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Abstract 
The paper aims to perform an assessment of the literature at the intersection of data and business models, 
examining the extent to which the data-driven business model (DDBM) is considered in the current literature and 
how it is characterised in terms of approaches, benefits and barriers. A systematic literature review (SRL) of the 
available body of knowledge on these topics was performed using the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) approach. The SRL reveals limited but rapidly growing coverage of the 
cutting-edge phenomenon on the part of scientific studies. In problematising the extant literature, competitive, 
cultural and strategic approaches are proposed together with the relative enablers fostering the adoption of each 
approach. Benefits and barriers to the implementation of a DDBM are also discussed across technical, 
organisational and financial dimensions. The insights derived from a critical review of the DDBM literature 
point out gaps, which may itself inform future research and theory development in this area, as well as support 
practitioners’ decision-making on the datatisation of business models.  
Keywords: data-drive business model (DDBM), approaches, benefits and barriers, systematic literature review 
(SRL), research agenda  
1. Introduction 
In recent years, technological changes and the development of digital innovations have disrupted how 
organisations within different industries do business (Manesh, Pellegrini, Marzi, & Dabic, 2020). In a similar 
context, exponential growth in data is affecting firms in the wake of developments in machine learning, big data, 
cloud and Internet of Things (IoT) technologies. Data can become valuable information that generate new 
knowledge if they are aggregated, processed and interpreted to extract new value. In this perspective, the value is 
linked not only to efficiency improvements through the optmisation of internal processes and costs (Manyika et 
al., 2011; Schüritz & Satzger, 2016), but also to the opportunity for radical transformations of the business model 
(BM) (Bocken, Short, Rana & Evans, 2014) by affecting the achievement of competitive advantage (Opresnik & 
Taisch, 2015; Hunke, Seebacher, Schüritz, & Illi, 2017). This trend of value generation from data has driven the 
conceptualisation of a data-driven business model (DDBM; Schüritz & Satzger 2016; Hartmann, Zaki, Feldmann 
& Neely, 2016). The DDBM represents a development of the traditional concept of the BM that describes the 
logic underlying how an organisation creates, delivers and captures value (Osterwalder & Pigneur, 2010). While 
traditional BMs consider data as a resource, the DDBM relies on data as the main resource to enhance value 
creation and appropriation (Engelbrecht, Gerlach, & Widjaja, 2016; Hartmann, Zaki, Feldmann & Neely, 2014), 
despite the fact that a data threshold has not been defined when comparing traditional BMs with data-driven ones 
(Schüritz, Seebacher & Dorner, 2017a). In other words, the DDBM’s novelty relies on data as a strategic asset 
(Schrage, 2016) that requires not only an increasingly qualified use of the data but also a cultural change of the 
corporate mindset. Being a relatively new phenomenon, the DDBM represents an emergent research field 
(Hartmann et al., 2016; Schüritz et al., 2017; Kühne & Böhmann, 2019).  
While data have gained considerable attention in the information systems (IS) field (Sharma, Mithas & 
Kankanhalli, 2014; Abbasi, Sarker & Chiang, 2016; Baesens, Bapna, Marsden, Vanthienen & Zhao, 2016; 
Günther, Mehrizi, Huysman & Feldberg, 2017), the bridge between data and BMs has rarely been subject to 
investigation, and its effects remain underestimated. Thus, this topic is still elusive, and best practices have not 
yet been established (Schmidt, Möhring, Maier, Pietsch & Härting, 2014; Berger, 2015). On this basis, the paper 
aims to perform an assessment of the literature at the intersection of data and BMs, responding to recent calls for 



ijbm.ccsenet.org International Journal of Business and Management Vol. 16, No. 8; 2021 

2 
 

further research on and sustained analysis of DDBMs (Schroeder, 2016; Mikalef, Pappas, Krogstie & Pavlou, 
2020; Wiener, Saunders & Marabelli, 2020). Therefore, the following research questions are addressed in the 
paper:  
RQ1: To what extent does the DDBM find consideration in the current literature, and how is it characterised? 
RQ2: What are the main research directions suggested by the analysis of the literature on DDBMs? 
To answer these research questions, a systematic literature review was performed using the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) approach (Moher, Liberati, Tetzlaff, & Altman, 
2009; Mohrer et al., 2015).  
Our review contributes to the literature by systematising the scientific knowledge of this cutting-edge 
phenomenon, problematising key shortcomings, and opening new avenues for investigation into DDBMs; in 
doing so, the papers findings can also be used to support practitioners’ decision-making on the datatisation of 
BMs. 
The paper is structured as follows. Section 2 provides an overview of BMs and digitalisation, while Section 3 
describes the methodology used to conduct the systematic literature review. Thereafter, Section 4 reports and 
discusses the results by identifying the approaches, benefits and barriers to the implementation of DDMBs. 
Based on these results, a discussion and future research agenda are developed in Section 5. Finally, the 
theoretical and managerial implications and concluding remarks are reviewed in Section 6. 
2. BM and (Big) Data in the Digitalisation Era: A Theoretical Background 
The academic literature on management provides several BM definitions that partially overlap, since each of 
them emphasises one or several defining aspects of this multi-dimensional concept (Massa, Tucci & Afuah, 
2017). Specifically, a BM has been defined as a statement (Stewart & Zhao, 2000), a description (Applegate, 
2001), a conceptual tool (Osterwalder & Pigneur, 2010) and a structural template (Amit & Zott, 2001). Despite 
disagreement regarding a unified definition of a BM, there is consensus on at least three points. First, the 
literature considers the BM as a new unit of analysis distinct from the product, company, industry or network: it 
is built on the specifications of each firm, but its boundaries are wider than those of the company. Second, it is 
generally recognised that the BM allows for the means by which firms dynamically do their business to be 
explained through a holistic approach (Zott, Amil & Massa, 2011). Third, scholars tend to aggregate the BM 
components in main dimensions, scholars’ coverage of the BM components constitutes an organisation in its 
entirety, namely the firm’s value proposition, market segments, value chain structure, value capture mechanisms, 
and links between these elements (Saebi, Lien & Foss, 2017). Thus, a BM is herein understood as the 
‘architecture for how a firm creates and delivers value to customers and the mechanisms employed to capture a 
share of that value’ (Teece, 2018, p. 40). 
Recent developments in the BM literature incorporate the perspectives of data and analytics, thus drawing the 
conclusion that companies are currently awash in data (Wixom & Ross, 2017) in both innovative and traditional 
industries. Accordingly, these developments focus on how to leverage the potentials of digitalisation as a source 
of competitive advantage. Data have been widely investigated within the IS discipline, with such efforts 
highlighting their characteristics of volume, variety, velocity and veracity (Baesens et al., 2016; Günther et al., 
2017). There have also been studies that have advanced the research that considers data as a multisided 
socio-economic phenomenon (Abbasi, Sarker & Chiang, 2016; Wiener, Saunders & Marabelli, 2020) grounded 
in the digitalisation era, in which digital technology provides new opportunities for creating value and generating 
revenue in new competitive contexts (Svahn et al., 2017). 
Big data, automation, interconnections along the value chain, and digital customer interfaces have a 
transformative impact upon an organisation, thereby affecting its BM (Bouwman, de Reuver & Shahrokh, 2017). 
This influence implies the optimisation (e.g., cost optimisation), transformation or renovation of the existing BM 
(e.g., reconfiguration of existing models or the extension of the established business), or development of an 
entirely new BM (by squeezing out established market participants with new products/services; Chen et al., 2017; 
Schüritz, Seebacher & Dorner, 2017). Thus, new horizons are opened for companies in terms of value 
propositions and access to new resources (Tongur & Engwall, 2014), value creation and value capture (Velu & 
Stiles, 2013), and value delivery to customers through digital infrastructures characterised by the 
dematerialisation of processes (Warner & Wäger, 2019). In this regard, existing studies have mainly focused on 
the changes to the BM components driven by data mostly in isolation, with limited consideration of the 
implications that changes in one BM component may have on the other ones. In particular, some scholars (i.e., 
Kiel et al., 2017; Arnold, Kiel & Voigt, 2020) have pointed out that digitalisation changes the BM in terms of 
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new offerings represented by solution packages (i.e., in the form of cloud computing or predictive maintenance) 
that require the modularisation of hardware and software. Products and services increasingly fuse into highly 
individualised solutions based on outcomes agreed upon with customers, which paves the way for new segments 
and markets (Kiel et al., 2017; Müller, 2019). Likewise, new value propositions are expected through improved 
delivery of existing offerings (i.e., skipping retailers and directly delivering to customers; Burmeister et al., 
2016). Thus, value creation needs for flexible activities are characterised by the integration and interoperability 
of employees, machines, systems and products thanks to real-time access to information along the value chain 
(Arnold, Kiel & Voigt, 2020).  
The impact of digitalisation on value creation implies new essential digital skills and knowledge around data 
sourcing, processing and analytics as well as data-based decision-making (Kiel et al., 2017). This requires the 
traversal of organisational boundaries to continuously integrate new skills and learn new knowledge, thereby 
complementing the existing capabilities. Thus, more intensified relationships emerge between the partner 
network and the customer to develop long-term collaborations and trusted interactions (Grandinetti, Ciasullo, 
Paiola & Schiavone; Ciasullo, Polese, Montera & Carrubbo, 2021). Furthermore, digitalisation allows for more 
efficient operations as well as lower development, transaction and complexity costs (Müller, Buliga & Voigt, 
2018). In addition, digitalisation enables the shift of payments from one-off to continuous cycles in the form of 
subscriptions and new revenue models (e.g., dynamic pricing or pay-by-usage; Ibarra, Ganzarain & Igartua, 
2018). However, considerations about changing value capture components remain under-represented in the 
literature. 
In sum, the value deriving from data absorbed in BM concerns its use as a key resource (Hartmann et al., 2016), 
the deployment of data analytics as crucial activities to generate customer value (Wixom & Schüritz 2017), the 
presence of data as part of the value proposition (Kühne & Böhmann 2018) and their monetisation to external 
parties (Seiberth & Gründinger, 2018). In any event, the introduction of data and digital technologies within the 
processes and activities of an organisation has effects depending on the quality of the BM and its degree of 
resistance to change (Chesbrough, 2010). 
3. Method 
A systematic literature review (SLR) was carried out between June and August 2020 to synthesise empirical 
evidence from previous studies, provide an overview of the current body of knowledge on DDBMs and describe 
directions for future research (Linares-Espinós et al., 2018). More specifically, according to our research 
purposes, the investigation focused on the following review questions based on the above-mentioned research 
questions: 

- What are the main approaches to developing DDBMs and the relative enablers fostering the adoption of 
each approach? 

- What are the main benefits and barriers to the implementation of a DDBM? 
The SLR was conducted using PRISMA as a systematic and rigorous procedure to search, filter, select and 
analyse the findings from the literature based on the objective of the study (Moher et al., 2009; 2015). PRISMA 
was chosen because it ensures a thorough planning of the review from the start to the end, guaranteeing the 
methodological accuracy, replicability and transparency of research (Tranfield, Denyer & Smart, 2003). To 
perform the SLR, PRISMA’s steps, which include identification, screening, eligibility and inclusion (Moher et 
al., 2009), were performed as described below and in Figure 1.  
3.1 Identification 
The review questions guided the identification of keywords as search strings to isolate the relevant literature 
from Scopus and the Web of Science Core Collection (WOS) databases, which were chosen for their 
extensiveness and relevance in the social sciences (Norris & Oppenheim, 2007). The keywords were connected 
with the ‘AND’ and ‘OR’ Boolean operators. Thus, the following search strings were defined: “data-driven” OR 
“big data” OR “data analytics” AND “business model”; “data-driven” OR “big data” OR “data analytics” AND 
“business model” AND “innovation”; “digitali*ation” AND “business model”. These sets of keywords needed to 
be contained in the title, abstract or keywords to ensure a comprehensive search. In doing so, 397 records were 
produced (310 from Scopus and 87 from WOS). 
3.2 Screening and Eligibility 
A total of 146 of the 397 records from Scopus and WOS resulted in duplicates and were thereby rejected. In line 
with Cooper’s methodology (1998), inclusion and exclusion criteria were set to obtain the relevant literature in 
the databases. Book chapters, editorials and working papers were excluded, while articles published in 
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international peer-reviewed journals and conference proceedings were included in the analysis. Moreover, only 
documents written in English and belonging to the specific research fields of business management and social 
sciences were considered. On this basis, 231 records were screened. Of these 231 records, titles and abstracts 
were read to identify those most appropriate to the research area and review questions. Thus, 168 results were 
removed, and 63 articles were assessed for eligibility. 
3.3 Inclusion  
After reading the full texts of the 63 remaining articles, 45 publications were included in the review process 
because they contributed to answering the review questions (Appendix A), as explained below. Moreover, the 
number of papers included is considered to be acceptable according to Robinson and Lowe (2015), who 
recommended the inclusion of 10–50 papers for SRL.  
The final set of 45 works was analysed both descriptively and thematically. The descriptive analysis was 
deductive in nature and aimed to classify the studies in terms of publication type, journal, temporal and 
geographic distribution, methodological approach and industries investigated. In the thematic analysis, an 
inductive approach was adopted (Bales, Krippendorff & Bock, 2009), and three researchers independently coded 
and grouped the studies. Next, they discussed these determinations by phone, on Skype or in face-to-face 
meetings to safeguard the quality of the review. Thus, the thematic analysis of the selected works concerned the 
following three themes: i) approaches to DDBMs; ii) benefits of DDBMs; and iii) barriers to DDBMs. 

 
Figure 1. PRISMA flow diagram  
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4. Findings 
4.1 Descriptive Analysis 
Figure 2 depicts the scarcity of studies on DDBMs due to the emerging nature of this research field. Of note, the 
small number of peer-reviewed articles compared to the conference proceedings reveals an ongoing managerial 
debate within the scientific community. 

 
Figure 2. Publication type 

 
In capturing how the literature set was spread across different journals, Table 1 shows the prevalence of journals 
focused on product and service management, thus confirming the strategic implications of DDBM 
implementation. Focusing on the journal impact factor (IF) retrieved from the Journal of Citation Reports (JCR), 
DDBMs were found to be addressed by the high-profile scientific community, which highlights the importance 
of this emergent topic. 
 
Table 1. Articles per journal 

Journal IF Frequency 
Technovation 6.28 1 
Journal of Product Innovation Management 5.00 1 
Industrial Marketing Management 4.69 1 
International Journal of Operations and Production Management 4.61 1 
Business Horizons 4.49 1 
Journal of Service Management 3.75 1 
IEEE Access 3.74 1 
Journal of Service Marketing 3.19 1 
Review of Managerial Science 3.00 1 
European Journal of Innovation Management 2.61 1 
Neural Computing and Applications 2.50 1 
Telecommunication Policy 2.22 1 
Computer Law & Security Review 1.84 1 
Journal of Business Strategy 1.19 1 
International Journal on Advanced Science, Engineering and Information Technology 1.18 1 
Research in the Sociology of Organization 0.97 1 
National Institute Economic Review 0.89 1 
International Journal of Social Ecology and Sustainable Development 0.35 1 
Advanced in Transdisciplinary Engineering 0.32 1 
Journal of Chinese Economic and Foreign Trade Studies                0.27 1 
Iranian Journal of Information Processing and Management 0.21 1 
Applied Marketing Analytics 0.12 1 

Note. Table 1 does not include Big Data and Cognitive Computing, Technology Innovation Management Review, and Journal of 
Management Science and Engineering, whose IF is not reported in the JCR. 
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In addition, a higher number of contributions came from published conference proceedings conferences in the 
Information Systems and Engineering domain (Table 2). 
 
Table 2. Articles per conference  

Conference Frequency 
Conference on Business Informatics 4 
Conference on Information Systems 2 
International Conference on Engineering, Technology and Innovation 2 
Americas Conference on Information Systems 2 
International Conference on Innovation & Management 1 
European Conference on Information Systems 1 
International Conference on Knowledge-Based and Intelligent Information & Engineering Systems 1 
International Conference on Engineering Design 1 
Australasian Conference on Information Systems 1 
Tagungsband Multikonferenz Wirtschaftsinformatik 1 
International Enterprise Distributed Object Computing Workshop 1 
Bled eConference  1 
Procedia CIRP 1 
International Conference on Business Information Systems 1 

 
In terms of citations (Table 3), Hartmann et al. (2016) are the most cited authors, having proposed the first 
empirically derived taxonomy of DDBMs in start-ups by identifying six DDBM types and providing a systematic 
overview of the different ways to create DDBMs. They are followed by Sorescu (2017), who highlights that 
external and internal data form the foundation of BM innovation.  
 
Table 3. Citations 

Authors Article No. of citations 

Hartmann et al. (2016) 
Capturing value from big data – A taxonomy of data-driven business models used by 
start-up firms 

264 

Sorescu (2017) Data-driven business model innovation 103 
Immonen et al. (2014) Requirements of an open data-based business ecosystem 76 

Urbinati et al. (2019) 
Creating and capturing value from Big Data: A multiple-case study analysis of 
provider companies. 

59 

Schüritz & Satzger (2016) Patterns of data-infused business model innovation 54 
Zolnowski et al. (2016) Business model transformation patterns of data-driven innovations 48 
Trabucchi & Buganza (2019) Data-driven innovation: switching the perspective on Big Data 43 

Cheah & Wang (2017) 
Big data-driven business model innovation by traditional industries in the Chinese 
economy 

40 

Krämer & Wohlfarth (2018) Market power, regulatory convergence, and the role of data in digital markets 38 
Zaki (2019) 
 

Digital transformation: harnessing digital technologies for the next generation of 
services 

36 

 
In terms of temporal and geographic distribution, the works analysed were published between 2014 and 2020, 
with a peak in 2017 (Figure 3). In addition, Germany was found to be the country most involved in research on 
DDBMs (Figure 4). 
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Figure 3. Articles published per year 
 

 
Figure 4. Articles per country 

 
Regarding the methods (Table 4), most of the research took a theoretical approach, with literature reviews 
dominating the sample, thus confirming the infancy of this research field. 
 
Table 4. Methods 

Paper type Method No. of works 
Theoretical Literature review 15 

Concept development 7 
Content Analysis 5 
Total  27 

Empirical Qualitative 14 
Quantitative  4 
Total 18 

 
Empirical studies were mainly conducted in miscellaneous sectors (Sorescu, 2017; Hunke et al., 2017; Kühne & 
Böhmann, 2018). In addition, services were an industry frequently investigated (Zaki, 2019; Breidbach & Maglio, 
2020). Moreover, research on DDBMs seems not to be limited to the computer and IT industries. In fact, some 
studies show that companies operating in the traditional manufacturing industries harness the power of big data to 
transform the way they conduct their businesses (Cheah & Wang, 2017; Schaefer, Walker & Flynn, 2017; He, Xue 
& Gu, 2020). 
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Figure 5. Industries 

4.2 Thematic Analysis 
4.2.1 Approaches to DDBMs 
Thematic analysis allows for the classification of three approaches to DDBMs and also identifies the relative 
lever that fosters the adoption of each approach (Table 5). 
First, a competitive approach emerged in 46% of the articles selected, in which data were recognised as core 
resources of value creation in the digital era (Tsvetkov & Chekanov, 2019). Their increased availability, 
combined with data processing techniques and big data analytics capabilities, was shown to increase operational 
efficiency, enhance organisational performance, assist managers’ decision-making, transform BMs and create 
new ones (Yoo, Lyytinen, Boland, & Berente, 2010; Westerman & Bonnet, 2015; Chaudhary, Pandey & Pandey, 
2016; Sadowski, 2019). In sum, data act as strategic assets for generating knowledge to improve competitiveness 
while also providing benefits for the whole value chain (Chen, Mao, Zhang & Leung, 2014; Gupta & George, 
2016). Drawing on the seven studies selected (Table 5), top management support represents a lever fostering the 
adoption of a competitive approach. In particular, managers should ensure that the organisational infrastructure 
and human resources are well suited for extracting value from a massive influx of big data coming through 
multiple sources. Thus, a supportive attitude on the part of management can empower the development of a 
conducive environment for exploring data and generating actionable insights in terms of BM innovation and 
competitive advantage (Cheah & Wang, 2017). 
Second, a cultural approach emerged in 32% of the articles selected, in which the importance of a mindset based 
on widely available and accessible data was recognised as a basis for value propositions and decision-making 
processes (Babar & Yu, 2019). By going beyond both intuition and experience (LaValle, Lesser, Shockley, 
Hopkins & Kruschwitz, 2011; Brynjolfsson, Hitt & Kim, 2011), data become a driving force to inform actions, 
predict complexity and foster change (Polese, Botti, Grimaldi, Monda & Vesci, 2018). By drawing on the four 
studies selected (Table 5), those factors facilitating the adoption of a cultural approach are data literacy and 
quality. On the one hand, data literacy embraces a specific skill set and knowledge basis that enables one to 
understand the meaning of data, draw correct conclusions from them and recognise their misleading or 
inappropriate usages (Mandinach, Honey, Light & Brunner, 2008; Carlson, Fosmire, Miller & Nelson, 2011). On 
the other hand, data quality ensures the extraction of reliable information that can be used for tactical and 
strategic aims, contributing to the optimisation of processes, improvement of offerings and increases in turnover 
(Kwon, Lee & Shin, 2014). 
Third, a strategic approach was employed in 22% of the articles selected, in which the strategic management of 
data was shown to be a priority for BMs based on data. The DDBM implementation implies not only a strong 
infrastructure based on technological tools, platforms and solutions, but also effective data governance. The 
latter requires the definition of policies, roles, processes and responsibilities communicated to all organisational 
levels to fully control the alignment between data and corporate objectives, leading to the identification of the 
specific benefits provided by data in its own context (Heudecker & Kart, 2014; Schmidt et al., 2014). By 
drawing on the two studies selected (Table 5), the adoption of a strategic approach is facilitated by the design of 
a data-driven environment, in which it is known which data to focus, how to allocate analytic resources, how to 
deploy and use data, how to measure the impact of the data-driven initiatives or how to address issues of data 
security. 
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Table 5. Approaches to the conceptualization of DDBMs 
Approaches Description Enablers More representative sources 

Competitive approach 

Data as a critical asset for 
organisations 
 
Redefinition of business 
decision-making through 
management’s supportive and 
empowering attitude 

Top management support 

Marchand et al., 2000 
Yoo et al., 2010 
Westerman & Bonnet, 2015 Chaudhary 
et al., 2016 
Cheah & Wang, 2017  
Tsvetkov & Chekanov, 2019 Sadowski, 
2019 

Cultural approach 
Data become driving force to 
inform actions, predict 
complexity and foster change 

Data literacy and quality 

Kühne & Böhmann, 2018 
Härting et al., 2018  
Kühne et al., 2019 
Babar & Yu, 2019 

Strategic approach 

Design of data governance  
 
Alignment between data and 
strategies 

Data-driven environment 
Cheah & Wang, 2017 
Breidbach & Maglio, 2020 

 
4.2.2 Benefits and Barriers to DDBM 
All of the studies included in the review process highlight some benefits and barriers to the development of 
DDBMs that are classified into the technical, organisational and financial dimensions. According to Tong and 
Mahdzir (2016), the technical dimension concerns the data itself in terms of the levels at which standards and 
formats are met. In contrast, the organisational dimension embraces the strategic aspects concerning the BM, 
objectives, strategies and organisational structure. Finally, the financial dimension concerns the resources (i.e., 
technical, human and financial), procedures and systems needed for processing, managing and maintaining data. 
Some articles (34% of the sample) described the benefits of DDBMs across the above-mentioned dimensions 
(Table 6). Regarding the benefits linked to the technical dimension, new technologies (i.e., IoT, sensors, clouds 
or big data analytics) ensure the availability and sharing of data with the right standards and formats. This affects 
data quantity and quality (Cheah & Wang, 2017; Benta, Wilberg, Hollauer & Omer, 2017), thereby guaranteeing 
more high-performance data analyses (Kühne, Zolnowski, Bornholt & Böhmann, 2019). 
By focusing on the organisational dimension, the benefits of DDBMs are linked to increased competitive 
advantage since the company leverages data-based knowledge to maintain ongoing growth over competitors, 
improve market performance and anticipate customer needs (Immonen, Palviainen & Ovaska, 2014). In addition, 
DDBMs can change a value proposition, improve the existing one or create a new one (Zolnowski, Christiansen 
& Gudat, 2016; Kühne & Böhmann, 2018). On the one hand, DDBMs lead to improvements in the existing 
value proposition through the exploitation of data coming from customers, which allows for more customised 
offerings (Zolnowski & Böhmann, 2013b; Breinbach & Maglio, 2020). On the other hand, DDBMs lead to the 
creation of new value propositions based on ‘data-as-a-service’, in which the approach is to monetise data that 
will be used by others to create novel data sets through aggregation or collection (Demirkan & Delen, 2013). 
New value propositions can also be based on ‘analytics-as-service’, in which analytical skills are provided to 
assist in problem solving (Sorescu, 2017; Breinbach & Maglio, 2020). The change in a value proposition implies 
that the DDBM appeals to a broader market demand, thus going beyond the traditional customers (Schaefer et al., 
2017). Moreover, the implementation of a DDBM leads to an improved decision-making process since data 
shape new opportunities for innovative analysis and modelling of solutions. Finally, a DDBM opens new 
pathways of cooperation within and among companies, which improves the structure of the whole value chain 
(Härting, Reichstein & Schad, 2018). 
Regarding the benefits linked to the financial dimension, a DDBM allows for the better use of resources with a 
consequent reduction of costs (Härting et al., 2018). At the same time, a DDBM increases productivity: for 
instance, data-driven approaches (i.e., dynamic pricing) enable firms to set short time price changes individually 
to optimise producer surplus. Finally, revenues are also increased since the profit margins on monetised data tend 
to be very high (Schaefer et al., 2017). 
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Table 6. Benefits of DDBMs  
Dimensions Benefits More representative sources 
Technical Availability of data with the right standards 

and formats 
High-performance data analyses 

Cheah and Wang, 2017 
Benta et al., 2017 
Kühne et al., 2019 

Organisational Increased competitive advantage Immonen et al., 2014 
Change in value proposition Zolnowski & Böhmann, 2013b 

Zolnowski et al., 2016 
Schaefer et al., 2017 
Härting et al., 2018 
Kühne & Böhmann, 2018 Breidbach & 
Maglio, 2020 
Zaki, 2019 
Kühne et al., 2019 

New market segments Schaefer et al., 2017 
Improved decision-making process New 
ways of cooperation 

Härting et al., 2018 
Babar & Yu, 2019 

Financial Better use of resources  
Reduction of costs  

Härting et al., 2018 
Breidbach & Maglio, 2020 

Higher productivity  
Increased revenues 

Härting et al., 2018 
Schaefer et al., 2017 

 
Some articles (42% of the sample) described barriers to the implementation of DDBMs across the 
above-mentioned dimensions (Table 7). Regarding the technical dimension, data security was one of the most 
debated barriers. It concerns both data ownership and measures taken against any attacks to the data (i.e., 
unauthorised access, modification and deletion; Exner, Stark & Kim, 2017). These aspects need to be clearly 
defined not only to determine who will gain from the value created, but also to build and maintain customers’ 
trust (Shantz, 2018). Another barrier to DDBM implementation is the data licence referring to the data collection 
(how to gather them) and processing (how most effectively to use them). In particular, data can be internally 
generated by staff, sensors and tracking tools, or they may be obtained from an external source through data 
acquisition activity performed before or after that the BM has been designed (Kühne et al., 2019). The data 
process implies understanding of the most beneficial data in terms of information content that can be monetised 
in a commercial setting (Zaki, 2019). Moreover, data privacy represents a further barrier to DDBM 
implementation because legal restrictions and social norms governing the use, transfer and processing of 
personal data must be considered. Since personal data mainly concern customers, transparency in their usage is 
crucial to avoid losing their trust. The last barrier to DDBM implementation is the data quality affected by the 
degrees of data consistency and completeness (Kwon et al., 2014). When data do not meet sufficient standards 
due to missing and unclear information or untrustworthy sources, negative effects on the data-driven value 
proposition and improper results of analytics activities are the result, triggering an ethical liability for firms 
(Breidbach & Maglio, 2020).  
By focusing on the organisational dimension, a DDBM’s barriers are linked to an increased need for human 
capabilities and technical facilities enabling access and links to data as well as their interpretation (Janssen, 
2012). Thus, changes in human resources’ skill sets and technological infrastructure are inevitable. On the one 
hand, staff activities and job processes need to be redefined, while top management should be able to anticipate 
and respond to both the threats and opportunities provided by data (Cheah & Wang, 2017). Otherwise, the 
DDBM is of low quality, deficient and unsustainable (Smith, 2016; Hossain, 2015). On the other hand, proficient 
technologies and tools should be utilised for specific tasks to ensure valuable outputs. In this regard, 
collaboration with customers and partners (i.e., software companies, data providers, etc.) plays an important role 
given the different resources and knowledge involved in technologies (Schaefer et al., 2017). 
Regarding barriers linked to the financial dimension, a DDBM requires huge investments in physical and 
infrastructural resources and appropriate tools and organisational processes enabling data collection, storage, and 
analysis (Cheah & Wang, 2017). In particular, the research and development required to implement a data 
analytics system is likely to be a high-cost activity. Another financial barrier to DDBM implementation concerns 
extended payback periods, which companies could suffer from, especially when trying to satisfy the short-term 
demands of stakeholders (Schaefer et al., 2017). 
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Table 7. Barriers to DDBM implementation  
Dimensions Barriers More representative sources 
Technical 

Data security 
Exner et al., 2017 
Shantz, 2018 
Kühne et al., 2019 

Data licence  
Immonen et al., 2014 
Zaki, 2019 
Kühne et al., 2019 

Data privacy 
Immonen et al., 2014 
Shantz, 2018 
van de Waerdt, 2020 

Data quality 
Kühne and Böhmann, 2018 
Kühne et al., 2019 
Breidbach & Maglio, 2020 

Organisational Changes in human resources’ skill sets and 
technogical infrastructure 

Cheah & Wang, 2017 
Kühne et al., 2019 

Need for collaborations with partners 
having specialised knowledge 

Schaefer et al., 2017 
 

Financial 
High investments in physical and 
infrastructural resources 

Exner et al., 2017 
Cheah & Wang, 2017 
Schaefer et al. 2017 
Breidbach & Maglio, 2020 

Extended Payback Schaefer et al. 2017 
 
5. Discussion and Research Agenda 
This SLR highlights that the implementation and development of DDBMs the DDBM are emergent topics in the 
research fields of business management and the social sciences since a limited number of studies have addressed 
the intersection of data and BMs. The findings of the thematic analysis are combined in a framework that 
synthesises the main approaches (i.e., strategic, cultural, and competitive) to developing DDBMs approaches to 
DDBMs and the relative enablers fostering the adoption of each approach, as well as the main benefits and 
barriers to the implementation of DDBMs (Figure 6). 

 

Figure 6. How DDBMs are characterised in the current literature  
 
The set of approaches and enablers arising from the findings have been shown to drive organisations to shift 
from a traditional ‘make-and-sell’ BM towards a ‘sense-and-act’ BM (Köbnick, Velu, & McFarlane, 2020). 
Since data have changed the nature of existing products and services, companies should rethink the conventional 
ways of creating, delivering and capturing value by embracing BMs more suitable for a highly connected world 
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(Barquet et al., 2013; Jua, Kim & Ahn, 2016). This new type of BM should rely heavily on the cognitive aspects 
linked to the sense making of data to simplify the identification of exploitable knowledge along the entire 
organisational chain. Thus, the analysis and understanding of data build knowledge that acts as the first engine of 
benefits, such as the revenue in primis, especially in the digital era (Pauleen & Wang, 2017). The domino effect 
of the transferral, sharing and exploitation of new knowledge within the entire organisation is crucial to 
overcome the barriers to the improvement of competitiveness through data (Ferraris et al., 2019). Furthermore, 
the knowledge derived from data supports the goals planned (Huesig & Endres, 2019); this is because it is 
embedded into the decisions that drive all organisational actions. In sum, a ‘sense-and-act’ BM optimally 
consists of a dual nature. On the one hand, the ‘sense’ component makes the BM a cognitive schema that allows 
for efficient decision-making in conditions of complexity due to the new paradigm of digitalisation (Massa, 
Tucci & Afuah, 2017). On the other hand, the ‘act’ component makes the BM an activity system aimed at the 
achievement of an organisation’s goals (Zott, Amil & Massa, 2011).  
In the following, some gaps and future research directions are identified, as suggested by the descriptive and 
thematic analyses of the literature on DDBMs. 
Research direction 1: Carrying out empirical research 
Since much of the current literature is conceptual, an important step in the process of understanding this 
phenomenon is the development of empirical observations of DDBMs. This could contribute to filling the 
‘deployment gap’, which refers to the paradox between huge opportunities provided by data and the lack of 
DDBMs actually deployed across industries (Heudecker & Kart, 2014; Chen, Sch’tz, Kazman & Matthes, 2017). 
The availability of empirical research could drive the development of new BMs or the evolution of existing BMs 
into DDBMs, helping many organisations to overcome a limbo in which their will to adopt data is opposed to 
their inability to do so (Chen, Kazman & Matthes, 2015; Schüritz & Satzger, 2016). This suggests that future 
research should not be static in nature, thereby allowing for changes over time to be captured through 
longitudinal studies. 
Research direction 2: Addressing emerging countries 
The literature on DDBMs comes mainly from advanced economies and reflects the view that datatisation is an 
opportunity for designing BMs able to generate new competitive advantages in mature settings. Nevertheless, an 
interesting research area is related to the role of DDBMs in emerging countries. The expected impacts are 
specific insights into the DDBMs specific developments of DDBMs because of the differences in national 
regulations, cultural views on privacy and the lack of competences and infrastructures (i.e., inconsistent power 
supplies and spotty internet access) (Bram, Warwick-Clark, Obeysekare & Mehta, 2015; Rambe & Moeti, 2017; 
Ciasullo, Montera, Cucari & Polese, 2020). 
Research direction 3: Increase of multi- and inter-disciplinarity 
While the DDBM literature is dynamic, it has developed along narrow and fragmented disciplinary lines. In 
particular, existing studies have emerged in separate disciplinary silos and tackle separate portions of knowledge, 
despite this research field involving many collaborating disciplines (Emani, Cullot & Nicolle, 2015; Hu & Zhang, 
2017). Thus, our review sheds light on the need for a systematic inventory of the interconnections with other 
fields, guiding the avoidance of myopia by looking at the totality of the phenomenon to promote understanding 
and development of DDBM research. In addition, we call for conceptual pluralism and the use of 
well-established theories from adjacent mature fields, which would endow DDBM research with higher-order 
components.  
Research direction 4: Ecosystem perspective 
When investigating DDBMs, previous research has tended to focus on the perspective of the focal organisation. 
Thus, future studies should examine DDBMs through a holistic, multi-actor lens and emphasise the systemic, 
dynamic and contextual aspects of the phenomenon as influenced by the interactions between actors (Vargo & 
Lusch, 2011; Tronvoll, 2017). This perspective could broaden the scope of DDBM research beyond the 
firm-centric model to explore the collaboration between data users, data suppliers and facilitators, and different 
stakeholders at the individual and societal levels. Hence, it is important to know and define actors’ roles and 
responsibilities in DDBMs, together with the potential network effects between them (Kühne et al., 2019; 
Yablonsky, 2019).   
Research direction 5: Cross-fertilisation between data, artificial intelligence and machine learning in BMs 
The role played by big data, analytics and generic digital technologies is highlighted in this research field. 
Conversely, artificial intelligence (AI) and machine learning have not been adequately investigated, despite the 
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fact that they could be of interest in DDBM research. Specifically, these technologies act as the catalyst of BM 
innovation (Lee, Suh, Roy & Baucus, 2019), and innovation through them is powered by data. Thus, AI and 
machine learning enable new and improved ways of using data in BMs (Yablonsky, 2019). In any event, future 
research should broaden the focus from the study of ‘mere’ technology to the human and social sides of BMs’ 
datatisation. Thus, technological tools do not automatically imply a DDBM has been realised successfully, but 
rather, the ways in which people activate them through flexible skills and knowledge make the difference.  
Research direction 6: Addressing ethical issues 
Ethical issues associated with the deployment of DDBMs deserve greater emphasis in the literature since power, 
control, and influence over individuals are mainly linked to the unethical use of big data due to the predatory 
data culture of many organisations (Wixom & Ross, 2017; Someh, Davern, Breidbach & Shanks, 2019). Beyond 
privacy, a promising path for future research lies in the idea that data sharing is not inherently transparent: in fact, 
individuals do not know if, why or with whom the sharing will occur (Barocas & Nissenbaum, 2014), and their 
anonymity is not preserved over time (Zuboff, 2015). 
6. Conclusion 
6.1 Theoretical and Practical Implications  
This paper provides a synthesis of the current conceptual and empirical literature on the emerging phenomenon 
of DDBMs. Since research focusing on the bridge between data and BM is scarce, a theoretical contribution of 
this study pertains to the identification of the current state of the art within the context of data and analytics in 
BMs. Another implication of our review lies in the harmonisation of the existing knowledge in a 
multiperspective framework that not only conceptualises the main characteristics of DDBMs but also offers 
theoretical guidance for advancing our understanding of them as a phenomenon. In fact, the final conceptual 
contribution of the paper rests in the identification of specific gaps in the managerial literature that lead to the 
description of six directions for future research in the area.  
With regard to the implications for practice, the study proposes some relevant insights for managers, which 
highlight the potential of the digital revolution to deeply change management and decision-making practices 
according to a new data-driven culture (Chen, Chiang & Storey, 2012). The work supports many organisations in 
overcoming a limbo stage: in recognising data as ‘the new oil’ (Hartmann et al., 2016, p. 1382) for 
competitiveness, there is the will to collect, analyse and interpretate data; unfortunately, this is often opposed to 
the inability to turn data into valuable knowledge and thereby profit. Thus, a range of approaches (i.e., 
competitive, cultural and strategic) is suggested to drive managers when designing new BMs based on data or 
shifting the existing BMs into DDBMs. In addition, we identify specific enablers (i.e, top management support, 
data literacy, data quality and data-driven environments) that managers should activate to successfully 
implement one or more of the approaches chosen. Beyond these approaches, the review provides a detailed list 
of the benefits and barriers related to DDBMs that managers should consider, as they affect the future value 
generated by the datatisation of BMs. For this reason, the benefits and barriers are identified at a granular level 
through various dimensions (i.e., technical, organisational and financial).  
6.2 Limitations and Further Research 
Despite the value of the findings presented here, the paper has some limitations. First, we focused on studies 
written in English and excluded various types of publications, such as books and reports. These choices might 
have circumscribed our findings, which can be complemented by future studies examining these other 
documents. Second, the findings of SRL depend on the reviewers’ educational backgrounds. Thus, future works 
should involve interdisciplinary research teams to shed light on multifaceted aspects of the phenomenon. In sum, 
this paper is an exploratory step that paves the way for other empirical papers (i.e., qualitative, quantitative and 
mixed) to move forward with the evidence herein that emerged.  
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