationships between data scientists and decision makers are evolved. This setting seems to 

constitute a more likely environment for the HiPPOs (ibid) to mutate into so-called HiIPOs. Prior 

studies have highlighted data scientists´ potential greater influence (Debortoli, Müller & vom Brocke, 

2014;  Simon, 2013:16-19; Davenport & Patil, 2012). However, our study suggests that data scientists 

automatically does not observe greater decision power, instead it is dependent in which setting of 

non-technical capabilities they act within.  

Our study even showed that Born analyticals proactively built a data acceptance environment with 

aligned recruiting efforts. At these firms, the HiPPO´s evolution can be explained by decision 

makers´ and data scientists´ mutual understanding and trust for their overlapping roles, distributed 

decision power, and data (Ross et. al., 1996; Mata et. al., 1995; Bharadwaj, 2000). Overall, the 

composition of capabilities at Born analyticals appears to more comprehensively accommodate the 

4V:s requirements (see e.g. Cukier & Mayer-Schönberger, 2013; Hand, 2007; Schroeck et. al., 2012) 

compared to Big intelligent firms, and thereby achieving data driven BDA-decisions to a greater 

extent. The other way around it can be argued that an organizational context in which domain skills, 

experience, and mandate are preferred (at the expense of a data acceptance mindset) is a friendly 

environment for HiPPOs to flourish within, allowing for more intuitively powered decision making. 
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However, a legitimate explanation why intuition and rich experience are included - or maybe even 

required - in BDA decision making might be traced to companies´ history and context. 

 

 

Figure 5. The composition of capabilities influences the decision making power environment  

 

5.3 Path-dependencies explaining differences: Agile is too slow 

The conventional explanation to the development of social capabilities from a historical standpoint is 

referred to path-dependency (see e.g., Tecce et. al. in Dosi et. al., 2000:346-347, Sydow et. al., 2009). 

Lastly, we expand the discussion and take one step back by elaborating on possible contextual and 

historical preconditions determining companies’ capabilities and in turn influencing the development 

of above-mentioned conditions. 

Although having outgrown the size of a typical startup firm, Born analyticals may still be believed to 

have traces of startup characteristics. It can be reasonable that data transparency and meritocratic 

power structures, favoring informal data sharing and collaboration could be associated with young 

online firms, in order to meet the requirements of the vast, fast-paced, and various data they were 

founded together with (Laney, 2001). While growing, young firms can be seen to have installed data 

libraries and transparently made decision sequences accessible, in order to align directions and 

efforts. Moreover, data transparency is considered a guiding principle and reinforces a collective 

approach in solving problems in an evidence-based manner. Therefore, no structured processes with 

predefined roles are needed and the decision making power is distributed between actors in the 
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processes. A possible explanation to the agile environment displayed at Born analyticals may lie in 

the relative closeness to its entrepreneurial roots. Big intelligent firms may on the other part be 

lagging behind in delivering equally fact-based BDA decisions owing to the inherent complexities 

found in large well-established firms. Data opacity is the result of internal agendas and power 

struggles derived from hierarchical structures from the past. Predefined roles and structural 

procedures are set in place to bridge these differing agendas and complexities. In situations when 

interventions to protect collegial interests and internal agendas occurs, BDA-outcomes may even be 

exploited to legitimize their non-data driven opinions as “after all, we have based our decision on this 

powerful big data analysis”. Thereby decision makers, while perceiving themselves as making 

analytical decisions, seem to be able to legitimate their adjustment creating a hypocritical kind of data 

driven decision. The structural approach to BDA in traditional firms may therefore be explained by 

the organizational inertia or internal politics usually found in large old firms.  

Another possible contextual explanation to the path-dependency rationale may lie in the product 

offering characteristics and its origins. The observed Born analyticals evolved as a result of the digital 

possibilities and have built their business models on capturing and realizing data to deliver online 

content. The access to data and the imperative role in business success may mean a more permissive 

and imposing relation to data and analytics than in the case of Big intelligent firms. A traditional firm 

may, in comparison, be subjected to its more complex product offerings that entail both digital and 

conventional elements that do not provide the same profound preconditions for data collection and 

analysis. Both the Big intelligent firms in this study are in the ICT sector which arguably have greater 

possibilities in producing operational data compared to other less analytically developed industries 

(Davenport, 2014; Provost & Fawcett, 2013). Nevertheless, companies with conventional offerings 

have been managed with data before but rather in a less complex fashion. Business intelligence 

technologies and practices have been guiding decision makers long back (Te'eni & Ginzberg, 1991) 

but from the evidence in the study these pre-existing data infrastructures seem to be a restricting 

force in developing BDA capabilities. Large well-established companies have existing ecosystems of 

analytics and data to consider whereas online start-up firms operate from a clean slate regarding big 

data and the integration of analytics tools and data scientist does not imply the same level of 

adaption (compare Davenport, 2014).  

Clearly defined roles and relationships are challenged by the new requirements (of the 4Vs) imposed 

on Big Intelligent firms. Whereas Born analyticals do not have to conform their BDA infrastructure 

to pre-existing IT infrastructure simply because they never had to manage small volumes of 

structured data. The analytical limits associated with business intelligence systems have had 

implications on the decision practices. Its backward looking characteristics may mirror the difficulty 
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in collecting data from conventional product offerings whereas digital products benefits the fast-

paced nature of BDA analyses. Both prior literature (Cukier & Mayer-Schönberger, 2013b) and 

respondents in Born analyticals have stressed the importance of fast and timely analyses stating that 

“agile is too slow”. It can therefore be argued that product feature path-dependency would have an 

impact on the organizational preconditions in building effective BDA capabilities.  

 

6. Conclusions 

While the subject literature have been overly focused on technologies enabling BDA we, in line with 

traditional IT management literature, conclude that social, non-technical elements play a crucial role 

in building BDA abilities. Interestingly, social capabilities seem to differ between companies but are 

able to form the same enabling conditions for BDA decision making. Four enabling conditions (see 

section 5.1) have been identified, which can be achieved by seemingly contrasting capabilities. 

Further, we have recognized that organizations’ contextual environment and history, influence how 

companies develop their capabilities as well as deploy BDA in decision making. This implies that 

path-dependencies are significant in understanding how social factors influence IT resources, and 

BDA in particular. Our study indicates thereby that companies successfully can build BDA 

capabilities - but in varying ways, deploying different organizational capabilities. Some capabilities 

have proven to be more important than others. Possessing a data driven mindset, constituting of an 

acceptance of being overruled by data, was found to be a determining factor,, which Born analyticals 

appear to have deployed more sufficiently. Human mindset seems to impact organizations´ 

combinations of capabilities and in turn facilitate the establishment of different BDA-environments 

where e.g. decision power, data transparency, culture enhancements behave accordingly - indicating 

that the non-technical side of big data analytics, turns out to be a human one. 

 

6.1 Further research  

What we found most surprising, was that in some BDA-environments (1) decision making power 

actually was distributed between decision makers and data scientists, (2) data and decision 

transparency allowed for enhancing a data driven culture, and (3) that even though companies have 

invested extensive capital in BDA technologies, hierarchies and personal opinions still seems to 

matter to a great extent. Therefore we hope that further studies about BDA and decision making will 

make use of these subtle findings to conduct more specific studies regarding these three aspects. 

In a more general sense an interesting issue in going forward in this research field includes the 

question to what extent that Big intelligent firms are able to adapting fully to the new big data 

technologies. This study has shown that BDA technology is deployed in different ways based on 



46 

 

different organizational capabilities, but more specifically we need to determine whether the current 

modus operandi at Big intelligent firms are compatible with the new requirements of big data 

technologies in order to leverage the possibilities from the ever evolving creation of data? Having 

conducted the study from a situational practice method approach we appreciate that this question 

cannot be considered from a fully holistic organizational viewpoint. To address this question and 

evaluate the full organizational impact beyond the immediate relation between decision makers and 

data scientists we propose that other studies set out to include impacts on other parts of the 

organization as well. Further, this study is limited to the ICT and Media, Entertainment and 

Information sector with their particular path-dependencies. As the BDA-technology disseminates to 

other sectors it will be useful to investigate how “late-coming” companies adopt this technology 

accordingly. In following these theoretical leads we will get closer to a comprehensive understanding 

of this emerging technology and its impact on corporate decision making. 
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A theoretical compilation of six process frameworks from decision making and big data/advanced 

analytics research. 

 

 

 

 

 

 

 

 

 

 

 


