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Abstract

Big data analytics (BDA) gained importance in scholarly and practitioner literature
alike. There is some disagreement, however, whether BDA is merely an evolution of es-
tablished phenomena, most particularly business intelligence, or whether BDA represents
a novel technology-driven innovation with potentially disruptive market impacts. Using
the technology-organization-environment theory as our lens of analysis, we take a criti-
cal stance and conduct a systematic literature review to offer guidance for future re-
search by pinpointing pivotal concepts and providing conceptually and empirically vali-
dated propositions as well as research avenues for IS research on BDA adoption. While
the research avenues are intended to trigger future research, the developed propositions
shall provide guidance to research endeavors that empirically analyze the adoption of
BDA in organizational settings. By discussing open research issues and providing poten-
tially fruitful theoretical perspectives for enriching our knowledge in this domain, this
shall ultimately contribute to advancing BDA research.

Keywords: big data analytics, systematic literature review, adoption, technology-organi-
zation-environment theory

Introduction

Today’s organizations face an exponential growth of data from diverse sources, including user-generated
content, mobile transactions, social media, sensor networks, or business transactions (Constantiou and
Kallinikos 2015). This phenomenon of global data proliferation exhibits the potential for organizations to
seize the greater volume of data, which is generated in a more accessible and fluid manner, in order to learn
from analytic insights about a diverse set of phenomena (Antonacopoulou and Sheaffer 2014). The ability
to handle environmental complexity, which ranges from routine events to “events that are variously unex-
pected, surprising, unorthodox, and rare” (Colville et al. 2013, p. 1202), posits at least a competitive ad-
vantage, at most a strategic necessity to organizations. Thus, during the last years, the term big data ana-
lytics (BDA) gained importance in both scholarly (e.g., Baesens et al. 2016; Chen et al. 2012; Dremel et al.
2020; Goes 2014; Lehrer et al. 2018) and practitioner literature (Bughin et al. 2017; Henke et al. 2016).
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BDA promises to gain insights from the ubiquitous data sources. These can be leveraged to e.g. sense a
customer’s desires (Wamba et al. 2015), deliver tailored services (Rust and Huang 2014), improve firm
performance through data-driven decision-making (Brynjolfsson et al. 2011), or react to hidden infor-
mation appropriately. We argue that BDA extends the scope of data exploitation and data analysis and thus
can be regarded “an evolution of previous concepts and terminology, such as ‘decision support’, ‘online
analytical processing’, and ‘business intelligence’” (Loebbecke and Picot 2015, p. 150; Lycett 2013) requiring
to implement novel data technologies and data management methods (Jacobs 2009). Other authors who
consider BDA a disruptive innovation rather than an evolution argue that BDA holds transformational op-
portunities that move far beyond today’s organizational application of business intelligence and analytics
(Davenport 2014; Kimble and Milolidakis 2015). Agarwal and Dhar (2014, p. 443) go as far as to consider
BDA as “possibly the most significant “tech” disruption in business and academic ecosystems since the me-
teoric rise of the Internet and the digital economy”. In that, implementing BDA requires a fundamental
transformation of organizational capabilities as it entails a shift in traditional paradigms for data exploita-
tion, usage, and analysis (Woerner and Wixom 2015), but builds on previous concepts and technologies.

In this paper, we view this transformation guided by the lens of the technology-organization-environment
(TOE) theory according to which the adoption of a technology innovation is largely determined by an or-
ganization’s technological, organizational, and environmental preconditions (i.e., the role of context of the
technology innovation) (Depietro et al. 1990). Given that BDA can be regarded as a socio-technical system
innovation (Boyd and Crawford 2012), the TOE theory potentially contributes to an understanding of the
role of context for BDA adoption in organizations. Academic research in the last years has already accumu-
lated a considerable knowledge base that provides valuable insights for such an analysis, regarding techno-
logical (Chen and Zhang 2014; Gandomi and Haider 2015; Hashem et al. 2015), organizational (e.g., Tallon,
2013), and societal (e.g., Loebbecke and Picot 2015) as well as ethical (Boyd and Crawford 2012) aspects of
BDA. Several authors have addressed the need to consolidate big data research and developed frameworks
to guide further research in areas such as advanced analytics technologies (Sagiroglu and Sinanc 2013), big
data ethics (Richards and King 2014), and types of value creation (Wamba et al. 2015). There remains a
gap, however, concerning establishing an integrated framework to conceptualize the role of context in BDA
adoption and assimilation (Wamba et al. 2015). Our research, therefore, follows the goal to structure the
available knowledge base regarding the pivotal concepts for BDA adoption and to develop a framework
providing the basis for further development of theory (Pare et al. 2015; Rowe 2014). In particular, we take
a critical stance and conduct a systematic literature review to offer guidance for future research by pinpoint-
ing pivotal concepts and providing conceptually and empirically validated propositions as well as research
avenues for IS research on BDA adoption (Pare et al. 2015).

This paper is structured as follows. Below, we introduce the TOE theory as our guiding theoretical lens of
analysis and clarify its applicability for studying BDA before we explain our research approach. Subse-
quently, we present pivotal concepts and the resulting propositions for BDA adoption. We conclude by dis-
cussing future research directions, limitations, and contributions.

Background
The Technology Organization Environment Perspective on Technology Innovation

From a system theory perspective, a technology innovation is characterized by three distinctive attributes
(Luhmann 2015, pp. 112—119; Roth 2009). In an object dimension, the technology innovation represents a
technology artifact with novel features. In a temporal dimension, the technology innovation is associated
with a process of transformation, diffusion, and change. The social dimension characterizes a technology
innovation through social exclusivity, i.e. the ability to create competitive advantages. The TOE framework
explains the role of context in the organizational adoption of technology innovations and directly relates to
these three dimensions of innovation (Depietro et al. 1990). It consists of three elements (see Figure 1). The
technological context influences the novelty of a technology artifact. The organizational context influences
the process of transformation. The external environment context determines the social exclusivity of an
innovation. Depietro et al. (1990) argue that these three contexts largely determine the degree to which a
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technology innovation evolves within an organization. As a generic theory of technology diffusion, the TOE
framework has been widely used to investigate factors that affect the adoption and assimilation of technol-
ogy innovations such as electronic data interchange (EDI) (Kuan and Chau 2001), RFID (Lee and Shim
2007), or BDA (Bremser 2018; Chen et al. 2015).

Technology Organization Environment
Technology Readiness Individual Characteristics Competitive Pressure
Technology Integration Internal and External Industry Pressure

Organizational Characteristics Market Uncertainty

A 3 A

Technology Innovation

Transformation
Object Uniqueness
Social Exclusivity

Figure 1. Technology Innovation and Theory of Context

The technological context covers internal and external technologies that are associated with the focal tech-
nology innovation (Depietro et al. 1990). Two technological factors received considerable research atten-
tion: technology readiness and technology integration (Zhu et al. 2006). Technology readiness is charac-
terized by the design of the underlying information infrastructure, which is an enabler of the analyzed tech-
nological innovation, and by the knowledge and skills of IT human resources (Zhu and Kraemer 2005).
Technology integration represents the inter-connectivity of internal back-office information systems and
databases with information systems and databases of suppliers (Zhu et al. 2006; Zhu and Kraemer 2005).
The organizational context refers to several types of firm characteristics and resources, which Rogers (
1983), for example, groups into individual characteristics (such as attitude to change), internal organiza-
tional characteristics (such as centralization, complexity, formalization, interconnectedness, organiza-
tional slack, and size) and external organizational characteristics (such as system openness). The environ-
mental context describes the external conditions a firm is exposed to, such as industry, competitors, acces-
sibility of external resources, and regulation (Depietro et al. 1990). The environmental factors, which are
studied the most by researchers of technology innovation, include competitive pressure, industry pressure,
and market uncertainty (Kuan and Chau 2001; Lee and Shim 2007).

Big Data Analytics as a Technology Innovation

To ensure the applicability of the TOE perspective we compared several definitions for BDA based on our
review sample (see Table 1). A comparison of definitions (13 in total) of the term BDA shows that many
authors consider BDA as a technology innovation and reference artifact novelty, the process of transfor-
mation, and social exclusivity. Concerning artifact novelty, all authors elaborate on the characteristics of
emerging data in terms of volume, velocity, variety, and veracity (e.g., Mikalef et al. 2017; Tan et al. 2015).

“[A] cultural, technological, and scholarly phenomenon that rests on the interplay of: (1) Technology: maximizing computation
power and algorithmic accuracy to gather, analyze, link, and compare large data sets [AN][T]. (2) Analysis: drawing on large
data sets to identify patterns in order to make economic, social, technical, and legal claims [SE][E]. (3) Mythology: the widespread
belief that large data sets offer a higher form of intelligence and knowledge that can generate insights that were previously impos-
sible, with the aura of truth, objectivity, and accuracy [PT][O].” (Boyd and Crawford 2012, p. 663)

"[...] these attributes [volume, diversity, speed] are meant to give rise to large, diffuse and shifting data structures that challenge
traditional techniques (e.g., database and server technologies) [AN1[T] and practices (e.g., statistics, accounting, professional
classtfications) [PT1[O] with which large data volumes have hitherto been dealt. A heated and often cross disciplinary debate has
emerged over the last few years on the opportunities and challenges these developments posit for organizations, communities and
individuals [SE][E].” (Constantiou and Kallinikos 2015, p. 44)

“We include the concept of big data analytics serving as a means to analyze and interpret any kind of digital information. Technical
and analytical advancements in big data analytics, which — in large part — determine the functional scope of today’s digital prod-
ucts and services, are crucial for the development of sophisticated artificial intelligence, cognitive computing capabilities and busi-
ness intelligence [AN][T]. [...] In the era of accelerating digitization and advanced big data analytics, harnessing quality data for
designing and delivering state-of-the-art services will enable innovative business models [SE][O] and management approaches
[PTI[E][...].” (Loebbecke and Picot 2015, p. 150)

[AN], [PT], and [SE] mark explicit or implicit references to artifact novelty [AN], a process of transformation [PT], and social
exclusivity [SE]. [T], [O], and [E] mark references to the technological [T], organizational [O], and environmental context [E].

Table 1. Excerpt of Three Selected Definitions of Big Data Analytics
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Because big data requires “advanced and unique data storage, management, analysis, and visualization
technologies” (Chen et al. 2012, p. 1166), it is not the characteristics of data, but rather the features of data
processing technologies, which characterize artifact novelty. Most authors highlight the requirement for
novel technologies for data management. Constantiou and Kallinikos (2015, p. 44) argue that big data “chal-
lenge traditional techniques (e.g., database and server technologies) [...] with which large data volumes
have hitherto been dealt”. Most authors further reference the analytical systems that are used to identify
patterns and generate models from big data. Boyd and Crawford (2012) for example argue that the techno-
logical means of BDA enable a company to improve “algorithmic accuracy to gather, analyze, link, and com-
pare large data sets” (p. 663). In summary, BDA requires novelty of all technology artifacts that are em-
ployed for big data processing in order “to analyze and interpret any kind of digital information” (Loebbecke
and Picot 2015, p. 150). Concerning the process of transformation, most authors acknowledge that organi-
zational changes are required to manage and take advantage of big data (Davenport 2014, p. 2), for example,
organizational processes and capabilities for data analytics and insights generation (Chen et al. 2012; Con-
stantiou and Kallinikos 2015; Mikalef et al. 2017). BDA implies a shift towards data-driven management
(Loebbecke and Picot 2015) requiring the implementation of an organization-wide “belief that large data
sets offer a higher form of intelligence and knowledge that can generate insights that were previously im-
possible, with the aura of truth, objectivity, and accuracy” (Boyd and Crawford 2012, p. 663). In summary,
BDA implies a process of transformation that covers organizational capabilities and processes, decision
making, and culture. Regarding social exclusivity, most of the authors emphasize the characteristic of BDA
to create business value for its applicant. Davenport (2014), for example, states that the biggest challenge
concerning the organizational adoption of BDA is not to consider the analysis of big data as an end itself
but as means to an end and “to convert it into insights, innovations, and business value” (Davenport 2014,
p- 2). BDA creates new opportunities for companies, e.g. by enabling novel business models or value prop-
ositions (Boyd and Crawford 2012). Loebbecke and Picot (2015) characterize the social exclusivity of BDA
as follows: “In the era of [...] digitization and advanced BDA, harnessing quality data for designing and
delivering state-of-the-art services will enable innovative business models” (p. 150). Summarizing the as-
pects from above, we define BDA as a technology innovation of organizations that encompasses the usage
of novel technologies to process data (which is characterized by unprecedented levels of volume, velocity,
variety, and veracity), the transformation of organizational capabilities (amongst others related to the
design of data analysis processes), and undertaken for the generation of competitive advantage. Further,
we refer to BDA adoption as the process of using and realizing BDA at an individual or organizational level
and transforming the organization accordingly (i.e., a matter of degree) (Rogers 1983).

While our discussion of BDA definitions suggests to broadly incorporate elements of technology, organiza-
tion, and environment into a study of BDA adoption, studies in the current body of knowledge focus on the
technological, contextual aspect (e.g., Salleh et al. 2015). Despite some exceptions (e.g., Chen et al. 2015;
Dremel, Herterich, et al. 2020; Lehrer et al. 2018), IS research is in its infancy to understanding how the
promising value of BDA can be realized, and accordingly how the adoption of BDA and its technologies is
affected by TOE (pre-)conditions (Giinther et al. 2017; Mikalef et al. 2017; Wiener et al. 2020). To address
this research gap, we conduct a systematic literature review and develop a framework structuring and crit-
ically synthesizing pivotal concepts of BDA adoption (Pare et al. 2015). Further, we propose several testable
propositions as well as research avenues to guide future research. Thereby, we specifically consider the
continuous nature of BDA adoption and thus position the propositions as a matter of degree, not of kind.

Research Method

The aim of this systematic literature review is to establish a clear understanding of contextual factors that
influence BDA adoption in organizations. This review focuses on articles in IS literature that analyze con-
textual factors of BDA and has the goal to understand the “phenomenon as a whole, its meaning and its
relationships” (Rowe 2014, p. 243). Based on a structured discussion of current research, we generate a set
of propositions, identify research avenues, and provide future research questions. Following the guidelines
for conducting literature analyses by (vom Brocke et al. 2015; Rowe 2014; Webster and Watson 2002), this
review covers relevant articles published in high impact, peer-reviewed IS journals or conferences without
claiming exhaustiveness. The search scope of the systematic literature review is defined along the dimen-
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sions of process, source, coverage, and applied techniques (vom Brocke et al. 2015). We adopted a sequen-
tial search process and restricted the source-scope of our analysis by searching amongst the Association for
Information Systems (AIS) basket of eight top IS journals and two leading IS conferences (ICIS and ECIS)
and used the scientific databases EBSCO, ProQuest and the AIS Electronic Library. We intended to reach a
representative coverage of papers. Thus, we deliberately chose the broad search term ‘big data’ for our key-
word search (technique), because not all authors use the term BDA to refer to essential aspects of generating
insights from big data. As the search term is chosen to be broad and our analysis of our sample resulted in
recurrent themes, we did not encounter the need to perform forward and backward search. Yet, we engaged
with the extant body of knowledge to discuss future research avenues. Due to the relative novelty of the
phenomenon BDA, we limited our search to articles that were published in the past fourteen years, i.e.
between 2005 and 2019. Further, we restricted the search to keywords, title and abstract to limit the search
to articles with big data as a focal subject of analysis. We excluded articles that mentioned big data and BDA
only marginally or merely use big data as a motivational background or as a data source for data-driven use
cases without explaining or relating to this concept. This process led to 66 articles that are listed in Table 2.

Outlet R(?levant/ References
Hits

. (Bhimani 2015; Constantiou and Kallinikos 2015; Kallinikos and Con-
Journal of Information Technology | 6/16 stantiou 2015; Markus 2015; Woerner and Wixom 2015; Yoo 2015)
Management Information Systems /12 (Baesens et al. 2016; Chen et al. 2012; Goes 2014; Rai 2016; Saboo et al.
Quarterly 5 2016)
Information Systems Research 2/5 (Agarwal and Dhar 2014; Gregory and Muntermann 2014)
Journal of Strategic Information /6 (Ghasemaghaei et al. 2018; W. A. Giinther et al. 2017; Jones 2019;
Systems 5 Loebbecke and Picot 2015; Whittington 2014)
European Journal of Information 3/4 (Chiasson et al. 2018; Lycett 2013; Miiller et al. 2016)
Systems
Journal of Management Infor- /6 (Chen et al. 2015; Grover et al. 2018; Kitchens et al. 2018; Lehrer et al.
mation Systems 5 2018; Miiller et al. 2018)
Information Systems Journal 2/3 (Boldosova 2019; Clarke 2016)
Journal of the Association for In- 1/a (Abbasi et al. 2016)

formation Systems

(van der Aalst 2013; Alfano et al. 2015; Bremser 2018; van den Broek
and van Veenstra 2015; Cao and Duan 2014; Charoenpanich and Aalto-
nen 2015; Doppner et al. 2015; Duan and Cao 2015; Egger et al. 2015;
ECIS 2005-2019 20/57 Golzer et al. 2015; Heinrich and Hristova 2014; Jensen et al. 2019; Mar-
ton et al. 2013; Mikalef et al. 2018; Olbrich 2014; Schiiritz et al. 2017;
Someh et al. 2016; Stange and Funk 2015; Tan et al. 2015; Tiefenbacher
and Olbrich 2015)

(Alexander and Lyytinen 2019; Brynjolfsson et al. 2011; Chatfield et al.
2015; Dremel, Herterich, Wulf, and Spottke 2017; Dremel, Wulf, Anne-
gret, and Brenner 2017; Ghasemaghaei et al. 2016; Ghoshal et al. 2014;

ICIS 2005-2019 17/47 W. Giinther et al. 2017; Hristova 2014; Miranda et al. 2015; Ram et al.
2015; Sodenkamp et al. 2015; Tiefenbacher and Olbrich 2017; Trieu
2013; Wang et al. 2014; Zhang et al. 2014)

Total 66/159 All above

Table 2. Results of Literature Search

The papers were analyzed in a concept-centric manner pursuing our goal of a critical interpretive synthesis
of our review sample (Pare et al. 2015; Webster and Watson 2002). We started by extracting contextual
factors of BDA mentioned in the articles in an open coding process guided by the TOE perspective (Corbin
and Strauss 2014). Thereafter, we used axial coding to aggregate the codes from open coding (resulting in
axial codes such as ‘Leadership’, ‘Skills’, ‘Knowledge’ or ‘Decision-making’), and to allocate theses axial
codes to nine superordinate categories (e.g., data-driven culture, institutional factors, competencies) that
are unambiguously assigned to the technology, organization, or environment context and the 22 subcate-
gories (e.g., volume, beliefs, privacy, leadership, decision-making). Next, using a concept matrix following
Webster and Watson (2002), we carried out selective coding to generate a comprehensive allocation of
codes to our set of articles and iteratively refined the code structure. Due to page limitations the concept
matrix containing the mapping of each code category with each article is not included in the article. Follow-
ing the traditional sense of the technology context, we allocated the three superordinate categories: data
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exposure, information technologies, and processing and analysis capabilities as well as their 9 subordinate
codes. The organizational context is composed of superordinate categories data-driven culture, institutional
factors, competencies, and the data-to-decision process compose as well as their 10 subordinate codes. In
line with extant TOE literature, we allocated to the environmental context of BDA competitive dynamics
and strategy. To validate our results, we draw on iterative discussions among two researchers according to
Forman and Damschroder (2007) after each coding iteration, and seize empirical data from several pub-
lished research endeavors with a total of 52 interviews from 11 companies to enrich, to substantiate, and to
illustrate our results (e.g., Dremel, Herterich, et al. 2020; Dremel, Stoeckli, et al. 2020; Dremel, Wulf, Her-
terich, Waizmann, et al. 2017). In particular, we draw on a revelatory single case study of an organization
successfully adopting big data analytics (Dremel, Herterich, et al. 2020). Though presenting our illustra-
tions in the result section, we like to acknowledge that these statements aim at illustrating and showing the
practical relevance of our findings.

Results

Figure 2 summarizes our results and propositions, which we illustrate in the following paragraphs.

; Technology Organization Environment
i P1:Data Exposure P4: Data-driven Culture P8: Competitive Dynamics
i P2:Information Technologies P5: Institutional Factors P9: Strategy
i P3:Processing & Analyzing P6: Competencies
i Capabilities P7: Data-to-Decision Process
' A e A
> BDA Adoption <

Figure 2. Adoption of Big Data Analytics from a TOE perspective and related propositions
Technology Context Concepts Affecting BDA Adoption

There are three superordinate categories that constitute the technology context: (1) data exposure, (2) in-
formation technologies, and (3) processing and analyzing capabilities. First, data exposure characterizes
the degree to which organizations are confronted with requirements to process big data (i.e., volume, vari-
ety, velocity, and veracity). Most authors argue that organizations are confronted with an unprecedented
volume of data and that key benefits arise from integration and large-scale data processing (Goélzer et al.
2015; Marton et al. 2013). Huge data volumes and the exponential growth of data are related to the diversity
of data, the update frequency and its rapid pace of growing (Constantiou and Kallinikos 2015; Davenport
2014) and fostered by the evolution of storage, memory, and transmission technologies (Baesens et al.
2016). Many authors further argue that an important source of value lies in the exploitation of previously
unused data sources, such as text or log data — previously mostly considered as noise (Marton et al. 2013;
Yoo 2015). Processing data that are produced at high rates (i.e., velocity) represents an important techno-
logical capability for situations of organizational decision making with high dynamics, such as online mar-
keting (Goes 2014; Stange and Funk 2015). The processing of a higher variety of data, including unstruc-
tured and inconsistent sources, enables novel analytical scenarios, such as consumer sentiment or indus-
trial data analyses (Alfano et al. 2015; Bhimani 2015; Woerner and Wixom 2015). Therefore, data veracity
as a technological challenge gains in importance, since technologies must enable a flexible handling of in-
complete, inconsistent, ambiguous, heterogeneous, and agnostic data (Constantiou and Kallinikos 2015).
This development leads to applications of ubiquitous computing in many business areas such as marketing
(Dremel, Herterich, Wulf, Waizmann, et al. 2017), logistics (D6ppner et al. 2015; Giinther et al. 2017), and
supply chain management (Chen et al. 2015). In summary, the business value of BDA is often rooted in
handling and integrating large scale data with various levels of quality (potentially at (near) real-time) of
heterogeneous and disconnected data sources. Following this argumentation, we propose P1: The higher
the degree to which an organization is exposed to data that are characterized by veracity and unprece-
dented levels of volume, velocity, and, variety as well as disconnected data sources the higher is the level
of BDA adoption.
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IMlustration P1: “To generate a real benefit [...], we had to integrate data from cars, social media, and our internal
systems in our newly created Hadoop cluster. [...] The interconnection proofed to be the most difficult aspects be-
yond [redesigning] our data infrastructure.” Product Owner Car Data#1

Second, BDA as a logical development requires new information technologies, building on advances in data
storage technologies and visualization software (Olbrich 2014), new data management mechanisms such
as schema-less storage to process, store and collect the vast amount of data, with different levels of variety,
variability, and velocity (van den Broek and van Veenstra 2015; Constantiou and Kallinikos 2015). New
technological means enable companies to discover previously unknown relationships, e.g., via machine-
based data analytics techniques (Ram et al. 2015) or to conduct predictive analysis based on cross-refer-
enced current and historical data to gain insights or to make recommendations enabling managers to fore-
see future trends and events (e.g., to optimize profits from advertising) (Stange and Funk 2015; Wang et al.
2014). This leads to a change in technology use that covers innovative technologies for data storage, pro-
cessing, and the communication of results. For instance, Hadoop Distributed File Systems as foundational
file system with MapReduce as a processing paradigm and Tableau as visualization software are often re-
ferred to as big data technologies (van der Aalst 2013; Golzer et al. 2015; Miranda et al. 2015). More gener-
ally, to successfully handle the novel characteristics of big data, appropriate means of visualization and
advanced statistical methods, e.g. machine learning are required while challenging legacy IT technologies
and landscape that have primary focused on ex-post data analysis of consistent structured data (Tan et al.
2015; Woerner and Wixom 2015). Following the argumentation from above, we propose P2: The lower the
degree to which legacy infrastructures limit data storage, analysis, and presentation, the higher is the
level of BDA adoption.
IMlustration P2: “The biggest challenge was the outdated system landscape [...] no one paid attention to [...] data
and what has emerged over the last [ ...] years of operational systems [...] few individual examples with both a clean
logic and a clean data model and an appropriate link [to legacy systems existed.]” Head of Data Analytics & Strat-
egy

Third, BDA technologies are supposed to help accelerate the data to insight process such that data is not
stored for the sake of data storage but for the sake of gaining new insights (Déppner et al. 2015). The data
to insight process requires the data acquisition, extracting and cleaning, and processing and analyzing sup-
ported by quality management. Due to its new technological means BDA might lead to a catch-all-you-can
approach for data acquisition (Yoo 2015) while it should not be the objective to consume and analyze as
much data as possible (van der Aalst 2013) but the “right” data (as a reasonable representation of the real
world). Through BDA traditional processes in data management and its technologies are challenged as the
traditional paradigms of data management need to be replaced by new ones (e.g., harvesting new data
sources, collecting data, and integrating structured and unstructured data) (Tan et al. 2015). Before poten-
tially storing information through traditional data management technologies, the information itself needs
to be generated through processing and analyzing big data by means such as text analytics, video analytics,
audio analytics, and deep learning (Chen et al. 2012; Gandomi and Haider 2015; Tan et al. 2015). In this
context, quality management is a crucial accompanying process for every data analysis approach as the
usage of incorrect data leads to wrong analytical results, which lead to wrong decisions and actions (“Gar-
bage in, garbage out.”) potentially affecting firm performance negatively (Hristova 2014). The objective of
quality management is to achieve reliability, consistency, and dependability such that employees can use
the data without further processing steps (Chatfield et al. 2015). Further, it is argued that machine learning
and the ability to construct models that improve their performance with each data input should be used to
leverage BDA efficiently and effectively (Yoo 2015). Summarizing the findings in the articles mentioned
above, we posit P3: The higher the level of data processing and analyzing capabilities, the higher is the level
of BDA adoption within an organization.

IMlustration P3: “Faced by car data of each car we [...] had to build a Hadoop cluster enabling us to store and

analyze each necessary data point. [...] [A crucial] step as we slowly understood in detail our [technology and ana-

lytics] challenges and matured with our capabilities for car data analysis.” Product Owner Car Data #1

Organization Context Concepts Affecting BDA Adoption

These four superordinate categories constitute the technology context: (1) data-driven culture, (2) institu-
tional factors, (3) competencies, and (4) data-to-decision process. First, the data-driven culture within an
organization successfully adopting BDA can be characterized by the beliefs of the company’s workers, pri-
vacy, data collaboration/cooperation, decision-making, and leadership. A data-driven culture positively af-
fects information processing capabilities (Cao and Duan 2014) as well as a company’s ability to innovate
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products (Duan and Cao 2015). To receive benefits from the data-driven innovation BDA, managers and
employees must approach this task with the appropriate mindset and beliefs (Constantiou and Kallinikos
2015). This appropriate mindset is that employees should use data as “fuel” for analysis and a critical suc-
cess factor for firm performance (van der Aalst 2013; Boyd and Crawford 2012). Data sharing within the
company and between other companies gains more and more relevance, as the recombination of diverse
sets of data may provide useful insights into any organizational ecosystem (Chatfield et al. 2015). To have
the ability to process, access and glean the insight from this data of various data owners (Miranda et al.
2015), internal collaboration across department boundaries and cooperation across organizations increase
in importance. Particularly, the collaboration of IT and business departments plays an important role for
BDA adoption as organizations ought to combine technology and domain knowledge (Miranda et al. 2015).
Yet, the sharing of data including data collected from social media and the use of BDA itself has several
ethical and privacy implications depending on the content of the data (Chatfield et al. 2015; Someh et al.
2016). Articles mentioning privacy focus on the combination of multiple data sets (Chatfield et al. 2015),
leading to re-identification of individuals (van den Broek and van Veenstra 2015), the importance of pro-
tecting it (Chatfield et al. 2015) and the effects of theft, inappropriate use of data and consequently infringe-
ment of data privacy (van den Broek and van Veenstra 2015; Markus 2015; Tan et al. 2015). On an organi-
zational level, BDA, as a strategic change initiative (Chatfield et al. 2015), provides the possibility to form
big data-drawn insights into convincing arguments for managers and, thus, ultimately changes the dynam-
ics of managerial decision-making (Bhimani 2015). The way in which information becomes available to
decision-makers changes and, consequently, totally new insights can be leveraged (Woerner and Wixom
2015). Further, a data-driven culture will lead to new ideas and approaches that challenge and transform
work routines and practices through the use of information (Duan and Cao 2015). The respective changes,
initiated by these developments, need to be accommodated by organizational means such as change man-
agement (Chatfield et al. 2015). As leadership can support these changes and fosters the importance of the
required changes in organizational mindset and practices, leadership is a necessary precondition for BDA
adoption (Davenport 2014). Summarizing the above argumentations, we posit: P4: The higher the degree
of data-driven culture the higher is the level of BDA adoption.
IMlustration P4: “[To] achieve anything with big data analytics you need to consider the human aspect in your
organizations. It requires a mindset of support for [this] technology-driven topic. [...] This is a journey we current
are in and slowly learn on a daily basis [...] [also] in regard to collaborating intensively with our IT unit” Product
Manager Analytics-as-a-Service

Second, in consideration of the specific challenges that BDA imposes (e.g., analytical knowledge), new
structures (e.g., analytical competence center, Chief Data Officer, or analytics subsidiaries) (Dremel,
Herterich, Wulf, and Spottke 2017; Miranda et al. 2015; Schiiritz et al. 2017), respective organizational gov-
ernance (e.g., data governance) are implemented in organizations (Tan et al. 2015). At this juncture, data
governance establishes a set of rules, such as the person who has the rights to define data standards and
management indicators for data quality (Tan et al. 2015). Most importantly, data governance is about clos-
ing the gap between the current level of confidence in data and the necessary level of confidence for specific
big data settings (Chatfield et al. 2015). A data governance model should be comprehensive, which means
taking into consideration the following issues: privacy, data reuse, data accuracy, archiving and preserva-
tion, and development of data standards (Chatfield et al. 2015). Accordingly, organizational governance
mechanisms such as structures and roles (e.g. Chief Data Officer, Data Scientist) have to be instantiated,
ensuring the proper usage of big data and its potential (Miranda et al. 2015). Data scientists in collaboration
with data engineers should be able to handle unstructured big data and to derive answers to an organiza-
tion’s key questions (Chatfield et al. 2015). Especially, when trying to monetize big data, a dedicated unit is
supposed to be required to build up the necessary competencies (Woerner and Wixom 2015). Consequently,
we posit: P5: The higher the level of effective organizational governance (including data governance and
the definition and allocation of structures and roles) the higher is the level of BDA adoption.

IMlustration P5: “In such a [competence center] everyone has specific responsibilities, [roles], and powers. [...]

[Only if] everyone knows his role and is aligned with others IT, [our subsidiary], and our [analytics] unit we suc-

ceed.” Product Owner Car Data #2

Third, the literature suggests, that the development of specific BDA competencies (i.e., required skills and
knowledge specific to big data analytics) is a major challenge for companies (Ghasemaghaei et al. 2016),
especially those, who digitize their business models (McAfee and Brynjolfsson 2012). Skills in the area and
intersections of technology, analytics and business have to be developed (Miranda et al. 2015) while a gen-
eral knowledge of big data analytics is necessary for leadership and employees to implement successful big
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data initiatives (Chatfield et al. 2015). Due to the pervasive nature of BDA on decision-making organizations
need be able to know how to act when decision-making processes become more and more automated, and
the ability to intervene with those processes needs to be developed (Markus 2015). An organization needs
to acquire or develop analytical capabilities and organization-specific technical capabilities e.g., concerning
the effective deployment of big data within the current IT landscape (Chatfield et al. 2015; Miranda et al.
2015; Woerner and Wixom 2015). One approach is to invest in the training or recruiting of experts in data
analysis, IT experts, and employees translating and mediating between business, IT and analytics depart-
ments (Dremel, Wulf, Annegret, and Brenner 2017; Ghoshal et al. 2014). Big data related knowledge helps
organizations to understand the scenario of how big data analytics and its technologies as well as methods
work while respective decision-makers in the organization need to have an understanding of the implica-
tions resulting from these new technologies to foster a positive effect for big data analytics while nurturing
the previously discussed data-driven culture (Chatfield et al. 2015; Duan and Cao 2015). In summary, we
posit: P6: The higher the level of analytical competency the higher is the effect on the level of BDA adop-
tion.
IMlustration P6: “It was clear that we must internalize knowledge. In the past, the IT department did not answer
the questions of the [...] sales division, [yet] the consultancies did [...] We had to change in regards to experience and
expertise both from the business side [but also beyond that] in regards to our analytical capabilities.” Product Owner
Analytical Services#3

Fourth, BDA recursively shapes data-to-decision practices by enabling companies to answer questions that
hitherto could not be answered (Bhimani 2015) and as, for instance, large data sets from social media give
“a myriad of opportunities for monitoring and modeling people's intentions, preferences, and opinions”
(Brynjolfsson et al. 2014, p. 1). Sense-making of data and subsequent decision-making is vital to make evi-
dence-based decisions, otherwise data itself is useless (Chatfield et al. 2015; Ghasemaghaei et al. 2016;
Trieu 2013). The formulation of a hypothesis is a possible starting point for every sense-making process and
paves the way for how data needs to be collected, processed, analyzed (Tan et al. 2015), and most im-
portantly be used for decision-making. BDA and the respective tied connection to machine learning (Kal-
linikos and Constantiou 2015) leads as a consequence to the automation of decision-making processes (Bae-
sens et al. 2016; Markus 2015) of the investigation of markets (e.g. market manipulation) (Gregory and
Muntermann 2014), of operational or strategic processes (Markus 2015), and, at last, to a deeper integration
in value-creating decision-making processes (Loebbecke and Picot 2015; Saboo et al. 2016). At this junc-
ture, an automated decision-making is characterized by a computerized knowledge-based process that is
performed on its own without (Markus 2015) or at least with minimum human intervention to resolve in-
ferences stemming from poor data quality (Clarke 2016). This automation not only has positive effects as it
can also lead to labor substitution (Loebbecke and Picot 2015). However, there are other estimations that
— through the new technology-driven business opportunities — more jobs will be augmented and/or created
than replaced (Markus 2015). This increases the relevance of managing the risks in decision making and
being sure that the decision made will have the positive effects predicted (Ghoshal et al. 2014). The replace-
ment mostly results from the automation of the decision-making process itself as machines will in the future
outpace human brains (Loebbecke and Picot 2015). Of course, this implies on the one hand cost reduction
but on the other hand, ethical issues arise. In summary, we posit: P7: Effective data-to-decision practices
increase the level of BDA adoption.

Illustration P7: “[By bringing] analytics step-by-step to your customers it is easier to achieve commitment [...J in

the organizations. [We] had to prove that it makes sense [...] regarding its business value. [...] our top management

enforced reporting and informing leveraging our trusted data pool.” Head of Data Analytics & Strategy

Environment Context Concepts Affecting BDA Adoption

These two superordinate categories constitute the environment context: (1) competitive advantage and (2)
strategy making. First, big data is supposed to have a significant impact on the way organizations nowadays
react to trends in their fast-moving environment because of analytical analyses (Constantiou and Kallinikos
2015). As a result, the strategic toolbox is extended by BDA (Woerner and Wixom 2015). In markets with
high competitive dynamics (e.g., Netflix with its video-on-demand service or Spotify with its music-on-de-
mand service), BDA increased in importance, as it is a possible source of competitive advantage having an
impact on firm performance e.g., through customization of products and new service offerings (Sodenkamp
et al. 2015), and the entrance into new markets (Constantiou and Kallinikos 2015). Organization nowadays
realize that they have to analyze big data to stay competitive (Olbrich 2014; Tiefenbacher and Olbrich 2015)
in terms of profits and efficiency (Ghoshal et al. 2014), speed and service (van der Aalst 2013), and products
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(Constantiou and Kallinikos 2015; Duan and Cao 2015; Markus 2015) through timely (Trieu 2013) and more
wise decisions (Woerner and Wixom 2015). In conclusion, data-based decisions lead to better performing
firms (D6ppner et al. 2015). BDA can be seen as a solution for gaining better insights from different and
diverse data sources (e.g., social media, wearables, RFID, and IoT) and uncovering patterns, unknown cor-
relations or other information unknown hitherto within this data (Duan and Cao 2015). The economic po-
tential of big data led to organizations in high competitive dynamics silently listening to user-generated
content to optimize market research activities, and product and brand management (Egger et al. 2015;
Stange and Funk 2015). In summary, we posit: P8: The higher the level of competitive dynamics the higher
is the level of BDA adoption.

IMlustration P8: “Companies like Tesla, Faraday Future, or new possible entrants like Google require us to re-

spond to the trend of digitization and big data analytics. I think soon our car on its own will not suffice.” Product

Owner Car Data #1

Second, BDA, as a strategic change initiative (Chatfield et al. 2015), provides the possibility of forming big
data-drawn insights into convincing arguments for managers and thus ultimately changes the dynamics of
managerial decision-making (Bhimani 2015). These better insights generated from the combination of data
techniques and information across sources and applications contribute to the competitive strategy and can
be used to develop new innovative products and services or enrich existing ones (Constantiou and Kallini-
kos 2015; Duan and Cao 2015). This relevance for competitive strategy resulted in the importance of BDA
for C-level management (Olbrich 2014). They can enhance (Bhimani 2015) and renew strategies (Yoo 2015)
used by companies and government. It is even possible to enable ad-hoc strategy making as the time horizon
for analyses reduces dramatically (Constantiou and Kallinikos 2015), expand the strategic toolbox (Woerner
and Wixom 2015), and enhance the flexibility of decision-making through technical advancements altering
strategic core processes (Bhimani 2015). Following this argumentation, we posit: P9: The higher the level
of awareness of BDA potentials in an organization's competitive strategy, the higher is the level of BDA
adoption.”

IMlustration P9: “Digital transformation and data analytics have to be on top of our strategy and looked at as an

invest topic instead of a cost-driven topic.” Team Lead Strategy

Discussion and Future Research Avenues

For some, the value of BDA appears to be unquestionable (Kimble and Milolidakis 2015). For others, it is
unclear whether more data and faster, more intelligent analytics implies better products and decisions
(Buhl et al. 2013). The results of our research suggest that value creation through BDA is not just rooted in
technological capabilities, but equally in capabilities related to organizational design and environmental
positioning. From a technology perspective, data inherently holds a self-contained value and the proper
analysis of these data points determines the realizable value (Schermann et al. 2014). The extension of tra-
ditional data sources through big data sources may, for example, ensure the agility of a company regarding
potential market disruption or change (Constantiou and Kallinikos 2015). There is evidence that it not only
provides unprecedented insights into customers’ buying behavior but also makes internal processes visible,
enables better decision-making and leads to a partial replacement of human sense-making through ma-
chine learning (Kimble and Milolidakis 2015). Organizations that gain the ability to collect, store and ana-
lyze more accurate and detailed customer data may achieve superior mass customization of services and
personalized marketing communications (Loebbecke and Picot 2015; Rust and Huang 2014). From an en-
vironmental perspective, BDA may profoundly transform business landscapes (Agrawal and Dhar 2014,
Dhar et al. 2014). As a consequence, companies must adapt to their competitive environment and readily
innovate business models with data-driven approaches (Agarwal and Dhar 2014; Loebbecke and Picot
2015). Though anecdotal evidence has been given for BDA benefits, their realization is by no means assured
and the complex nature of organizational designs challenges the effective use of BDA (Chen et al. 2015).
Despite first empirical insights (e.g., Dremel et al. 2020; Lehrer et al. 2018), it is largely unexplored how
BDA can be used to generate business value in our complex world (Conboy et al. 2020) and through which
routes value is realized (Constantiou and Kallinikos 2015; George et al. 2014; Gilinther et al. 2017; Kimble
and Milolidakis 2015). Future research should, therefore, focus more closely on the mechanisms and com-
plexities of industry transformation, value creation and realization related to BDA adoption: How does BDA
allow for digital innovation and business model innovation? How does BDA lead to a transformation of
industries or emergence of new ecosystems? How does BDA affect value creation and realization? Proce-
dural perspectives, which acknowledge the nature of the BDA as a technology innovation as well as their
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potential recursive relationship with digital innovation, business model innovation, and the emergence and
transformation of ecosystems, potentially help to unfold and unravel underlying mechanisms (e.g., Ancona
2001; Van De Ven and Poole 1995).

The vast amount of data requires a data-to-insight process to give decision-makers the possibility to use
these insights to transform them into decisions (Sharma et al. 2014; Wamba et al. 2015). This process of
value creation might be seen as an active and collaborative sense-making process of organizational partici-
pants (e.g. analyst and business manager) (Gandomi and Haider 2015; Hashem et al. 2015; Lycett 2013;
Sharma et al. 2014; Woerner and Wixom 2015). The data-to-insight process comprises several steps. The
steps include data acquisition, information extraction and cleaning, data integration, modeling and analysis
and, at last, interpretation and deployment based on the respective information technologies, processes,
and personnel (Abbasi et al. 2016; Jagadish et al. 2014; Wamba et al. 2015). The introduction of big data
technologies poses novel and largely unanswered challenges in these steps (Chen and Zhang 2014; Hashem
et al. 2015; McAfee and Brynjolfsson 2012). In this regard, creating value from big data requires more than
just the application of analytical techniques (Sharma et al. 2014). However, many discussions of big data
focus on only one or two steps, ignoring the rest (Jagadish et al. 2014). Data is not anymore collected, stored,
and processed with a specific analytical goal but for the sake of the inherent value of data itself requiring
effort to unravel the specifics of the required changes in data acquisition and collection (Constantiou and
Kallinikos 2015; Yoo 2015). Through integration with other sources or new analytical methods, data may
be variously used a posteriori (Constantiou and Kallinikos 2015). Besides that, organizations face the chal-
lenge of how to integrate the large amounts of unstructured and semi-structured data (e.g., user-generated
content, tagging and other social media outputs) (Constantiou and Kallinikos 2015; Whelan et al. 2016).
Machine learning algorithms offer the possibility to automate and improve the data-to-insight process
(Sharma et al. 2014). While such technical approaches are certainly helpful, organizations still rely on indi-
viduals to determine which information is relevant (Whelan et al. 2016). We suggest that a process-theo-
retical perspective is required and formulate the following research question: How is the data-to-insight
process affected by the technical possibilities/affordances of BDA? How does BDA lead to a recursive
change or imbrication of decision-making routines and practices? The perspectives of Leonardi (2011,
2012) will allow researchers to consider how the material properties and material agency of BDA in the
specific socio-technical context and the social/human agency of a decision-maker affects and alters under-
lying routines and practices.

After performing the data-to-insight process, the analytical models have to be deployed in a digestible man-
ner and, subsequently, need to be transformed into decisions by managerial decision-makers (Sharma et
al. 2014). The new amounts of data from social media, radio frequency identification tags, web clickstreams,
consumer sentiments, and mobile provide further insights for managerial decision-making (Schermann et
al. 2014). Instead of acting on reported data, decision-makers can now use automated suggestions (pre-
scriptive analytics) or base their decisions on insights into the future, which are generated by the explora-
tion of data (predictive analytics) (George et al. 2014). Consequently, human judgment is more and more
replaced through automated processes and may, in the long run, lead to labor substitution, of which its
consequences remain largely unclear (Constantiou and Kallinikos 2015; Kallinikos and Constantiou 2015;
Kimble and Milolidakis 2015; Loebbecke and Picot 2015; Markus 2015). Already today, decision-makers
have the possibility to use previously unknown information instead of their gut feeling (Woerner and
Wixom 2015). As a result, decision-making processes need to change to harvest the ability to have a better
picture of the future (Sharma et al. 2014). However, in order to achieve this, decision-makers need to de-
velop trust and acceptance for the insights generated via algorithms such as machine learning to benefit
from the potentially positive effects of analytics on managerial decision-making (Schermann et al. 2014;
Sharma et al. 2014). This draws attention to the need for further research on the following research ques-
tions: How does BDA influence decision-making behavior? Which factors influence managers’ adoption
of BDA at the individual level? How do trust factors of a BDA solution affect the decision-making behav-
ior? We suggest focusing on established streams in IS research such as trust while putting the individual at
the focal point of analysis e.g., by integrating the 4Es of cognitive science.

Finally, Table 3 summarizes prospective research avenues including exemplary research questions as well
as fruitful non-exclusive theoretical lenses and theories while delineating our propositions towards the focal
and important context for future research. Following our argumentation throughout the article, every con-
text will have a recursive effect and needs to acknowledge this while exploring these research avenues. As
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we argue, BDA affects and is affected by the organization as the organization shapes the material agency of

technology and technology shapes the organizations

’

social” agency (Orlikowski 2000).

tion and industry transformation

—  How does BDA allow for digital innova-
tion and business model innovation?

—  How does BDA lead to a transformation

nical System Theory
Temporal (Complexity) Per-
spective

Sociomateriality and af-

Research Avenues and Promising Theoretic Lenses Focal TOE Context and
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Organization Context:

of industries and emergence of new eco- fordappe theory . . s
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Po: Strategy
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work-practices and routines

—  How is the data-to-insight process af-
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— How does BDA lead to a recursive
change or imbrication of decision-mak-
ing routines and practices?

Organizational ambidexterity
Socio-materiality and af-
fordance theory

Temporal (Complexity) Per-
spective

Cognitive Perspectives:
Social Cognitive Theory
Boundary Objects

Technology Context:

P3: Processing & Analyzing
Capabilities

Organization Context:

P4: Data-Driven Culture

Ps5: Institutional Factors

P6: Competencies

P7: Data-to-Decision Process

Change of decision-making behavior and

data-driven culture on individual level

— How does BDA influence decision-mak-
ing behavior?

—  Which factors influence managers’
adoption of BDA at the individual level?

—  How do trust factors of a BDA solution

Administrative Behavior The-
ory

Behavioral Decision Theory
Attention-based View
Absorptive Capacity Theory
Information Processing The-

ory

Technology Context:

P3: Processing & Analyzing
Capabilities

Organization Context:

P4: Data-Driven Culture

P7: Data-to-Decision Process

—  Cognitive Perspectives: 4Es

affect the decision-making behavior?

Table 3. Research Topics, Fruitful Theoretic Lenses and Theories, and Focal TOE Context

The datafication of both our social and work life gives rise to several ethical issues of societal impact poten-
tially accumulating into a ‘surveillance capitalism’ (Loebbecke and Picot 2015; Lycett 2013; Zuboff 2015).
BDA provides new opportunities for collecting, integrating, and analyzing data of our increasing digital lives
for companies while at some point in time requiring the purposeful consideration of inappropriate use of
data or the infringement of data privacy and ethical standards (van den Broek and van Veenstra 2015;
Markus 2015). In light of the generative nature of BDA, data themselves, and the digitized world BDA may
even reinforce ethical and societal issues and thus enable unethical behavior (Loebbecke and Picot 2015;
Yoo et al. 2012; Zuboff 2015). To allow for addressing these imminent issues the IS discipline will have to
take a leading role in extending our current body of knowledge regarding BDA-related ethical intricacies.

Contribution and Limitation

By conducting a systematic literature review synthesizing past and current research on BDA adoption, we
intend to contribute to both research and practice. Our contribution to research is threefold. First, there is
no shared understanding of the term BDA in prior literature. We theoretically ground BDA in the technol-
ogy innovation literature and synthesize prior definitions of the term BDA. Second, we use the TOE theory
to identify and structure the antecedents of BDA adoption discussed in prior literature. Our proposition
framework can guide further research that empirically analyzes the adoption of BDA in organizational set-
tings. Third, we discuss open research issues and provide suggestions for future research that would enrich
our knowledge in this domain. With the introduced TOE framework of contextual antecedents of BDA adop-
tion, we also contribute to practice. Practitioners such as consultants, vendors, and organizations can use
this framework to structure contextual factors that need to be considered to successfully manage the intro-
duction of BDA in organizational settings. We believe that the key limitations are as follows. First, we lim-
ited our review on articles in the AIS Senior Scholars’ basket and the two top-ranked conferences ECIS and
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ICIS. While this strategy guarantees the retrieval of a representative set of high-quality articles, we cannot
claim to generate an exhaustive view on the current state-of-the-art in BDA research. Second, we based our
review and proposition development on the TOE framework and explained why this theoretical perspective
enriches our understanding of BDA adoption. Alternative theoretical perspectives may further enrich these
results. Third, in our review, we put the focus on the organizational level. An analysis of the adoption of
BDA at other levels, such as the employee-level, requires further research efforts.
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