
 
LAPPEENRANTA-LAHTI UNIVERSITY OF TECHNOLOGY LUT 

School of Business and Management 

Master’s Programme in International Marketing Management 

A330A9001 Master’s Thesis 

 

 

 

 

 

 

 

Katharina Fürst 

 

Big Data Knowledge Management and Dynamic Capabilities – A Multiple Case 
Study in the Mobile Gaming Industry 

 

 

 

 

 

 

 

 

 

 

 

 

Examiners: Assistant Professor Joel Mero 

  Associate Professor Anssi Tarkiainen 

 



 

 

ABSTRACT  
 
Author:   Katharina Fürst 
Title: Big Data Knowledge Management and Dynamic 

Capabilities - A Multiple Case Study in the Mobile Gaming 
Industry 

Faculty:   School of Business and Management  
Master's Programme: Master’s Programme in International Marketing 

Management  
Year:     2021 
Master's Thesis:  Lappeenranta University of Technology  

74 pages, 6 figures, 2 tables, 1 appendix  
Examiners: Assistant Professor Joel Mero  

Associate Professor Anssi Tarkiainen 
Key Words: Big Data, Dynamic Capabilities, Knowledge Management, 

Mobile Gaming, Multiple Case Study 
 

This thesis examines the knowledge management flow derived from big data and its 

connection to dynamic capability creating. There exists a persistent lack in 

understanding the big data knowledge process implementation in companies and the 

exchange of information between top management and employees during this 

development, especially in industries facing high market dynamism. This work’s 

research goal is to provide deeper insights into the role of big data analytics in 

managing fundamental knowledge processes and creating the dynamic capabilities 

needed to ensure long term success. Specifically, it examines the phenomenon from 

the mobile gaming sector perspective. The study employs a qualitative multiple case 

study approach and collects data via semi-structured research interviews from seven 

case companies worldwide with the support of eight interviewees. This research 

project's findings provide an original theoretical model depicting a cycle reflective of a 

mobile gaming studio's streamlined knowledge management processes and dynamic 

capability built up. Connections between the knowledge phases and distinctive 

dynamic capabilities are drawn. Those links are matched with each stage’s core 

elements. This study confirms data-driven culture within a company, as well as data 

literacy among individuals as critical drivers for a functioning knowledge cycle. Bias 

elimination and strong leadership which is supporting data-based decisions are crucial 

in building dynamic capabilities. 
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1 INTRODUCTION  
 

Snake is probably one of the most iconic mobile games of existence. Its popularity 

proofs that back in the 1990s, when phones were simply phones, mobile games 

already had a stage. Merely embedded in the producers' handsets, users could only 

play the games available. Since then, two technological advances spurred mobile 

games' establishment - smart devices and increasingly more capable broadband 

cellular networks. However, it was not until the introduction of Apple's App Store for its 

iPhone around 2008 that the concept of mobile game distribution changed dramatically 

(Lindmark, Bohlin & Andersson 2004; Feijoo, Gómez-Barroso, Aguado & Ramos 2012; 

Apple Inc 2018). 

 

1.1 Background of the Study 
 

Such developments led to a sound definition of mobile games: Game applications 

engineered for intelligent devices like tablets or smartphones that users download via 

App stores like Google Play Store or Apple App Store as single purchase apps or 

freemium games (Lindlahr 2019). Video game experts describe most mobile games as 

casual, which is "a game that can be played in short sessions, lacks finality" (Sliwinski 

2009, para. 2) and is replayable indefinitely. 

 

Mobile gaming has risen to be one of the fastest-growing segments in the 

entertainment industry. It already dominates and drives the global video games market 

with a share of over 50% in 2018 (Newzoo 2019). Furthermore, mobile games are 

estimated to be a 100-billion-dollar market by 2021, with a cumulative average growth 

rate of 13% yearly (Rovio 2019). One also has to consider that mobile games' 

penetration rate is currently at just 20%. Through the expansion of Internet services 

worldwide and the further spread of smartphones, the sector will acquire more and 

more users. First, those users had neither access to nor resources to buy expensive 

console or PC gaming equipment and licensed games and secondly, no interest in 

conventional gaming (Statista 2020a; Statista 2020b). Quite remarkable about the 

overall development is that mobile gaming, despite its huge success, has not 
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significantly cannibalized the PC or console-based game market (Lindlahr 2019; 

Newzoo 2019). 

 

Today's App Stores operate as open autonomous markets for third-party game 

designers and serve as distribution channels. At the same time, that implies that now 

a proactive consumer decision is required to procure a game. This action is increasing 

in importance due to the market's immense growth dynamics. For example, Apple's 

App Store started with 500 apps, today there are 2 million, out of which the platform 

classifies one fourth as game apps (Apple Inc. 2018). Player saturation will eventually 

become a serious issue as an ever-increasing number of titles cascade into the market. 

The resulting fierce competition will push mobile game creators to make smarter, more 

informed and more innovative decision to reach a competitive advantage over their 

rivals (Lescop & Lescop 2014; Drachen, Ross, Runge & Sifa 2016). The requirements 

to continuously develop and improve games move the sector from a product-based 

perspective to the Game As A Service (GAAS) business logic (Clark 2014). A large 

extent of mobile games is free-to-play which renders player investment low and further 

proliferates data analytics for motivating player retention, in-app purchases or ad clicks 

for revenue maximisation (Lescop & Lescop 2014; Drachen et al. 2016). Actively 

leveraging metrics and analytics on player data to create detailed knowledge on 

consumer and environmental characteristics is a crucial success factor for any 

developer in the mobile games sector who wants to realise the future potential in the 

market. At the dawn of significant opportunities like structural changes such as 5G and 

Augmented Reality, or threats to existing business models in the industry through ever-

increasing tracking restrictions, like iOS 14, and privacy concerns among consumers 

and legislation makers, this is now more important than ever. 

 

1.2 Theoretical Core Concepts & Definitions 
 

The study combines a knowledge-based view with a dynamic capabilities approach to 

bring forward new business acumen of firm competitiveness in the era of big data and 

analytics. A short definition of each concept is given below: 
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Big data are massive data sets originating from normal data, enriched with the three 

V’s - volume, variety, and velocity (Lee 2017). Due to being so complex and 

unstructured, the data requires sophisticated solutions for storage, processing, and 

analysis (Chen, Chiang & Storey 2012). 

 

Scholars define knowledge in an organisation as “the amount of expertise and 

information accrued throughout a firm’s history that can be used in present activities” 

(Nieves, Quintana & Osorio 2015, 2). Managing the created knowledge via processes 

and capabilities leads to increased firm performance and competitiveness (Shahzad, 

Faisal, Farhan, Sami, Bajwa & Sultani 2016). 

 

Ordinary Capabilities ascertain best practices within a company. Via routines and 

processes, the firm can establish the needed technical fitness to efficiently generate a 

revenue stream (Winter 2003; Teece 2016). This study views knowledge management 

processes as ordinary capabilities. 

 

Dynamic Capabilities represent a firm’s “ability to integrate, build and reconfigure 

internal and external competencies to address rapidly changing environments” (Teece, 

Pisano & Shuen 1997, 516). They can be considered the birthplace of competitive 

advantage (Grant 1996a). Leveraging dynamic capabilities through ongoing learning, 

enhancing and aligning competences results in Evolutionary Fitness of the firm 

(Teece 2016). 

 

1.3 Research Gap 
 

The big data analytics phenomenon has recently gained momentum in research 

implying growing interest and naturally growing relevance (Amado, Cortez, Paulo & 

Moro 2018; de Camargo Fiorini, Roman Pais Seles, Chiappetta Jabbour, Barberio 

Mariano & de Sousa Jabbour 2018). The topic has various fields of application, 

including but not limited to performance assessment (Gupta & George 2016; Akter, 

Fosso Wamba, Gunasekaran, Dubey & Childe 2016), market research and consumer 

behaviour (Nunan & Di Domenico 2013; Rios 2015; Hofacker, Malthouse & Sultan 

2016), sustainability (Dubey, Gunasekaran, Childe, Papadopoulos, Luo, Fosso 
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Wamba & Roubaud 2019), supply chain management (Waller & Fawcett 2013; 

Barbosa, Vicente, Ladeira & de Oliveira 2018), big data analytics adoption projects 

(Esteves & Curto 2013), value creation (Xie, Wu, Xiao & Hu 2016; Zeng & Kahn 2019), 

or innovation-driven by big data analytics (Cheah & Wang 2017). Theoretical 

approaches for evaluating the impact of big data on the mentioned managerial topics 

have been numerous as well: among them, for instance, game theory (Fu & Zhu 2018), 

agency theory (Waller & Fawcett 2013) or stakeholder theory (Wilburn & Wilburn 

2016). De Camargo Fiorini et al. (2018) claim that one of the most prominent research 

lenses in big data literature is the resource-based view. Despite its novelty, academia 

studied big data utilisation within various contexts and via different theories. 

 

Considering big data analytics, research has been focusing on its adoption phase 

rather than in-depth strategic evaluation and use of big data value to capture a 

competitive advantage. As of so, research on the conjunction of big data and 

knowledge management processes is scarce. Only a few papers take up this topic. 

They have discussed, for example, the impact on several marketing functions 

(Erevelles, Fukawa & Swayne 2016), innovation and business performance (Du 

Huang, Yeung & Jian 2016), the creation of cyber ‘ba’ (Philip 2018), or the combination 

of big and traditional data analytics concerning new product success (Xu, Frankwick & 

Ramirez 2016). Although prior research demonstrated how valuable big data analytics 

is in knowledge creation and strategic decision-making (Pauleen & Wang 2017, de 

Camargo Fiorini et al. 2018), only a limited number of papers addresses the underlying 

relations of big data analytics, knowledge management theory, and the dynamic 

capabilities view. An article by Côrte-Real, Oliveira & Ruivo (2017) focuses on agility 

development as a dynamic capability through the efficient application of internal and 

external knowledge from big data. Chen, Preston & Swink (2015) take a similar stance 

and investigate the effect of big data analytics in information processing: novel 

knowledge is created, uncertainty reduced, and decision-making capability improves 

significantly. Similarly, only a few studies directly link big data analytics to the creation 

of dynamic capabilities, such as Dubey et al. (2017) or Côrte-Real, Oliveira & Ruivo 

(2014). 
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The desideratum presents itself in capturing the knowledge management processes 

derived from big data and how they connect to creating dynamic capabilities. Ferraris, 

Mazzoleni, Devalle & Couturier (2019) argue that only little is known about the linkages 

between big data's technical domain and the strategic aspects in managing a company 

and adapting to market changes. Supporting this claim, a literature review by de 

Camargo Fiorini et al. (2018) points out the persistent lack in understanding the big 

data knowledge process implementation in firms and the exchange of information 

between top management and employees during this journey. The intertwined subjects 

of big data, the knowledge in need of management, and the eventually derived 

organisational evolutionary fitness need to be studied in more depth. This need 

solidifies in the fact that the mere possession of both big data and the needed analytical 

tools are by far no guarantee for the accumulation of the ordinary and dynamic 

capabilities indispensable to navigating a volatile environment (Chen, Wang, Nevo, 

Jin, Wang & Chow 2014; Braganza, Brooks, Nepelski, Ali & Moro 2017). All in all, there 

exists the academic need to move "beyond post-adoption stages toward 

competitiveness" (Côrte-Real et al. 2017, 380) regarding the big data phenomenon, 

the knowledge derived from it and strategic implementation on both employee and top-

management level. 

 

The requirement for more scholarly attention on how to manage knowledge from big 

data as antecedents to forming successful dynamic capabilities in the face of high 

market dynamism is especially prominent in the mobile games industry: Mobile gaming 

studios have long surpassed the adoption stage of big data and analytics, but similarly 

only little is known about how and what insights the developers are creating and in 

which way the results help them to successfully navigate the turbulent market 

environment (Bauckhage, Drachen & Sifa 2015; Drachen et al. 2016; Mäntymäki, 

Hyrynsalmi & Koskenvoima 2019). A consequence of the sector's rapid development 

is the general immaturity and highly fragmented state of empirical and academic 

proficiency in the field of mobile game analytics (Drachen et al. 2016). Due to this poor 

intellectual grasp, the industry itself has admitted to a lack of working and research 

expertise, especially in business-related fields rather than technological ones (Drachen 

et al. 2016; Räty 2016; Ylä-Outinen 2017; Rastas 2018). Smartphones are one of the 

leading producers of big data, and so are mobile games, since they can collect data 



 

 
6 

 
 

about nearly the entire in-game activities of any player (Drachen, El-Nasr & Canossa 

2013). In particular, mobile game studios perceive game analytics as a subdivision of 

business intelligence that supports applying analytical architecture to game 

development. Thus, game analytics opens up vast opportunities to discover patterns 

from the collected data and utilise the derived insights to solve game creators' business 

problems (Mäntymäki et al. 2019). Despite that, standardised knowledge, shared 

frameworks, or best practices are non-existent regarding "the currently available, 

overwhelming amount of behavioural telemetry data" (Drachen et al. 2016, 2) from 

mobile games. Even the basics are widely unclear within the industry, such as how 

analysts should utilise the data to generate insights or what data is needed to solve 

current issues because of the behavioural data sets' size, time-sensitivity and high-

dimensionality (Bauckhage et al. 2015). 

 

This thesis strives to fill the research gap in the big data-based competitive advantage 

by applying a relevant theoretical framework based on knowledge management and a 

firm's dynamic capability view to identify essential processes and competencies within 

the mobile gaming sector. 

 

1.4 Research Goal & Research Questions 
 

Companies that do not develop the capabilities to employ big data analytics and 

generate big data knowledge effectively will eventually struggle to reach an 

advantageous position over the market's competition (Erevelles et al. 2016). This 

work’s research goal is to provide deeper insights into the role of big data analytics in 

managing fundamental knowledge processes and creating the dynamic capabilities 

needed to ensure long term success. Thus, this study is answering the following main 

research questions: 

 

How is big data knowledge leveraged in the mobile gaming industry's decision-

making to ensure long-term success? 
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The main question is divided into two sub-questions: 

 

a) What knowledge management processes in place facilitate the exploitation of 

big data and analytics? 

 

b) How are the resulting processes in managing knowledge utilised to support a 

firm's dynamic capabilities? 

 

The thesis answers those questions from the industry perspective of mobile game 

companies. This domain is still broadly untouched by researchers but noteworthy of 

scholarly attention because the sector's growth has been unprecedented and will 

continue to accelerate in the upcoming years. Mobile games already have 

disseminated into all society levels and thus carry managerial, societal, and academic 

implications.  

 

1.5 Structure of the Study 
 

After a detailed definition of the big data phenomenon, the paper proposes a theoretical 

framework combining knowledge management theory and the firm's dynamic 

capabilities view. The research examines previous literature findings regarding the 

theory connected to big data analytics as a next step. In terms of methodology, the 

study takes an abductive approach since the aim is to gain a deeper understanding 

and add to the theoretical conceptions of how mobile gaming studios leverage big data 

analytics to manage knowledge and reach evolutionary fitness. The qualitative 

research approach employs semi-structured interviews, which the researcher 

conducted with eight key practitioners from seven selected international organisations. 

Further, the research findings – of theoretical and managerial essence – are disclosed 

by converging the collected empirical data with the underlying theoretical framework. 

The results are decoded into a theoretical model depicting a cyclical model reflective 

of a mobile gaming studio's streamlined knowledge management processes and 

dynamic capability built up. Data-driven culture, data literacy, and expertise among the 

individual employees across all seniority levels are critical factors in creating a working 

knowledge flow in big data environments. It can be concluded that knowledge-driven 
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evolutionary fitness can only be accomplished when market trends are detected 

correctly, bias in data analysis and interpretation is eradicated, and ownership towards 

taking data-supported actions is displayed. Lastly, the discussion chapter 

complements this paper in summarising its main verdict, relating the findings to 

established theoretical resolutions and debating its significance and outcome critically. 

The study closes with a portrayal of its limitations, such as its low prospect for 

theoretical generalisability due to its relatively small sample and prominence of a very 

narrow contextual lens, and suggestions for future research, like examining 

organisational cultural peculiarities or the upcoming shift in education in the sector. 

 

2 LITERATURE REVIEW 
 

The literature review opens with the definitions of big data and analytics. It further 

introduces the theoretical framework, which postulates a knowledge-based view 

combined with dynamic capabilities. The chapter then summarises previous findings 

related to the discussed theory, where knowledge management process and dynamic 

capabilities interlink with the big data environment. 

 

2.1 Big Data and Analytics 
 

Before the introduction of the world wide web, data used to consist of structured small 

data sets mainly. Such data is usually gathered, kept up and processed in relational 

database management systems, and the analysis can take place locally on the 

analyst's computer. (Xu et al. 2016; Lee 2017). Big data differs from this concept of 

traditional data because it is much richer in enormity, complexity and subjectivity to 

change. Laney (2001) established the three V's to create a comprehensive framework 

for big data characteristics. The dimensions variety, volume and velocity have since 

been the most commonly referenced dimensions in big data definition (Davenport, 

Barth & Bean 2012; Gandomi & Haider 2015; Kwon, Lee & Shin 2014). 

 

Volume refers to the amount of data. As claimed by Gandomi & Haider (2015), setting 

thresholds for big data volumes is quite irrational. What is deemed big data today 
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differs notably from what big data was in the 2000s, and consequently, current 

perceptions are unlikely to meet future quantifications. Davenport et al. (2012) state 

that the constant increase in storage capacity as well as in database and analytics 

technologies will allow for even more extensive data sets in the future. As a result, "the 

minimum size to qualify as big data is a function of technology development" (Lee 

2017, 294). 

 

Variety proposes that data comes in many forms (Gandomi & Haider 2015). Unlike 

traditional data sets, which are structured and present textual or numerical data, big 

data has created a shift to unstructured data sets in which, e.g. social media, e-

commerce, sensors, and other devices connected to the internet add video, audio, and 

image files (Erevelles et al. 2016). The unstructuredness of big data has long posed a 

problem in efficiently computing the data sets, but ongoing development in analytical 

techniques has rendered the issue less of an impediment (Lee 2017). 

 

Velocity describes the rate at which data are generated and processed (Rajaraman 

2016). Big data comes with increased speed because, as mentioned above, the myriad 

of digital data sources and their continuous expansion up to the Internet of Things 

leads to high-frequency data creation, thus forming a need for real-time processing 

(Lee 2017). Despite real-time processing having become a norm for some companies, 

it is still in its infancy at many others (Drachen et al., 2016). Big data analytics creates 

a challenge considering traditional data management systems are not equipped to 

handle such massive data feeds (Erevelles et al. 2016). Conclusively, the demand for 

progressive big data architecture that allows organisations to constantly amass 

relevant information from high volumes of data and prompt action based on the insights 

is impending (Gandomi & Haider 2015). In this regard, Mäntymäki et al. (2019) make 

the situational assessment that today there exist various lucrative low-cost but efficient 

off-the-shelf analytics tools that enable even start-up sized companies to access basic 

analytical functions. 

 

Over the years, more dimensions have been added to more closely define big data: 

Veracity pertains to the noise that accompanies big data. Big data can be unreliable 

and uncertain since it stems from latent sources, can be error-ridden, inconsistent, 
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subjective or simply incomplete. In this context, Rajaraman (2016) mentions the 

faultiness of sensors or that many websites contain incorrect information, while Lee 

(2017) adds that customer reviews are based on human subjectivity and thus 

unreliable. Value means that big data alone is useless (Gandomi & Haider 2015). 

 

Only by applying analytics and turning the data into information can organisations and 

society gain insights that result in creating economic value (Chen et al. 2012; Lycett 

2013). Variability of big data concerns itself with the fluctuation of data flows. Variation 

of data flow rates, such as unpredictable event-triggered peak data is, challenging to 

manage and complex in nature (Gandomi & Haider 2015; Lee 2017). Gandomi & 

Haider (2015) further describe complexity as a feature relating to the number of data 

sources, which vary, like sensors, social networks, phones and many more devices 

and digital platforms. In turn, this renders the collection, cleansing, storage and 

processing of such heterogeneous data into a difficult task. Lee (2017) contributes 

decay to the existing spectrum. Decay points out that due to its high velocity, the value 

of big data turns obsolete quickly, and critical time evaluation is indispensable for 

organisations to create a competitive advantage. 

 

The described big data characteristics and their interactions are recapitalised by Lee 

(2017) in an integrated perspective (Figure 1). Traditional small data is seen as the 

subset of big data, with the same characteristics – volume, velocity and variety – only 

in a much narrower scope. The baseline three V’s are intertwined, and one dimension’s 

growth impacts all others. In doing so, the variability, complexity, decay, and value form 

a positive relation to the expansion of any of the triangular three V’s. In contrast, 

veracity is negatively affected by an increase. 
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Figure 1: Big Data as an Integrated Evolution of Traditional Data 
Source: Own Depiction based on Lee 2017, 295 

 
Although the general public understands big data analytics as a subdivision of the more 

extensive business intelligence and analytics field, academia applies different 

definitions. On the one hand, scholars describe it as new generations of technologies, 

architectures and techniques concerning data mining and analytical methods (Côrte-

Real et al. 2017). On the other hand, they perceive big data analytics as a “holistic 

approach to manage, process and analyse 5 Vs” (Fosso Wamba, Akter, Edwards, 

Chopin & Gnanzou 2015, 235). Nonetheless, they agree that big data analytics’s 

purpose is to efficiently extract value from enormous and complex data sets for various 

application areas to generate new ideas that direct to enhanced firm performance and 

naturally form a competitive advantage (Chen et al. 2012). However, big data and 

analytics’ potential value can only be reaped when it is actively leveraged in decision-

making processes (Gandomi & Haider 2015).  

  



 

 
12 

 
 

2.2 Theoretical Framework 
 

This study's theoretical framework considers two main disciplinaries: the knowledge-

based view and a dynamic-capabilities view connected with big data and analytics to 

form a coherent framework. The knowledge-based view of the firm serves as an 

extension of the resource-based one (Grant 1996a; Curado & Bontis 2006; Gupta 

2014; Davari, Nobari & Rezazadeh 2015). From this theory's point of view, knowledge 

as a resource makes up the essence of a firm's competitiveness: The organisation is 

turned into a system that harnesses, incorporates and spreads knowledge and at the 

same time coordinates the input of its knowledge-holding employees to create value 

(Wilkens, Menzel & Pawlowsky 2004; Denford 2013). Despite that, knowledge in itself 

does not suffice to make a company thrive unless managed correctly (Tseng & Lee 

2014; Shahzad et al. 2016). As Pauleen & Wang (2017) phrase it, human knowledge 

is seen as the main driver in unlocking the potential behind analytics; it plays a vital 

role in effectively utilising and applying the information generated from them. 

Consequently, the knowledge management perspective in handling analytics is 

adopted. 

 

The purpose of introducing this aspect to a dynamic capabilities view is that due to the 

extreme dynamism dominating today's markets, the ability to adapt and manage 

change effectively outranks the sole possession and even the management of 

knowledge in gaining a sustainable competitive advantage (Eisenhardt & Santos 2002; 

Gupta 2014). Moreover, scholars argue that knowledge processes are antecedent 

dimensions of successful dynamic capabilities (Ambrosini & Bowman 2009; Sher & 

Lee 2004; Zheng, Zhang & Du 2011). In a volatile business environment, dynamic 

capabilities help a firm navigate the resulting circumstances effectively to ensure that 

the development speed does not render existing capabilities rigid or obsolete. New 

business opportunities can be identified and leveraged (Winter 2003; Teece 2007; 

Reilly & Scott 2010). As Côrte-Real et al. (2017) state, big data and analytics support 

creating dynamic capabilities that are information-intensive, such as making out 

opportunities and threats, seizing the discovered chances and adjusting to 

technological changes.  
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This research project selects the described approach to pinpoint the ordinary 

capabilities in a firm's knowledge management process as a basis for the exploitation 

of analytics and how these underlying competencies affect the dynamic capabilities. 

The following illustration in Figure 2 provides an overview of analytics-driven 

knowledge management processes, also considered antecedents, which are needed 

to generate dynamic capabilities. The most important matters discussed in the 

literature review are gathered and summarised in this figure. Figure 4 shows a further 

break down of the anticipated knowledge management flows within a firm. 

 

 
Figure 2: Theoretical Framework 
Source: Based on Literature Review 

 

2.3 Knowledge & Knowledge Management Process 
 

Knowledge in itself is quite an ambiguous concept: Rich in complexity and abstraction, 

its definitions vary and have been discussed among scholars across disciplines for 

many years. Widely accepted is the definition of Nonaka (1994), who defines 

knowledge as a way to obtain truth in the sense that knowledge is considered a 

dynamic human resource that justifies personal beliefs. Knowledge is directly 

connected to the human thinking process and thus intangible in nature because it 
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draws on cognitive functions like perception, learning, communication, association and 

reasoning. This study is based on a mixed definition of knowledge, seeing knowledge 

as a strategic resource made up of purposefully collected information to help build 

organisational capabilities (Nieves et al. 2015). 

 

Despite its intangibility, knowledge has undergone a myriad of academic 

categorisations that make it clear that varying levels of this property within the construct 

exist. One of the earliest concepts by Boisot (1987) classifies knowledge into diffused, 

un-diffused, codified and un-codified knowledge. Besides that, knowledge is also put 

into know-what, know-why, know-who and know-how categories or divided into core, 

advanced and innovative knowledge (Kogut & Zander 1992; Lundvall & Johnson 1994; 

Allameh & Abbas 2010). The most accepted framework stems from Nonaka & 

Takeuchi (1995), which splits knowledge into explicit and tacit areas of expertise. 

 

Explicit knowledge is of formal and systematic character and can be codified and 

documented in tangible form (Nonaka, Toyama & Nagata 2000; Goel, Rana & Rastogi 

2010; Blomqvist & Kianto 2015). As a result, it is easily expressed in words or numbers 

and can be shared, processed and stored quite effortlessly too, for instance, in the 

form of data or manuals (Meso & Smith 2000; Jasimuddin, Klein & Connell 2005). Due 

to those dispositions, explicit knowledge can be accessed or made available to many 

people, which is also why it is easily imitated or copied by competitors. Contrary to that, 

tacit knowledge is hard to communicate, document or formalise and consequently hard 

to replicate. Nonaka & Konno (1998) characterise it as specific and context-related 

expertise possessed by a person. Implicit information resides in the human mind and 

reflects further to an individual’s behaviour and perception and, due to that, it is also 

subject to emotions, values and experiences (Nonaka 1994). From a company 

perspective, that type of knowledge is deeply ingrained into its structure and its 

employees, who also take that knowledge with them when leaving the organisation 

(Meso & Smith 2000, Goel et al. 2010). Tacit knowledge comprises two dimensions: 

Cognitive and technical (Nonaka & Takeuchi 1995). The cognitive side includes mental 

models, viewpoints and conceptions from an individual’s perspective. The technical 

aspect concerns concrete operational skills – the so-called know-how – a person 

possesses (Blomqvist & Kianto 2015).  
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Knowledge as a whole is the result of an evolutionary cycle taking place in a human’s 

mind. In this context, it is imperative to describe this flow and at the same time 

differentiate information from knowledge because, despite occasional correspondent 

usage, the terms do not describe the same. The cycle also called the knowledge value 

chain, starts with data, converges into information, leads to knowledge, and ends in 

wisdom (Shankar, Singh, Gupta & Narain 2003). Thus, knowledge relates to human 

action and is referred to as a skill, vision, experience or concept originating from 

information flows (Gao, Chai & Liu 2018). It provides the setting for the deep 

understanding, evaluation and application of both already existing and new data and 

information or practices (Soltani & Navimipour 2016; Intezari & Gressel 2017). During 

knowledge creation, the human mind synthesises flows of information with experience, 

values and insights (Shahzad et al. 2016). The second stage of the cycle pertains to 

information, which can be defined as organised, relevant, contextualised data serving 

to add to, restructuring or even changing knowledge (Nonaka 1994). Opposed to 

those, the data stage in the cycle is simply a set of discrete, unrelated and unordered 

facts, transaction-record or number-like in structure, and henceforth not classifiable as 

knowledge nor information (Goel et al. 2010). In the last step of the cycle, the individual 

gains wisdom through reflecting the knowledge (Gonzalez & Martins 2017). On an 

organisational level, the business value is created through leveraging the uncovered 

realisations. While the description of the cycle appears rather technical, it is crucial to 

retain that the whole process employs extensive cognitive processes and takes place 

in a person’s mind. Figure 3 summarises the above-explained relations of knowledge 

derivation and its explicit and tacit characteristics.  
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Figure 3: Knowledge Value Chain 
Source: Own Depiction based on Shankar et al. 2003, 192 

 
In the current information economy, data is available in abundance, presenting the 

immense potential for a firm's knowledge generation. The sheer data richness has 

indeed turned the management of the created knowledge more complex. As a result, 

the domain is an essential component ingrained into strategic management inside and 

outside academic literature. Although the importance of knowledge management 

keeps increasing, there is no common understanding nor definition of the concept 

(Krzakiewicz 2013; Malkawi & Rumman 2016). Recent findings describe the following: 

Shahzad et al. (2016) see it as the art of converting intellectual assets into any form of 

value creation for an organisation or its stakeholders. Contrary to that, Davari et al. 

(2015) emphasise the activities and processes involved in knowledge management, 

leading to better firm performance and creating competitiveness. Patil & Bamnote 

(2015) understand it as a set of methods that strictly escalate organisational 

knowledge's applicability. It can be perceived that the focus in knowledge management 

hence lies in the processes and capabilities. Such knowledge management process 

capabilities built the base of effectively conducting knowledge management within an 

organisation.  
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Depending on the study, the exact typology of knowledge management process 

capabilities varies, but the majority identifies four steps in the knowledge management 

process (Gao et al. 2018; Kaur 2019). Gold, Malhotra & Segars’s (2001) definition 

consists of knowledge acquisition, conversion, application and protection and is widely 

used. Various studies adapt this framework, such as Gonzalez & Martins (2017). They 

emphasise the creation, storage, distribution and use of knowledge, ignoring the 

safeguarding of knowledge from competition and opening up the conversion and 

application processes. Opposed to that, Kaur (2019) shortens the knowledge 

management process to three distinctions, keeping acquisition and protection 

processes and condensing all other aspects into the so-called knowledge combination. 

Rather than solely investigating general knowledge management, this study focuses 

on big data and analytics as the source of knowledge. In the literature, big data 

knowledge management properties slightly differ from traditional definitions: Besides 

big data collection and storage, its analysis and application processes are deemed 

necessary steps (Erevelles et al. 2016). Hence, the process of knowledge 

management is adapted to the field, combining and altering the previously discussed 

typologies. The chosen approach is depicted in Figure 4 and explained in the further 

sub-chapters. 

 

 
Figure 4: The Knowledge Management Process of Big Data 
Source: Own Depiction based on Literature Review 
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2.3.1 Knowledge Acquisition 
 

The knowledge acquisition phase's objective is to create novel knowledge (Gold et al. 

2001; Gao et al. 2018; Kaur 2019). Inspecting the framework from Gonzalez & Martins 

(2017), knowledge creation consists of four sub-processes: Organisational learning, 

knowledge absorption capacity, creative processes, and the transformation of 

knowledge. Organisational learning occurs via two main activities: Operational routines 

and routine manipulation (Zollo & Winter 2002). Routines are recognisable, repetitive 

patterns, and from the viewpoint of an organisation those patterns are simply a reaction 

to inner-organisational or external market impulses. Grant (1996b) sees routines as 

income generators since the habitual procedures effectively employ a company's 

assets, while Teece (2007) declares the alteration in routines to be increasing a firm's 

competitive advantage through change. Not only does big data subject IT-specialists, 

data scientists and analysts to immense routine modifications, big data analytics also 

lead to adjustments in top management decision-making routines. Where decisions 

were previously based on a gut-feeling, they can now be made in an informed, data-

driven manner (Davenport et al. 2012; Ferraris et al. 2019). 

 

An organisation's ability to develop and establish the routines mentioned above rely on 

the extent of experience, which in turn depends on the organisation's capacity to 

absorb knowledge (Gonzalez & Martins 2017). The provision of 'ba' referring to the 

shared context of knowledge creation within an organisation (Nonaka & Konno 1998) 

support the accumulation of experience. 'Ba' are physical or virtual spaces provided by 

the company which facilitate "the sharing and dissemination […] of personal 

experiences" (Gold et al. 2001, 190) and beliefs to produce and share tacit knowledge 

among employees. These spaces improve organisational operating routines (Philip 

2018). The incorporation of practical wisdom is another focal point in successful 

knowledge acquisition. As such, knowledge absorption refers to a firm's competence 

to locate and acknowledge the value of specific knowledge, adjust it to fit its needs, 

and finally apply it to reach a competitive advantage (Cohen & Levinthal 1990). 

Researchers agree that companies that practice the concept of knowledge absorption 

in the big data environment, namely through introducing the newly gained 

understanding from big data analytics to the prevalent contextual parameters, can 
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successfully manage knowledge and create value (Pauleen & Wang 2017; Philip 

2018). 

 

Big data and analytics serve the goal of knowledge creation by crafting new content or 

replacing the existing with both new explicit and tacit knowledge (Davenport et al. 2012; 

Pauleen & Wang 2017; Ferraris et al. 2019). Lee, Foo, Leong & Ooi (2016) constitute 

that this stage also involves filtering and selection processes so that only appropriate 

information is handed down throughout the subsequent phases. This statement aligns 

with Pauleen & Wang (2017), who attribute the derivation of new knowledge from big 

data to the analyst's choices and the utilisation of contingent expertise. The analyst 

impacts the knowledge creation from big data in creative and transformative ways. For 

example, they select the specific analytics tools, apply their previously gathered 

experience and are free to choose more innovative ways of handling the data 

evaluation approach itself. It is crucial to notice that the big data analytics results' value 

is heavily influenced by the quality of the data as well as the collection and analysis 

methods (Hazen, Boone, Ezell, & Jones-Farmer 2014; Ferraris et al. 2019). The 

acquired big data knowledge is either already a solution to a pre-defined problem or 

supports the initiation of organisational actions to enhance performance. 

 

2.3.2 Knowledge Storage 
 

The next step in the knowledge management process is to store the knowledge. This 

process seeks to unify and facilitate the retrieval and subsequent transmission of 

knowledge among individuals for utilisation and application purposes. Gonzalez & 

Martins (2017) identify three knowledge storage phase entities: Individual, 

organisational, and information technology. Scholars refer to both a person's tacit and 

explicit knowledge when referring to individual knowledge. Although all tacit knowledge 

and a big portion of the explicit knowledge accumulated in an organisation resides in 

the individuals comprising the organisation, the knowledge is created within the 

organisation and hence organisation-specific (Grant 1996a). In conjunction with its 

development, growth and dissemination, the environment a person lives in and their 

experiences, beliefs, motives, and emotions naturally shape the knowledge 

possessed. In reference to Pauleen & Wang (2017) and Philip (2018), it is noteworthy 
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that managers and professionals need to install the necessary infrastructure and 

system parameters to craft a beneficiary environment for their employees culturally 

and technologically, all while taking contextual dependencies into account. Otherwise, 

it will not be possible to conduct sufficient big data collection and evaluation on an 

operational level. 

 

In terms of organisational storage, a company's structure, practices and procedures, 

culture, and external and internal information filing systems are knowledge carriers 

(Gold et al. 2001). Organisational culture refers to the "deeply seated (often 

subconscious) values and beliefs shared by personnel in an organisation" (Martins & 

Terblanche 2003, 65). Thus, culture is a crucial storage and transmission vehicle for 

intra-organisational knowledge. In this context, Gupta & George (2016) underline the 

importance of a data-driven culture in big data environments so that employees can 

exploit the data successfully. Humans can widen the organisational knowledge 

depository scope by codifying and storing their individual knowledge in expert systems 

(Gonzalez & Martins 2017). While that knowledge is then turned explicit, employees 

and groups within an organisation still carry tacit knowledge. With the introduction of 

big data, the internal and external information repositories of a company naturally need 

to expand and change into more advanced and sophisticated systems due to the big 

data propositions which stand in conflict with how traditional data is stored (Davenport 

et al. 2012; Lee 2017).  

 

Lastly, IT-systems are a necessary means to store both personal and administrative 

knowledge to cater to the organisation's prosperity (Alavi & Leidner 2001). In the 

context of big data, that implies an organisation has to provide their workforce with 

storage systems like archives, databases and filing systems. While such repositories' 

virtual nature is a distinctive feature in the era of big data, the essence of such stored 

knowledge stays explicit (Philip 2018). As indicated in the paragraphs above, big data 

has the most notable impact on the IT storage systems mainly because of its three V’s, 

which creates a need for highly competent technological infrastructure (Lee 2017). Any 

technology that allows the firm to bank data, information and knowledge enables, 

supports, and boosts the creation of both organisational and individual knowledge. 
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2.3.3 Knowledge Conversion 
 

Gold et al. (2001) view the conversion phase as activities, which derive benefits from 

existing knowledge. In doing so, they claim a firm's integration, combination, and 

distribution abilities as critical enablers. The knowledge conversion process aims to 

gather and manipulate the knowledge residing in multiple firm repositories into a tight-

knitted knowledge foundation that proves serviceable to the firm (Kraaijenbrink 2012). 

As mentioned already, those repositories are, for example, individual members of an 

organisation or the organisational rules, structure, and culture. Capturing the 

knowledge from various sources is called knowledge integration, which "reduces 

redundancy, […] improves efficiency [… and] enable[s] the organisation to replace 

knowledge that has become outdated" (Gold et al. 2001, 191). It is a valuable and even 

crucial skill set for any organisation dealing with big data due to its high turnover, time 

sensitivity, and propensity for decay (Lee 2017). According to Gold et al. (2001), rules, 

routines and group problem solving make up the most valuable mechanisms to aid the 

integration process. Other research supports this postulation by highlighting the social 

interaction between colleagues like meetings, coffee breaks or project coordination 

which benefit the integration of knowledge in an organisation (Kraaijenbrink 2012; Gao 

et al. 2018). 

 

A central part of big data knowledge conversion is data analysis. Discovering 

underlying trends or patterns in the data exposes it to a context and transforms it from 

merely being a raw material to having a significant impact in decision-making in the 

form of information (Xu et al. 2016; Sumbal, Tsui & See-too 2017). Data analytics 

encompasses organising and structuring the data and channelling it into one of three 

main analytics types: descriptive, predictive, and prescriptive, based on the nature of 

the data and its purpose (Delen & Demirkan 2013). As a result, visuals and reports are 

created: While ad-hoc reports are usually limited to summary statistics to a variable 

degree as well as simple significance tests, e.g. ANOVAs and others, the big data era 

has led to more in-depth analysis methods such as mapping / multidimensional scaling, 

regression modelling, choice modelling and other stochastic processes (Lestringant, 

Delarue & Heyman 2019). The provision of proper business intelligence tools to grant 

interpretation and inclusive accessibility to the variously sourced data and results on 



 

 
22 

 
 

behalf of the company is an absolute must, and the application has proven to highly 

support knowledge dissemination (Lilien, Roberts & Shankar 2013; Sumbal et al. 

2017).  

 

The various sources from which data is collected nowadays have been discussed 

earlier and pose a juxtaposition worth investigating within the knowledge conversion 

phase. Taking the approach of computer scientists and engineers, Jeong (2012) 

characterises knowledge combination as a necessity to bring together different 

domains, positions, features and types of knowledge from in- and outside of an 

organisation to receive a heterogeneous picture of expertise to make well-informed 

decisions. An article by Xu et al. (2016) exemplifies this in proposing the fusion of big 

data analytics with traditional marketing analytics in a firm's knowledge management 

processes to stay ahead of the competition, especially in dynamic market 

environments. Others similarly argue that big data analytics transform, e.g. marketing 

activities drastically, which is why companies adopt traditional and big data 

combination (Erevelles et al. 2016; Côrte-Real et al.2017).  

 

The distribution of knowledge can be defined as "the process through which one unit 

(e.g., group, department, or division) is affected by the experience of another" (Argote 

& Ingram 2000, 151). Fundamental in knowledge distribution is the intentional 

improvement of knowledge or performance in the recipient units. The challenges 

knowledge conversion faces within an organisation are of two distinct aspects: the 

failure to fully communicate the knowledge accompanied by the deficiency to capture 

all needed knowledge and the measurement of successful knowledge distribution 

(Argote & Ingram 2000). Those issues stem from the fact that some acquired and 

stored knowledge is tacit and thus hard to communicate verbally (Nonaka & Konno 

1998, Kraaijenbrink 2012). Moreover, the measurement is hampered by the multitude 

of knowledge repositories within an organisation, which have only grown in number 

with the big data phenomenon. To correctly perceive whether an organisation is 

successful in knowledge transfer, a change of knowledge or performance in all different 

repositories – individual and organisational – would have to be observed, which is 

hardly possible (Argote & Fahrenkopf 2016).  
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As stated, data analysts use business intelligence tools to integrate, combine, and 

analyse the previously collected data, big and traditional, to turn it into insightful, 

valuable knowledge that generates an advantage for the company. The outcomes 

usually are reports or visualisations (Sumbal et al. 2017). While those are excellent 

supportive means in transmitting the knowledge derived from big data, there exists 

another necessary qualification for analysts: Concerning the betterment of the 

dissemination issues mentioned in the paragraph above, Davenport et al. (2012) make 

the statement that data scientists working with big data are in great need for excellent 

communication skills, besides their advanced analytical competences, so that they can 

effectively convey information to co-workers and decision-makers. This observation is 

valid for the whole knowledge conversion phase and ensures that the insights derived 

from big data analytics are integrated, combined and disseminated fluently and 

effectively.  

 

This section already acknowledged the social contact among employees that supports 

knowledge synthesis in a company. Gao et al. (2018) further open up this knowledge 

and experience exchange concept among individuals by taking it from mere social 

interaction to so-called communities of practice. These communities actively 

communicate expertise and develop a common identity within their specific social 

context. As a result, a certain behavioural uniqueness and a certain sense of 

communal reflection manifest themselves in such groups that significantly promote 

knowledge sharing. Various authors agree that people within an organisation 

contribute to establishing a knowledge network by sharing experience (Kraaijenbrink 

2012; Gonzalez & Martins 2017; Gao et al. 2018; Philip 2018). While such social 

communication can be a means of transferring both tacit and explicit knowledge, the 

support of IT-systems in upholding the knowledge network and the distribution of 

explicit knowledge among an organisation's individuals is undebatable (Gao et al. 

2018). Big data analytics heavily adds to this change. It encompasses a technology-

based analytical layer to the knowledge conversion process and has a significant 

impact in taking this action from an individual level to an IT-system supported one. 

Alavi & Leidner (2001) allege that employees can reach beyond formal communication 

boundaries with the help of IT-systems instead of the minimal exposure created 

through routine contacts in their quest for novel knowledge. The regular exchange with 
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immediate colleagues, namely, is unlikely to produce new insights since those very 

close work networks usually exist of co-workers who possess similar information and 

hence do not yield food for thought. Kraaijenbrink (2012) endorses this viewpoint, 

mentioning intranets and sharing data files as concrete affirmative actions for 

knowledge dissemination. These so-called 'cyber-ba' are prominent in big data 

environments. They offer a space, in the form of computer networks, virtual discussion 

groups, intranets or BI-tool-fed databases, where employees can look for novel 

knowledge by themselves or have the opportunity to directly contact others who might 

have access or possess the required knowledge (Philip 2018).  

 

In sum, knowledge conversion from big data is a process that necessitates the 

application of IT-systems and BI tools to combine and analyse various knowledge 

sources, which also spread the gained explicit knowledge. The organisation can 

support those actions via routines, as well as through its technological and cultural 

structure. Such behaviour will first enable and later enhance the social interaction 

between both individuals and groups to integrate the present tacit knowledge. The 

ultimate aim is to improve decision-making processes. 

 

2.3.4 Knowledge Application 
 

The application phase is defined by the company taking action and bringing about the 

full value-creating potential of the knowledge to capitalise on it and employ it for 

strategic purposes (Gao et al. 2018). Grant (1996a) and Alavi & Leidner (2001) 

conclude that this is the point where the competitive advantage of a firm is generated. 

This step concerns explicitly the enhancement of predictions and decision-making 

processes in which the accumulated knowledge is actually brought to use (Erevelles 

et al. 2016; Sumbal et al. 2017). Big data is of a considerable advantage here since it 

turns the strategic decisions into ones backed up by facts and figures (Ferraris et al. 

2019). Pauleen & Wang (2017) determine that this is because the novel knowledge 

extracted from big data expands the organisation’s knowledge base and leads to data-

based choices and activities. The creation of novel knowledge by application is of 

explorative nature, while data-based decisions are exploitative (Gonzalez & Martins 

2017). Grant (1996b) established that organisational routines, rules, and group 
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decision-making are core mechanisms in applying knowledge to create a competitive 

advantage. Technology assists in speeding up this knowledge application process.  

Automation and codification of organisational routines embedded within the 

organisation’s IT-Systems further support this and reinforce accessibility and 

transparency without the need for verbal communication (Alavi & Leidner 2001). 

Decisions in big data environments are not top-management decisions alone. Rather, 

data scientists make them, who can base their reasoning on numbers and find effective 

and fast solutions for problem propositions (Ferraris et al. 2018). In doing so, the social 

impact in managing knowledge is carried on through the knowledge application phase. 

 

As a result, big data analytics amount to a plethora of business opportunities in 

knowledge application through comprehending underlying patterns, quasi invisible to 

the untrained eye, about internal or external procedures, which finally lead to efficient, 

informed and comprehensively enhanced decision-making with the support of IT and 

collaboratives of individuals trained in big data analysis and interpretation (Alavi & 

Leidner 2001; Waller & Fawcett 2013; Gupta & George 2016; Sumbal et al. 2017, 

Pauleen & Wang 2017). 

 

2.3.5 Knowledge Protection 
 

Finally, the generated knowledge needs to be protected from theft or illegal usage, 

which is tightly knitted to preserving a competitive advantage and vital for any business 

(Gold et al. 2001). As established previously, big data knowledge can be both explicit 

and tacit. Out of those two properties, tacit knowledge is less prone to infringement, 

simply because it is hard to share verbally or in manifested form (Nonaka & Konno 

1998).  

 

First of all, the company can protect created insights thanks to 1) the identification of 

sensitive information and gatekeepers and 2) the implementation of organisational 

rules and policies as well as a culture of awareness among employees (Bloodgood & 

Salisburry 2001, Norman 2001). Secondly, operationalisation of the knowledge on 

hand can deliberately promote its protection (Desouza 2006): Widely accepted are the 

limitation of knowledge flows and labelling documents in various sensitivity levels. Graf 
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(2011) carry this thought further and elaborates that either turning knowledge explicit 

on purpose in case an employee leaves or preserving its tacit form by choice are 

effective strategies to prevent losses. On top of that, IT-Systems can, of course, keep 

track and control access through authentication procedures (Gold et al. 2001; 

O’Donoghue & Croasdell 2009). Last but not least, legal frameworks can be applied to 

keep knowledge from leaking outside the organisation. In the big data environment, 

this refers less to trademarks or copyrights but actually to non-disclosure agreements 

or other contracts with key employees (Norman 2001).  

 

As a final thought, Gold et al. (2001) put forward that when protection processes are 

lacking, the company-specific knowledge loses its inimitability and thus the propensity 

to create a competitive advantage. 

 

2.4 Dynamic Capabilities 
 

The concept of dynamic capabilities is a theoretical continuation of the resource-based 

view on organisations, and Teece & Pisano (1994) were first to discuss it. Today the 

overall matter is one of the more dominant theory approaches as part of strategic 

management literature and even considered the new standard in business-based 

research (Vogel & Güttel 2013). Teece et al. (1997) later elaborated on this concept: It 

constitutes the organisation as a pool of resources. Long-term success stems from the 

organisations' ability to adapt to volatile market conditions via dynamic capabilities. 

Such dynamic capabilities allow the organisation to adjust its competencies through 

continuous reconfiguration and integration. This adjustment represents a stern focus 

on the recurrent, evolutionary transformation of values, processes, and resources 

rather than simply selecting fitting ones or keeping up the existing ones (Wójcik 2015). 

According to Reilly & Scott (2010), without dynamic capabilities, a firm's core 

competencies would become outdated very fast and turn into core austerities rather 

than the root of a profitable asset. 

 

Following this notion, dynamic capabilities provide companies with high alertness in 

the face of changes in their market environment. If necessary, those companies can 

quickly act upon the opportunities or risks present in such situations (Reilly & Scott 
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2010; Winter 2003). Dynamic capabilities are the foundation for a firm to advance with 

its offering and improve its value proposition, which is always tied to the generation of 

knowledge about markets and technologies (Müller 2016). Through the effective 

reorganisation and integration of resources, organisations can anticipate market 

alterations, uncover opportunities for development and growth, as well as design 

innovative products or services to tap into new business segments (Teece et al. 1997; 

Nieves et al. 2015). All in all, organisations owning extensive dynamic capabilities can 

address market alterations faster and better than the competition. Thanks to the 

exploitation of chances paired with risk prevention, they reach a lasting strategic 

competitive advantage (O'Reilly & Tushman 2011).  

 

It is essential to distinguish between operational and dynamic capabilities in this 

context. Operational capabilities form the basis for performance, value generation and 

revenue streams grounded in organisational routines (Winter 2003). Their main 

building blocks are repetition and efficiency, including both tacit and explicit elements, 

to maintain the status quo (Wu, Melnyk & Flynn 2010). In contrast, dynamic capabilities 

are the foundation for managing change by developing new operative capabilities or 

altering routines to reach inimitable signature processes (Müller 2016). Hence, their 

main managerial drivers are adaptation, orchestration and innovation (Teece 2016). 

While operational capabilities can be bought or copied easily, dynamic capabilities 

cannot (Teece 2014). The table below summarises the differences between 

operational, also called ordinary, capabilities and dynamic ones in more detail. 
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Table 1: Distinguishing Ordinary from Dynamic Capabilities 
Source: Teece 2016, 211 

 Ordinary Capabilities Dynamic Capabilities 

Purpose Technical efficiency in business 

functions 

Congruence with customer 

needs and with technological 

and business opportunities 

Tripartite Schema Operate, administrate, and 

govern 

Sense, seize, and transform 

Key Routines Best practices Signature (upgraded) processes 

Managerial 

Emphasis 

Cost control Entrepreneurial asset, 

orchestration, leadership, and 

learning 

Priority Doing things right Doing the right things 

Imitability  Relatively imitable Inimitable 

Result Technical fitness (static 

efficiency) 

Evolutionary fitness (ongoing 

learning, capability 

enhancement, and alignment) 

 

Dynamic capabilities rest on well-functioning operational capabilities (Teece 2016). 

The two most critical pillars are individual knowledge and an organisation’s routines. 

The expertise is most visible in top management decision-making via key insights into 

market trends and the top management’s response to change (Adner & Helfat 2003). 

The organisational routines are deeply ingrained in the firm’s culture, one part being 

legacy and the other the influence of current management practices (Gratton & 

Ghoshal 2005). Interlinking the presented framework of capability distinction and 

knowledge management phases above, the latter can be defined as operational 

capabilities (Gold et al. 2001).  

 

Dynamic capabilities are at the top of the hierarchical structure of resource-based-

organisational change. As a result, they can offer a better understanding of any 

organisation’s strategy modifications in volatile market environments (Gupta 2014; 

Schilke 2014). Teece (2007) puts dynamic capabilities into three different categories: 

1) Sensing - the capability to notice both changes in the environment and the resulting 

opportunities and threats for the organisation’s development. 2) Seizing - the capability 
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to take advantage of the presented opportunities and simultaneously defy possible 

threats or risks in the market. 3) Transformation - the capability to reconfigure the 

resource basis in a lasting and sustainable manner so that an organisation can secure 

new business fields and competencies within itself and the market. 

 

2.5 Sensing, Seizing and Transformation Capability in the Era of Big Data 
Analytics 

 

In light of the big data phenomenon, there seems to be a consensus in academics that, 

in environments where dynamism is high, the primary source of competitive advantage 

stems from companies being able to create or reinforce their organisational capabilities 

through the use of big data analytics (Mikalef, Pappas, Krogstie & Giannakos 2018). 

Akter et al. (2016) further reflect on big data analytics' effect on dynamic capability built 

up. To be successful in working with big data analytics and gain a competitive 

advantage from it, they establish that a company needs to own 1) a flexible IT 

infrastructure, 2) established routines surrounding the management of all big data-

related processes and 3) expertise within its workforce. Côrte-Real et al. (2017) 

support this postulation. They mention that big data analytics applications allow for 

creating or enhancing dynamic capabilities such as organisational agility through 

effective internal and external knowledge management. On top of that, researchers 

advocate that the utilisation of big data analytics for information processing reduces 

uncertainty by stimulating insight and knowledge creation and increases capability in 

strategic decision-making (Chen et al. 2015).  

 

The sensing capability is reflected in upcoming trend anticipation via big data acquired 

knowledge, which organisations can use to form correct decision-making about the 

future (Fawcett & Waller 2014; Tambe 2014). This requires technical knowledge in the 

big data environment, such as programming skills, the ability to manage and maintain 

data structures and networks, as well as the know-how on designing decision support 

systems that incorporate and are driven by big data analytics (Lee, Trauth & Farwell 

1995; Kim, Shin & Kwon 2012). Moreover, the sensing capability is brought to 

realisation through the analysts, who should be highly aware of both technology trends 

and the firm's critical success factors. In other words, technology management skills 
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are in high demand. This emphasis on skill means that the employees need to ensure 

ongoing learning efforts to master new technology quickly, and most importantly, view 

big data as a mean rather than an end (Tippin & Sohi 2003; Kim et al. 2012).  

 

Seizing those promising new avenues through coordination of resources and 

developing a plan can only contribute to dynamic capability enhancement in firms that 

utilise big data in decision-making relates, when business proficiency is present (Teece 

2016). As of so, literature findings suggest that big data initiatives help companies to 

respond to external and internal changes, wherein perceived benefits in market and 

organisational structures can be seized with the support of big data and utilised by later 

on implementing reconfigurations to routines (Braganza et al. 2017). To achieve this, 

analytical personnel should be highly familiar with the company's policies, plans and 

business functions. Furthermore, they should have an in-depth understanding of the 

business environment, make sense of business problems accordingly, and procure 

relevant technical solutions for them (Byrd & Turner 2000; Kim et al. 2012).  

 

Last but not least, leadership helps to transform the firm so that it stays tuned to its 

business environment (Teece 2016). Real-time reflection of consumer needs is an 

advantage of big data knowledge (Erevelles et al. 2016), but an advantageous dynamic 

response to the changing preferences in the market can only be formulated, when 

managers shape the organisational abilities to accommodate the changes (Opresnik 

& Taisch 2015). Big data enables knowledge flows that give managers the opportunity 

to think and react differently: Executives may reach competencies through which they 

can even address sudden change because "they may know almost exactly what is 

going to happen outside and, consequently, decide the best path for the organisation 

to follow" (Rialti, Marzi, Ciappei, & Busso 2019, 2062). To support this, data analysts 

should possess both teamwork skills and customer insights. That kind of knowledge 

expresses itself in high-quality project management dexterity, outstanding execution of 

tasks in a collaborative work setting, the teaching of others and beneficial, closely-knit 

customer relationships (Jiang, Klein, Slyke & Cheney 2003; Kim et al. 2012).  

 

While ongoing learning and alignment with technology and customer needs are at the 

core of evolutionary fitness in big data environments (Akter et al. 2016; Teece 2016), 
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scholars also describe ad-hoc problem solving as necessary (Winter 2003; Tallon, 

Ramirez & Short 2013). Although this management style is not routine based, nor is it 

repetitive or patterned, it admittedly may "contribute positively to effectiveness and in 

that sense be akin to a skill or routine" (Winter 2003, 993). Especially organisational 

improvisation and industries with a need for meaningful creative influence can fall back 

on such a foundation of micro-patterns and yield success from innovatively sequencing 

and recombining them (Miner, Bassoff & Moorman 2001). Ad-hoc problem solving 

through big data analytics has also found to be advantageous in bettering access to 

information for decision-making: Tallon et al. (2013) proved that employers obtained 

the correct data at the right time and for the specific purpose. This timeliness and 

exactness highly supported suitable strategy formulation. 

 

3 METHODOLOGY 
 

This part presents the research strategy alongside the methodology utilised in the 

empirical part of the conducted study. The following sub-chapter dives deeper into the 

case selection criteria, the data collection process and data analysis. To conclude the 

methodology section, the study's reliability and validity are discussed. 

 

3.1 Research Strategy 
 

This thesis aims to uncover knowledge management processes in big data 

environments and their role in forming dynamic capabilities. Researchers relatively 

broadly charted the theory behind traditional knowledge management. However, 

insights on how big data affect the knowledge in need of direction and the connections 

drawn to reaching evolutionary fitness are rather unknown. As a direct consequence 

of this lack of academic expertise, the chosen approach is qualitative to increase the 

in-depth understanding of the research issue. As discussed in the research gap, this 

phenomenon has not been examined sufficiently, which is why this method is 

warranted. It is also highly suitable because it allows for profound explanation of 

authentic affairs via description and interpretation without a laboratory set up (Mayring 

2002; Gustafsson 2017).  
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The adopted research design is a multiple case study because it encompasses a 

comprehensive perception of a contemporary phenomenon (Yin 2003). As Baxter & 

Jack (2008) propose, a case study approach should be applied when the study's 

contextual matter is of high relevance, which is given in this circumstance. The lack of 

scholarly attention makes the multiple case study a suitable means to bring about novel 

insights and reveal yet unknown aspects. Thus, this thesis fills the gap the existing, but 

as of now inadequate, literature has left so far (Eisenhardt 1989; Gustafson 2017). 

 

The three case study designs postulated by Yin (2003) are exploratory, explanatory 

and descriptive research strategies. The exploratory approach is the design of choice 

for this thesis, thanks to its flexibility. This type is often linked to qualitative research 

where "the intervention being evaluated has no clear, single set of outcomes" (Baxter 

& Jack 2008, 548). The unfamiliarity and unknown problems of the mobile gaming 

business paired with the comparatively unexplored phenomenon of knowledge 

management processes and the interconnection of dynamic capabilities in the big data 

environment justify examining the topic via exploratory research. The methods of 

exploratory research employed in this thesis are secondary data, dubbed as literature 

review, and one-on-one expert interviews (Mayring 2002). 

 

Moreover, a research project can be approached using either inductive, deductive, or 

abductive logic (Doz 2011). While the inductive method relies on grounded theory in 

creating novel concepts, the deductive one tries to make such theoretical propositions 

testable. For this specific case, the abductive approach was chosen, because in it, “the 

continuous interplay between theory and empirical observation is stressed more 

heavily” (Dubois & Gadde 2002, 559) than in the other research perspectives. In 

abductive research, a theoretical framework is chosen preliminarily. This framework is 

quite influential in the sense that it articulates perceived preconceptions on the 

research subject. In a back and forth between these postulations and the empirical 

phenomena, or between the real world and the model world, so to speak, the 

researcher expands existing theory rather than generates completely novel concepts. 

As a result, the abductive research approach is about a systematic combination of 

matching theory with fact (Dubois & Gadde 2002).  
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3.2 Case Selection 
 

Identifying suitable cases for this research project's data collection started the selection 

process. The researcher first considered suitable interviewees. Different positions 

were considered to generate a maximally holistic picture of big data utilisation, 

knowledge management processes, and dynamic capability generation in mobile 

gaming companies. The focus was on Game Designers, Product Managers, and User 

Acquisition Managers because they are all part of the knowledge management flow in 

mobile gaming studios' big data environment to reach decisions that achieve a 

revenue-generating product and long-term success strategy. Thus, the chosen 

candidates highly relate to data-based decision-making in their day-to day-tasks. The 

interviewee selection was limited by company size, because the work environment 

needed to be large enough to require defined knowledge management practices and 

hence the opportunity to abstract dynamic capabilities from them. Owing to those 

needs, a large and growing community of the mobile games market, namely one-

person studios and micro-businesses, was entirely excluded from the sample. 

Approaching suitable interviewees was based on meeting the above defined case 

company criteria.  

 

From July to September 2020, potential interviewees were contacted via their email 

address or directly on LinkedIn. Partially the researcher’s connections in the industry 

through previous and ongoing work placements have also been leveraged to contact 

the prospects. In the initial messaging, the candidates were provided with a summary 

of the topic and the themes of the interview questions, namely (big) data usage, 

knowledge management processes and dynamic capabilities.  

 

Eventually, eight candidates from seven companies agreed to be interviewed. The 

businesses they work for vary from large international gaming companies with a focus 

on mobile to sizeable start-ups and mobile gaming ad networks. The experts 

accumulate between two to eleven years of experience in the industry. The companies 

are based in Canada, Denmark, Germany, Finland, United Kingdom, and the USA. 

Next to the size, each company's stage in business development differs. Table 2 offers 

more details on the interviewees.  
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3.3 Data Collection 
 

Next to observations or secondary data, research interviews are a means of collecting 

qualitative research data (Gill, Stewart, Treasure & Chadwick 2008). As opposed to 

casual conversations, research interviews are systematically prepared dialogues with 

a power-difference between researcher and interviewee, which serve a predefined 

purpose (Qu & Dumay 2009). Interviews allow for uncovering insights from topics 

relatively unknown, which is why they are the appropriate method for this study; they 

are also the only research approach applied. One-on-one interviews were chosen over 

group interviews so that the candidates have the opportunity to reveal personal 

knowledge and own experiences with the goal to achieve deeper insights into the topic 

(Gill et al. 2008). Prior to the interview, the questions were distributed to each 

interviewee to prepare for it. 

 

Forms of qualitative oriented research interviews are structured, semi-structured and 

unstructured interviews (Gill et al. 2008). This research applies semi-structured 

interviews. For this approach, the researcher has to arrange topics and question sets 

in advance (Kohli 1978). Appendix presents the question list used in this project. It is 

divided into three themes: (big) data usage, knowledge management processes and 

dynamic capabilities. The questions were developed based on the preliminary 

framework with the ultimate aim to answer the research question. The appended 

question list is a rough outline for conversation in the interview. Still, the interviewer is 

free to adapt the questions, include others, or omit some serving the discussion's 

natural flow (Mayring 2002). In that sense, the preformulated questions only functioned 

as an outline for conversation rather than a strict protocol to follow. An open debate 

was encouraged based on which the interviewer posed further questions. Each 

participant was invited to share additional comments and remarks on the topics after 

talking through the interview themes. Kohli (1978) further explains that the flexible 

approach of semi-structured interviews allows the interviewee to bring forth more 

extensive reasoning behind their insights throughout the conversation. The open 

dialogue this method creates thus supports the collection of a richer data set in terms 

of situational context because it offers more freedom and less rigidity, so semi-

structured interviews are a well-suited approach for this work's exploratory research.  
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Table 2: Overview over Case Companies & Interviewees 

Interviewee 
Position in the 

Organisation 
Company 

Country 

of Origin 

Approx. 

Number of 

Employees 

Interview 

Duration 

Interviewee 1 Lead Game Designer Company A Belarus >1,500 37 min 

Interviewee 2 Executive Producer Company B Germany <100 58 min 

Interviewee 3 
Lead User Acquisition & 
Monetization Executive 

Company C UK >100 25 min 

Interviewee 4 
Senior User Acquisition 

Manager 
Company D Canada >4,000 43 min 

Interviewee 5 Product Manager Company E USA >5,000 40 min 

Interviewee 6 Senior Product Manager Company F Finland <100 44 min 

Interviewee 7  Partner Manager Company G Denmark >2,000 26 min 

Interviewee 8  Partner Manager Company G Denmark >2,000 28 min 

 

The interviews were completed during a three-month time frame between July and 

September 2020. The exchange duration took from 25 minutes up to around one hour. 

Due to the fact that most interview partners were located outside of Finland, the 

conversations were conducted online via video calls. While face-to-face interviews 

would have been preferable for those held in the researcher's residence country 

Finland, the Covid-19 pandemic prevented that. All interviews were conducted in 

English, which was the only shared language between participants and the researcher. 

Additionally, the interviews were recorded with the participant's permission to facilitate 

the analysis of research findings, albeit only under the premise of deleting all 

recordings upon transcript completion. A confidentiality briefing preceded the interview 

in both written and oral form. In this study, all interviewees and their companies will 

remain anonymous since not being associated with their current or previous employer 

lowers the risk of exposure of confidential information and heightens the potential for 

more honest and comprehensive answers. 
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3.4 Data Analysis 
 

Data analysis in research strives to answer the research question to the best possible 

extent per the selected theoretical framework. Consequently, this thesis's analysis 

strategy and underlying methods were chosen as follows: First of all, the audio versions 

of all interviews were manually transcribed with high precision and attention to detail 

after each interview had been finalised. Transcription is a beneficial tool in managing 

data in qualitative research. It allows for systematic categorisation, classification, and 

proper analysis of the findings (Mayring 2002). 

 

Each interview's transcription process is essential in familiarising the researcher with 

the collected data individually. Eisenhardt (1989) describes this as the within-case 

analysis, where each case – in this project each interview – is inspected on its own, 

often summarised in written form. Revision and detailed note-taking on a case-to-case 

basis allow filtering through vast amounts of data without getting overwhelmed to 

detect distinctive patterns and trends in a single case before comparing the data across 

subjects. Another helpful tool, to keep focus on the study’s aim is to structure the 

annotations and observations of each interview based on their relationship to the 

research questions (Yin 2003).  

 

Intertwining the coding of emerging concepts and patterns with the data collection is 

common in qualitative research approaches. Both Eisenhardt (1989) and Yin (2003) 

agree that coding the single case before the next sample is collected helps improve 

the researcher's flexibility because it prepares them for the next conversation and the 

analysis ahead. This study also followed this procedure. 

 

The priorly conducted within-case analysis considerably sped up the following cross-

case analysis process. The comparison across multiple cases works towards drawing 

analogies between the various coded themes and patterns, so the conclusion holds 

meaningful connections, similarities, and differences yet excludes irrelevant case-to-

case variations (Eisenhardt 1989; Yin 2003). 
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The analysis’ findings were grouped together following the initially proposed theoretical 

framework. After close examination, four cyclical and one stationary phase of big data 

knowledge management were identified in the context of the mobile gaming industry. 

Those were integrated with three distinctive features for dynamic problem solving. This 

research employed the derived insights to develop an original theoretical model that 

elucidates the connections between big data-related knowledge management 

processes and the interlinked dynamic capability instalment in the mobile gaming 

industry. This model can be seen as an optimised knowledge flow that leads to long 

term success. 

 

3.5 Reliability & Validity 
 

A study is reliable when its reproduction leads to consistent and dependable results 

under the following premises: 1) the same research approaches and procedures are 

applied, 2) the scientist's identity is interchangeable and of no concern to the outcome 

of the study (Häder 2015). Characteristics that establish a degree of reliability in this 

study are selecting suitable research methods and an exact illustration of their goals 

and application. Over and above that, the interview questions have been written out 

and appended to this thesis to further ensure reliability. Nonetheless, the additional 

questions deferring from protocol cannot be documented due to semi-structured 

interviews' open nature. 

 

The high quality, objectivity and trustworthiness of any conducted study and its 

produced results are the pinnacle of academic conduct and so a subject of discussion 

in this thesis as well. During the whole research process, actions are to be taken by 

the researcher to ensure those three elements. A valid research project measures what 

it is supposed to measure: Thus, validity refers to appropriate research methods that 

provide accurate data collection and analysis and, consequently, lead to inferring 

generalisations from the results (Häder 2015). According to Mayring (2002), the 

researcher should divert exceptional attention to postulating both the research 

questions and the interview questions for data collection to steer clear of systematic 

error and corroborate validity. 
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Error and bias can happen in any research project. In this specific work, only a single 

interviewer exists. Hence, there is a higher probability of interviewer bias: a proposition 

where the interview conductor's demeanour and remarks can influence the 

respondents' answers one-sidedly (Krefting 1991). As Häder (2015) notifies this type 

of bias can also seriously affect the posed interview questions, the interview as a whole 

and subsequently the entire project outcome. The course of action to mitigate this bias 

was recording the interviews and their precise transcription. The researcher 

intentionally avoided implications, judgemental statements, or questions that might 

lead the participant on to create more objectivity. All interviewees' anonymity further 

increases the study's validity because more thorough and outspoken answers can be 

anticipated (Krefting 1991). At the end of each conversation, the candidates had the 

opportunity to add further information or comments on the matter, adding to the 

interviews' integrity and enhancing this project's academic soundness (Mayring 2002). 

 

The researcher has methodically pursued the hypothesised theoretical framework for 

the entire duration of the empirical research process, considering the mindful selection 

of the most fitting approaches for gathering and evaluating the data and the careful 

preparation of the interview questions based on the proposed theory. While such 

actions added to the study's validity (Krefting 1991), the interview conduction via video 

calls took away from it. The expansion of focus away from only Finnish toward more 

international case companies enriches this study with multi-cultural points of view. Yet, 

the lack of face-to-face interviews because of geographical distance and the Covid-19 

pandemic may have led to information losses and decreased validity. 

 

Despite some broader international scope of this study, there is a centralisation on 

North America and Central/Northern Europe. On account of that and most significantly 

attributable to the small sample size, this study's statistical generalisability is limited. It 

needs to be noted that the interviewees' responses are merely representations of their 

own experiences and opinions.   
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4 EMPIRICAL FINDINGS 
 

This chapter offers a review of the empirical research under the methodological 

procedures described above. The exploration of the findings mirrors the cyclical model 

depicted in Figure 5, grounded in the observed data. It shows the knowledge 

management processes, starting with knowledge collection, which flows into 

knowledge storage. Knowledge conversion and communication draws on the stored 

knowledge to be applied in the final phase. After that the process starts over and novel 

knowledge is created. The knowledge management process is accompanied by the 

dynamic capability built up. The sensing of trends allows to seize opportunities with the 

help of bias elimination. Transformation through owning the source of truth leads to 

successful long-term adaptation. The knowledge protection phase is crucial in keeping 

the gained insights and competitive advantage. Figure 6 describes the connection 

between the knowledge phases and the dynamic capabilities in more detail. 

 

 
Figure 5: Cyclical Knowledge Management & Dynamic Capability Model 
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4.1 Knowledge Collection 
 

The first phase identified is knowledge acquisition. Here creativity, decisions on 

selecting data points, trial and error, and contacts with external third-party companies 

lead to the creation of novel knowledge. This process is also very much dominated by 

routine adaptation based on the data influx. 

 

Upon conceptualising any game, there is the basic need to decide on the data points 

that are to be collected. Among the interviewees, there is a consensus to map each 

and every action a player takes within the game if possible. Interviewee 1 admitted that 

it "was a huge job to sort through later", a sentiment shared by Interviewee 2 and 4. 

The sheer volume of options and the nature of different game designs call for proactive 

ideation on which data points are vital to be measured and which ones could be 

secondary. Interviewee 1 expressed the importance of putting enough thought into 

data point selection and making it a collaborative team effort because those data points 

are the game's backbone. Unfortunate choices can lead to severe losses. At worst, 

they could lead to the need to re-engineer the game's pillars at a stage that is too far 

into production to properly fix the situation, resulting in either killing the product or 

delivering a highly unprofitable game. Such decisions come into play even more if the 

company sees itself under constraints, such as lack of human resources, time, or 

money. Interviewee 2 further strengthens this point by putting emphasis on the free-to-

play value proposition in mobile and how then the selected data points reach a 

heightened significance in this branch of the industry as opposed to PC or console: 
 

“That data is the only information we have in order to place a qualitative and 

quantitative value on our product. We don’t know if we are doing well or if we are 

doing poorly, unless we have that data and we don’t know if our customers are 

enjoying the experience or what fiction they might have if not for this data. And we 

have to operate at such a large scale in order to get to not only a profit, but a 

healthy amount of revenue – that can’t be done anecdotally, it can’t be done with 

a focus group. It has to be done with statistically significant numbers. Therefore, 

data point selection is incredibly important”.  

- Interviewee 2 
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Through both their own experience and external contacts to third-party providers such 

as attribution partners or ad networks, gaming companies also establish knowledge on 

KPIs and benchmarks that they use in ongoing projects, as Interviewees 1 and 6 point 

out. Third-party providers were often mentioned when it comes to knowledge 

acquisition within gaming studios. Interviewees 1 and 2 specify that big data 

environments required custom-built solutions but that those were only attainable for 

big companies with dedicated analytics teams. Custom solutions are indeed mostly a 

relic of the past. Instead, massive data sets are nowadays more efficiently handled 

through standard solutions offered by external platforms. Besides that, external 

contacts to Business Intelligence Platforms and Ad Networks provide access to the 

competitive landscape and help many gaming studios acquire novel knowledge 

regarding industry standards and market shifts. All interviewees agreed that it is much 

easier to understand market changes through such contacts and their insights. The 

most prominent examples discussed mainly by Interviewees 2, 7 and 8 are privacy 

concerns and laws which affect the gaming companies’ ability to collect data, such as 

GDPR or the most novel one, the SKAdNetwork changes imposed by Apple 

surrounding operating systems of iOS14.5 and upwards. Additionally, Interviewee 3 

and Interviewee 5 explained the importance of such contacts in their day-to-day work 

in creating a successful product and expanding its player base successfully via user 

acquisition campaigns. 

 

The proverb ‘trial and error’ sums up nicely how mobile game developers go about 

acquiring novel knowledge in general. In other words, it is “more about trying and trying 

and trying and failing a ton” (Interviewee 3), rather than getting it right the first time. 

Some part of this might include routines and absorbing already present knowledge, as 

Interviewee 6 explains. However, Interviewee 2 notes this process also asks for a lot 

of creativity, trying new approaches and finally reiterating different processes involving 

a variety of big data sets over and over, through which the team working on a game 

creates knowledge on what works for a specific project and what does not. They can 

establish a particular player base’s taste and start optimising the game towards a viable 

product, including monetisation strategies, live operation events and acquiring users 

through the whole game life cycle. 
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4.2 Knowledge Storage 
 

The second phase is the knowledge storage, which consists of key individuals, web-/ 

cloud-based or other digital knowledge bases, and the company's culture. 

 

The interviews provided detailed evidence on key individuals' importance as 

knowledge storage. The reliance on such key individuals comes to fruition based on 

the high turnover of data, making it hard to keep company-wide logs up to date across 

all the firms participating in this study. In the case of Interviewee 1, that meant that his 

company "organically move[d] to having no written information rather than wrong 

information". Interviewee 3 went as far as describing the storage of knowledge as a 

fully individualised process. Learnings about internal games, market trends, and other 

areas of expertise entirely reside within the personnel, assisted by only a few 

documents. In his words, "there is no […] encyclopaedia […] which we use internally". 

Interviewee 6 agrees that "knowledge mostly comes from the human" and further 

describes himself to be a knowledge reservoir that other colleagues tap into, based on 

his year-long experience in the industry. 

 

Static knowledge storage, such as internal knowledge bases, is utilised, and especially 

Interviewee 2 is a strong advocator. But as already stated, this poses a challenge for 

many employees due to the big data environment dynamics. Interviewee 4 explains 

how he always tries to make time to update internal knowledge bases and, as a team 

lead, encourages his team to do the same. Interviewee 2 criticises that some 

knowledge, primarily how to act based on specific numbers, is hardly institutionalised 

within individual studios, endorsing Interviewee's 4 points. The only exceptions are 

companies that belong to the industry giants.  
 

“[W]hat action you are going to take with the data, […] a lot of people don’t 

necessarily know how to do [that], they know that retention is going down, or they 

know that retention is going up. What does one do with that? What is a funnel? 

How can one manipulate this? That knowledge is also not institutionalised. Very 

often if you go to the biggest companies that are the incumbent, they have it very 

smartly institutionalised and keep that knowledge. And they know when this 
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happens, do that thing, as if it’s an actual boot camp. A lot of other companies, 

small to mid-sized especially, don’t know how to do that.”  

- Interviewee 2 

 

Interviewee 1 confirms this:  
 

“We do have these written retention targets based on the genre and our past 

experience. And those don't change that often, so those can be written in one place 

and we can always look at them. So, okay, our retention is now this and it should 

be this based on our historical data and our knowledge of what other games have, 

so that works. But then the way of the information of how those turned to those 

numbers. That is something that nobody ever took the time to write down. And that 

is I think one of the biggest gaps, you have the end result, like in retention data. 

We know the numbers, but we don't have it written down, how we got there.”  

- Interviewee 1 

 

While static knowledge depositories do not seem to be the best solution for knowledge 

storing as per the interviewees, they find a consensus that as long as knowledge is 

stored statically, it should be easily understandable and readable. The pointed-out 

inadequacies regarding written down knowledge pools reinforce the importance of key 

individuals as knowledge repositories. While Interviewees 2, 3 and 6 showcase this to 

be a feature of SMEs, Interviewee 1 confirms this also is prevalent among bigger 

companies.  

 

This leads further to evidence that knowledge is also stored within the organisation 

itself, namely in its culture. Interviewee 2, for instance, expresses that only companies 

who do not understand the importance of scalability dismiss data-driven knowledge 

institutionalisation. Both, Interviewees 4 and 1 point out how a lack of the appropriate 

organisational values in their companies lead to big data derived knowledge was not 

being recorded properly or dismissed during decision-making. Interviewee 6 

meanwhile presents the counter-draft and points out how his organisational culture 

propagates the data-driven approach from its core.  
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4.3 Knowledge Conversion and Communication 
 

The third part of the cycle is to convert the knowledge. Throughout this stage, 

information is taken from various sources within the company, analysed, interpreted, 

and then openly, transparently, and intentionally disclosed. This process's making or 

breaking point is the companies' attitude towards a data-driven culture. 

 

Integrating, combining and analysing the data in a way that yields a conclusive 

outcome and produces concrete next steps is vital to many game studios. 

Fundamentally the industry has understood the value of data, but the eye for analytics 

and data-handling to derive insights seem to be lacking across many employees. 

Interviewee 2 expresses his concerns in this regard with the following analogy: 

 
“All the game teams I work with and all the product teams that I work with, very 

clearly say that there are two specific components to working with data. One is just 

being able to understand and communicate the news of the day, […] [p]oint number 

tow is the insight you derive from the news. […] If you don’t know how to derive 

insights, your data is useless.”  

- Interviewee 2  

 

Distributing the derived insights would be the next step. Transparent and open 

communication is essential for the whole studio. As Interviewee 1 put it: "Everybody 

knew […] what [data] we were collecting and […] why we were collecting [it]." However, 

due to the constant and massive influx of data, this open sharing process becomes a 

feast to accomplish. Interviewee 1 stated that at some point, "it's a collection of so 

many data points from so many people that it [the information] came out almost 

exclusively through informal discussions". He also mentioned that with growing 

company size, silo approaches and some teams' isolation started to limit the 

information flow. Knowledge dissemination became increasingly difficult, especially on 

an inter-team basis. However, according to Interviewee 2, "not everyone needs all of 

the information," which naturally comes with high data turnover. It is much more 

important to filter and direct the communication to the correct people or teams within 

the organisation while keeping pathways as transparent and open as possible.   
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While dispersing knowledge is relatively easy within the team, cross-collaboration is 

not always. While intra-team collaboration was substantial, according to Interviewee 4, 

there was a lack of cross-collaboration in his company which he highlighted in the 

following statement: 

 
“I think it's vital to share data and knowledge across departments, especially user 

acquisition and monetisation because we are so co-dependent, I think Company 

D did a terrible job of doing this. And that's why they are failing.”  

- Interviewee 4 

 

Inter-functional teams' positive influence and effectiveness in spreading information 

across departments were also strongly stressed by Interviewee 7 and 8. They 

presented several cases where clients moved from monetisation to user acquisition 

teams and delivered greater effectiveness due to understanding both sides of the same 

coin. The interviewees also quoted a high involvement of the creative team as 

decidedly beneficial to first inducing a better mutual understanding of data-driven vs 

creative approaches and, in return, being able to reap a higher revenue from the game 

project. 

 

In sum, the interviewees time and time again highlighted how vital data-driven culture 

and data literacy among all employees is for this phase, for all kinds of decisions from 

feature development over game launches to user acquisition strategy and overall 

company directive. The free-to-play model causes the industry to experience a 

prevalent clash between the creativity it used to be built on and the data it is driven by 

today. 
 

“Since the fundamental logic of these games changed to this free model and the 

realisation that data needed to be worked with, the problem was if you hired 

traditional game developers who had been in the industry, let’s say from the 1970s 

up to 2000s or some combination of that, this type of game development, simply 

had not existed in their time and they struggled. Data driven development of a 

creative medium was not existent at the size or scale that these game companies 

expected.”  

- Interviewee 2  
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Interviewees 1 and 4 confirm this challenge and see it as one of the most notable 

confrontations gaming studios have to mitigate within their workforce. While 

Interviewee 2 brings about how the introduction of product managers has mitigated the 

severity of the challenge in his eyes, Interviewee 4 still sees a significant lack of data 

orientation among his company's product management. On the report of Interviewee 

7 and 8, the lack of data literacy also extends to User Acquisition specialists among a 

variety of mobile gaming studios worldwide. However, according to them, the lack of 

data-driven culture seems to be much more prevalent in the Americas than in Europe. 

 

Other challenges noted, which do hamper the effectiveness of converting knowledge 

within organisations, are language barriers across the gaming studio landscape itself 

and third-party providers. Interviewee 6 mentions one specific stop in his career, where 

the studio was “half Japanese, half English”, and translation difficulties lead to a more 

considerable emphasis on distributing knowledge through key individuals. Additionally, 

Interviewees 7 and 8 mention several international clients, where important information 

did not reach key decision-makers due to a language barrier. Those problems were 

resolved only once the barrier was removed by pairing their clients with account 

managers by native language. 

 

4.4 Knowledge Application 
 

The last part of the cycle is the knowledge application. In this section, the available 

data is either explored and transferred on an intra-project level or exploited by utilising 

it for incremental KPI based adjustments and hypothesis testing. Routines also 

somewhat play a role in exploiting knowledge. Formulating action plans and taking the 

next steps happens through applying group problem-solving techniques. After the 

knowledge has been applied, the cycle starts over, and novel knowledge is created.  
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Almost all interviewees mentioned KPI based step by step alterations. Interviewee 1 

shared a detailed example of how actual tutorial funnel completion metrics vs their 

benchmarked KPIs would prompt action, in terms of "making changes [to the game], 

redeploying it and getting new users and then looking at the data again and redoing 

things". A similar logic is described by Interviewee 5, who stresses that constant 

iterations help to come up with new builds and new ideas while controlling the outcome 

of the project. Those repetitions establish whether certain game features are working, 

whether issues are easy to fix or whether the project should instead be abandoned in 

favour of moving on to the next one. Interviewee 6 draws a similar conclusion for a 

game's live operations, where certain hypotheses are tested based on the available 

data. Within those iterations, routines can be found to be stabilising factors, and 

previous learnings can be applied "when […] com[ing] to the same crossroad in other 

projects" (Interviewee 6) at a later point in time. Similarly, Interviewee 2 states how the 

big data set up within mobile games make it possible to transfer and explore novel 

knowledge across different applications by looking at the revealed user behaviour and 

cross match that with similar types of users: 
 

“One could reasonably say if you use one type of application, then there’s a very 

high likelihood you’re going to use a similar type of application. Therefore, if we 

know your behaviour in application A, we can apply with a good level of confidence, 

the same learnings to application B.”  

- Interviewee 2 

 

Interviewee 2, though, advises to heed some caution nonetheless and never "just 

blindly copy" what others did on a particular project and "assume that everything will 

be the same". 

 

Group problem solving was often mentioned to transform presented data into action. 

Interviewee 2 describes the following scenario: "[The product managers] were able to 

purely analytically deconstruct what is working and what isn't working and provide 

insights to the creative team to help inform their decisions". Interviewee 1 gives a 

similar introspective into how he built diverse teams around solving several issues a 

game showed within the first release stages. Interviewee 3 agrees and adds that 



 

 
48 

 
 

connecting the right people is crucial when the next steps or an action plan is to be 

formulated. 

 

The most often described issue within knowledge application is the lack of education 

and expertise among gaming studios. Interviewee 4 especially recounted a negative 

example of how his company was able to work through all the previous steps of the 

knowledge management cycle. The company then did not manage to turn insights into 

action at all. According to him, KPIs were disregarded, and group problem-solving 

techniques failed due to employees being either uneducated on data science or focus 

groups being imbalanced, favouring creatively oriented co-workers. Interviewee 1 

encountered similar issues and responded that co-workers who had only recently 

graduated were driving KPI based gameplay adjustments to maximise the possibilities 

of success much more than others. Interviewee 5 agrees that your co-workers' 

expertise plays a huge role in successful knowledge application. Independent from 

each other, Interviewees 7 and 8 state that both autodidact and cross-entry rates are 

high within the gaming market regarding the sector's engineering and business side. 

Machine learning outcomes and algorithms are still a foreign concept to some business 

specialists in mobile games. A viewpoint seconded by Interviewee 2, who concludes: 

"[The gaming industry] is ultimately a passion industry […] that never had a direct 

professional career until very recently." He further elaborates that through this lack of 

professionalism, unhealthy practices were created in the past and that business 

expertise is still absent in many studios today. 

 

4.5 Knowledge Protection 
 

Knowledge protection is of great relevance for this industry. As opposed to being part 

of the big data knowledge management process and the interlinked dynamic capability 

build-up, it has been identified as a stand-alone surrounding the cyclical model to keep 

the knowledge accumulation within an organisation safe from imitation by competition. 

Protection of information is mainly enforced via administrative software and NDAs. 

Nevertheless, the latter has a solid connection to the employee's mutual trust and 

morale and their current or previous employer. 
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Restricting information flow and having administrative systems in place depends on 

the company's age and operational level. Interviewee 5 depicts one end of the 

spectrum with very tight access control such as two-factor authentications across every 

software, including fast access control schemes. In contrast, Interviewee 1 sat on the 

other side of it. Everyone in the company has had access to all information and no 

administrative systems on their electronic work devices.  

 

It is apparent from all interviews that employee turnover within the mobile games 

industry is relatively high. Especially migrating from one studio to another or from one 

branch of the industry to another related field in the industry, such as ad-tech, seems 

quite common. Those scenarios are especially exemplified by Interviewees 6, 7 and 8. 

There is a consensus among the interviewees that sensitive data such as KPIs are 

usually not shared in exact terms when leaving one studio and taking up a new job at 

another. NDAs are kept in place in significantly bigger companies more commonly. 

However, NDAs are not seen as an overly effective strategy, as Interviewee 4 and 6 

admits that ballpark numbers are shared regardless. Mutual trust and an employee's 

morale seem to be much more critical factors, according to Interviewee 1, 4 and 6. The 

challenge of the industry presents itself in the following: one "can't enforce an NDA 

over the knowledge you have gained about an industry [nor can one] NDA the 

learnings" (Interviewee 2) an employee derived from a previous job. 

 

4.6 Sensing, Seizing and Transformation Capabilities & Ad-Hoc Problem 
Solving 

 

Sensing, seizing and transforming are essential in generating long term success 

through competitive advantage. The interviews transmitted very distinctive features for 

each phase. Sensing trends in the data and the market environment comes in handy 

and mainly relates to interactions transitioning between the knowledge collection and 

knowledge conversion & communication phase. Seizing those trends in the data 

happens by validating the data and eliminating biases, which unites throughout the 

knowledge conversion and knowledge application phase. Lastly, transformation can 

only occur when an act of ownership is present among employees and leadership. 
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Figure 6 explains the relationship between the knowledge phase and the capability it 

feeds into.  

 

 
Figure 6: Relationship between Knowledge Management Phases and Dynamic Capability Creation 

 

The big data environment can be seen as the single most crucial contributor for sensing 

opportunities or threats in the market. Dedicated BI Teams, and the usage of Marketing 

Platforms to keep an eye on the competition and informing oneself about industry 

development through ongoing market analysis, were tactics mentioned to sense 

upcoming market changes and find opportunities. Two such examples were brought 

up by Interviewee 1. His company discovered an underserved game genre and 

avoided an overcrowded one through the above-described actions. Interviewee 3 

commented that they could anticipate both the immense growth of a particular genre 

and a significant competitor's entrance through ongoing market research and big data 

ingestion. More prominent companies have the option to run pitching game ideas from 

small independent developers, which the bigger studio will then take up to fund and 

bring to fruition if deemed to be successful by a jury. Sometimes "you would see the 

same pitch from different developers, and that would give you a sense of where the 

market was going" (Interviewee 5).  

 

Picking up on one's user base's sentiments is another crucial aspect in intercepting 

market behaviour.  
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“We make the game first and then we later look at what we might want to know 

about the gamers, when later on in a project we were much more informed about 

what we already know, what we need to collect and then that also kind of informed 

us about what kind of game to make.”  

- Interviewee 1 

 

This point of view is also endorsed by Interviewee 5, yet he is advocating fiercely to 

keep one’s focus on the core players: 

 
“It [the data] really does help to bring out kind of the truth of what’s going on, 

because so often with players, I’m sure with any app, but especially with games, 

there’s always a very vocal, usual minority that is upset about something, but is 

really loud about it. And whatever public forum, that does not necessarily mean 

that the experience they’re having is typical to your average user or even to the 

user base that’s going to help you monetise the most”.  

- Interviewee 5 

 

Within the seizing capability, it is of utmost importance to validate the generated 

information and eliminate as much bias as possible. At this point, it is indispensable to 

work in cross-functional teams, keep learning, and keep educating each other so that 

the source of truth can be found. Interviewee 5 asserts why this is important: 

 
“You can kind of tell different stories with the same data. So what’s really been my 

success and why I feel like I have any knack for this kind of work is because I am 

kind of obsessed with calling out assumptions when I see something, just in a data 

set in general that I think is either incorrect or biased in some way, I need to call 

that out because that is going to influence all these different investment decisions 

that we make”.  

- Interviewee 5 

 

Interviewee 1 points out how the active desire to learn from the data and educate each 

other was the main driver for why his studio lived through the start-up phase. Over 

time, this attitude also helped bridge the chasm between data-oriented and non-data-

oriented people, especially in management positions. Interviewee 6 is echoing this 



 

 
52 

 
 

sentiment and adds the co-worker angle. In his opinion, the studio veterans need to 

educate the younger colleagues so that various predispositions can be steered clear 

off. For example, he sharpens teammates’ eyes for timely feature introduction, explains 

how to draw reasonable conclusions from data, and ensures a mobile-centric view in 

game development. Interviewee 2 also strongly advocates for avoiding this selection 

bias, including several other bias types. He says, for example, that product managers 

are “able to work with data sets and […] not [be] biased by emotion or creative 

direction” as opposed to the old brigade of gaming studio professionals. When it comes 

to handling data specifically, he adds: 

 
“One major component of it [data analysis] is the inherent biases we have 

whenever we look at a set of data, we have confirmation biases, observation biases 

and selection biases. […] [T]hese biases, if you don’t know how to account for them 

or factor them in, they will massively skew what you see and can bill from the data. 

And that’s one of the biggest pitfalls for games, because, again, you’re talking 

about a creative and passion-based industry that has to be looked at in the most 

uncreative and the most unbiased way.”  

- Interviewee 2 

 

Integrating this validation process based on scientific methods is crucial in finding the 

‘because’ or the source of truth to learn from mistakes and do the right thing. 

 

Finally, the transformation phase ensues. During transformation, the source of truth is 

established through bias elimination, and ownership of facts leads to successful long-

term adaptation. This metamorphosis by doing the right thing can only be achieved 

through adept project management skills, business proficiency and data literacy. If 

those requirements are not met, and ownership is absent, a company’s previous efforts 

to establish dynamic problem-solving skills become obsolete. Interviewee 4 heavily 

underlines this point in describing several product launch failures, which resulted in 

monetary losses for the company. The situation was caused by a lack of ownership 

among varied positions in the company and the fact that decision-makers turned a 

blind eye to the data presented to them. Interviewee 5 summed it up the following way: 
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“So, data can really help clear up, not what people think is going on, but what’s 

actually going on. So, when you have data science teams and product managers 

and executives that kind of speak data and can help read deeper into it, I think it is 

a competitive advantage. And at this point in the industry, it’s absolutely necessary 

to find success.”  

- Interviewee 5 

 

However, something to be kept in mind is that this dynamic problem solving is not 

always workable in the game studio environment. Instead, ad-hoc problem solving 

needs to be applied as well. The interviewees continuously describe their segment as 

a passion industry, where creativity is a very much needed influential factor. For 

instance, Interviewee 2 talks about how big data derived transformation processes 

cannot replace the creativity behind any successful game. Finding impromptu solutions 

in fast-paced environments, such as fixes to live operations or troubleshooting data 

pipelines, are brought up by Interviewees 1, 3 and 6. Data orientation aside, creativity 

and agility within the trial-and-error approach are considerable contributors to finding 

success for a game, too. 

 

5 DISCUSSION  
 

The discussion concludes this research project. It summarises academic contributions 

and managerial implications and critically evaluates the limitations of this study. Lastly, 

recommendations on future research surrounding the topic are given. 

 

5.1 Summary of the Empirical Findings 
 

This study aimed to provide deeper insights into the role of big data analytics in 

managing fundamental knowledge processes and creating the dynamic capabilities 

needed to ensure long term success. Moreover, this thesis helps to fill the research 

gap in understanding the big data knowledge process implementation in companies, 

the exchange of information between top management and employees during this 

development, and evolutionary fitness. Doing so, this research combines knowledge 

management theory and dynamic capabilities within one point of view in the big data 
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environment. The literature that concerns the mobile games industry is inadequate 

despite its immense and ongoing growing relevance, so this research project also 

endeavours to expand existing theory in this particular field. 

 

Drawing relations to the existing literature and the initial theoretical model, this study 

discusses its findings in connection to the main research question: 

 

How is big data knowledge leveraged in the mobile gaming industry's decision-making 

to ensure long-term success? 

 

As recognised by existing theory, the application of big data analytics changes 

decision-making across all company levels (Davenport et al. 2012, Ferrari et al. 2019). 

The findings of this study support this claim. In fact, it was made clear from the 

interviews that data truly rules all operational areas of a mobile gaming studio, from 

the initial creative output to the final game design to live operations and marketing and 

user acquisition. This research project classified insight handling into five phases and 

features three distinct dynamic problem-solving areas. Those were combined into a 

cyclical model reflective of a mobile gaming studio's streamlined knowledge 

management processes and dynamic capabilities. This original theoretical model 

showcases how big data is leveraged in decision-making within the mobile gaming 

industry to achieve long term success.  

 

Two sub-questions supported the main research problem. The first being: 

 

1) What knowledge management processes in place facilitate the exploitation of big 

data and analytics? 

 

On the one hand, mobile gaming companies' knowledge management processes align 

with existing literature. On the other hand, they also deviate somewhat from previous 

findings. 

 

While data itself represents explicit knowledge, most critical knowledge in need of 

management is indeed tacit. It became evident that the impact of data-driven culture, 
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yet even the basics of data literacy, is immense. Human intuition and an emphasis on 

key individuals in data analysis prove the tacit nature of mobile gaming companies' 

decision-making process. 

 

Knowledge acquisition leans heavily on the explicit side because the most prominent 

part is collecting data points. Big data technology puts forward an overwhelming 

amount of data points, something that puts strain on a company's knowledge 

management processes and overall infrastructure (Lee 2017). This is why gaming 

studios of all sizes are looking towards a combination of contacts with third-party 

providers and their creative approaches and expertise to collect insights from the 

gathered data and gain additional novel industry knowledge. Still, mobile gaming 

studios struggle with the sheer number of potential factors and elements to choose 

from when selecting the data points to track, benchmark and turn into KPIs, which Xu 

et al. (2016), as well as Lee et al. (2016), acknowledge. Pauleen & Wang (2017) put 

forward that creativity and individual experience are key in knowledge acquisition, 

which this study endorses, too. Further, this project underlines the already prevalent 

importance of routine modification (Teece 2007; Davenport et al. 2012; Ferraris et al. 

2019). Yet gaming studios struggle with long-term routine implementation, which is the 

main income generator (Grant 1996b). Knowledge absorption is crucial in the routine 

development process, but the provision of cyber 'ba' for knowledge dissemination 

which previous literature has focused on (Gold et al. 2001; Philip 2018), is not the 

issue. Rather, there is little knowledge to absorb based on the structural challenges of 

an immature infant industry that lacks institutionalised educational backgrounds and 

professional career paths. 

 

Considering knowledge storage, the emphasis of previous literature was on the 

difficulties of providing a capable enough IT infrastructure in light of the five V’s big 

data imposes on such systems (Alavi & Leidner 2001, Lee 2017). However, this study 

found that the five V’s pose a much more significant challenge to the individual than 

the current IT infrastructure. According to Gonzalez & Martins (2017), individuals codify 

their knowledge into expert systems and add to organisational learning. While the 

gaming studios provide those expert systems, individuals cannot keep up with how fast 

the information changes, so that knowledge bases are often obsolete or contain only 
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the basics. As a result, individuals are key knowledge repositories of valuable and 

specified information. Gupta & George (2016) emphasised the massive role of a data-

driven culture for big data to be exploited successfully, which is extensively supported 

by the presented findings. 

 

Due to the intensive role that key individuals play, it is no wonder that social interaction 

is the most significant contributor in disseminating knowledge across the organisation, 

be it in the form of cross-functional teams or formal and informal meetings. As Gao et 

al. (2018) mention, communities of practice are found within the workplaces. While this 

thesis finds them to be a great asset within the companies' knowledge distribution, the 

statement made by Alavi & Leidner (2001) that such efforts need to be cross-

collaborative remains very much valid as well. Still, it seems to pose a challenge in 

many cases. While Davenport et al. (2012) attribute this to data-oriented employees' 

communication skills, this study reveals that the challenge is somewhat related to a 

lack of even the most basic terminology and very low data literacy among the non-

data-oriented workforce and decision-makers. This contribution once more builds the 

bridge to proper data-driven culture (Gupta & George 2016), which is of utmost 

significance in creating a meaningful knowledge flow within the big data context. 

 

Companies can apply the data generated insights in various ways. Most notably, 

utilising this knowledge can also be recognised as a success determinant for the firm. 

The results of this study mostly go under existing literature. This work agrees that data-

based choices and data-based activities (Pauleen & Wang 2017), such as KPI based 

step by step adjustments or benchmarking target values (Ferraris et al. 2019), are 

reasonable exploitative ways of strategic decision-making (Gonzalez & Martins 2017). 

Additionally, both expertise and cross-collaborative group decision-making can be 

confirmed to be the main drivers of successful knowledge application (Ferraris et al. 

2018; Grant 1996b). 

 

This study reveals that sensitive information, while identified, is hard to protect because 

of the prevalence of individuals as key knowledge carriers. As suggested in previous 

findings by Bloodgood & Salisbury (2001), organisational rules and policies to protect 

the knowledge vary strongly by company size and age. They seem to be only 
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implemented stringently and enforced to the full extent within the more prominent 

corporations, representing a small fraction of the mobile gaming segment. A similar 

situation presents itself with access control and authentication procedures 

(O'Donoghue & Croasdell 2009), which finds partial support by this thesis. Graf's 

(2011) suggestion to turn knowledge explicit when an employee leaves might be a 

valid strategy for more traditional industries than mobile games. The presented 

outcomes make it clear that big data companies facing high market volatility possess 

an extensive amount of tacit knowledge. Both explicit and tacit information still stays 

with the employee in the form of newly gained expertise and overall learnings even 

after they leave. For this reason, this thesis also sees legal frameworks as beneficiary, 

similar to previous research like Norman (2001). However, this thesis also clarifies that 

their effectiveness is debatable and finally up to mutual trust between company and 

employee and the individual's moral compass. 

 

The second sub-question was the following: 

 

2) How are the resulting processes in managing knowledge utilised to support a firm's 

dynamic capabilities? 

 

This thesis supports that a company's evolutionary fitness is widely connected to 

leveraging the up-to-date data influx and its effectiveness. This timeliness helps 

formulate appropriate responses to change (Braganza et al. 2017; Mikalef et al. 2018). 

Many of the previous findings on how big data derived knowledge exactly support 

dynamic capability built up are confirmed, such as having an eye for data and patterns 

produced by big data (Tippin & Sohi 2003), to detect upcoming trends (Fawcett & 

Waller 2014) and make sense of the real-time reflection of consumer needs (Erevelles 

et al. 2016). Previous research suggests that ongoing learning and teaching efforts are 

of high significance to seize those identified opportunities (Kim et al. 2012). Whilst this 

is acknowledged in this project, too, it was uncovered that data validity and bias 

elimination are of even higher importance. Furthermore, this thesis also establishes 

that interpersonal skills and the ability to own decisions based on proper business 

proficiency, as previously noted by Jiang et al. (2003), lead to doing the right thing. 

Finally, this thesis reveals that ad-hoc problem solving is still employed alongside 
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dynamic capability built up. Indeed, innovative sequencing of previous approaches is 

recognised as foundational micro-patterns rather than an actual signature skill or 

routine (Winter 2003; Tallon et al. 2013), resulting from a strong creative influence 

(Miner et al. 2001). 

 

5.2 Theoretical Contributions 
 

This thesis adds to the literature on big data driven knowledge management processes 

and dynamic capabilities in three distinctive ways. Firstly, the proposition of an original 

contextual model through abductive reasoning is the most notable addition to existing 

academic findings. A combination of theoretical concepts from multiple disciplines was 

matched with real-world events to illustrate how big data analytics impacts knowledge 

management and dynamic capabilities in the mobile gaming industry. Four knowledge 

management phases and their relationship to three dynamic capabilities are 

recognised in a cyclical model that represents an optimised decision-making process 

and leads to long term success. The stationary phase of knowledge protection 

encompasses the circle to preserve the competitive advantage. Connections between 

the knowledge phases and distinctive dynamic capabilities have been drawn. Those 

links are paired with each stage’s core elements. Ultimately, this model manages to 

combine literature on leveraging big data analytics, knowledge management theory, 

dynamic capabilities in the context of this phenomenon, and displays their 

relationships. Previous literature took knowledge management as a fully established 

and rigid antecedent, while focusing on the processing stages (Chen et al. 2015), 

overall value creation (Côrte-Real et al. 2017) or single performance indicators (Côrte-

Real et al. 2014; Dubey et al. 2017) to determine how dynamic capabilities are derived 

from big data knowledge. Opposed to that, this study put emphasis on interlinking 

dynamic capability built up in the big data environment from a detailed knowledge 

management cycle and thus forms a more holistic perspective which makes it a 

noteworthy theoretical contribution.  

 

Secondly, this research project not only contributes to closing the literature gap, it also 

verifies the past findings of multiple studies. Light is also shone on which particular 

challenges firms face when leveraging big data in decision-making, some of which 
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contradict previous literature findings. Most critically noted should be the data-driven 

culture within an organisation. In fact, it should have prominence on all levels of 

decision-making in the organisation, as especially Erevelles et al. (2016) and Gupta & 

George (2016) advocate for. This study can only heavily underline the importance of 

such data driven culture as a determining agent in successful big data knowledge 

management. Similarly, data-driven culture strongly positively affects dynamic 

response capability to market changes (Kim et al. 2012; Braganza et al. 2017), 

culminating in the creation of value and reaching a competitive advantage (Teece 

2016). As a highly influential strategic asset, data-driven culture has once more been 

confirmed by this thesis. The lack of a data-driven mindset among employees and 

dismissiveness towards data-supported decision-making leads to poor organisational 

performance (Kim et al. 2012; Akter et al. 2016; Côrte-Real et al. 2017), as is validated 

in this project, too.  

 

Thirdly, this research project also adds a much-needed contextual perspective to the 

academic field. Previous research on big data in decision-making has been conducted 

in various industries. Although mobile gaming and the video gaming business 

collectively represent pioneers of big data application, they have not yet been 

represented in such studies and are heavily under-researched to this day (Drachen et 

al. 2013; Drachen et al. 2016). This thesis offers compelling new insights into this 

resourceful field. 

 

5.3 Managerial Implications 
 

Interlinking theory and empirical data, this study delivers a reality check on how big 

data changes dynamic decision-making. The outcome is a cyclical model of typical 

streamlined, dynamic problem solving through knowledge management in the mobile 

gaming sector. Managers and practitioners in volatile big data environments can gain 

key take-aways concerning crucial knowledge flows and evolutionary fitness. 

Reviewing this model based on one's organisation might offer a contemporary 

perspective on data-driven decision-making from which benefits can be gained.  
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Arguably, the most critical factor is a firm's data-driven culture to build a sustainable 

competitive advantage. Data-driven culture's value and significance as a knowledge 

repository that drives knowledge conversion and application have been recognised in 

this study and existing literature. A data-driven mindset is a must for anyone involved 

in any decision-making. Still, all employees should be data literate and show interest 

in, yet better support data-based findings. Furthermore, individual employees' pivotal 

role as vehicles of knowledge, at least in this industry, is something managers should 

be aware of and formulate appropriate responses to, considering the protection of 

knowledge as well, especially in light of what seems high personnel fluctuation among 

gaming studios. Knowledge dissemination is another significant factor that companies 

should pay attention to – readable formats and directed but transparent communication 

pathways are essential to get information across efficiently and effectively in a big data 

environment.  

 

The pioneer position in big data collection combined with the market volatility in the 

mobile games industry almost pushes dynamic capabilities onto the organisations. As 

big data technology keeps evolving, life-long learning, intra-organisational and cross-

functional teaching, and bias elimination are essential to maintain the ability to do the 

right thing. Even more so if those decisions have implications for the future, be it small 

projects such as the game itself or the company's high-level strategic positioning. This 

point is also driven forward by this study. It acknowledges how diverse positions within 

gaming studios have an inkling of 'allrounders' rather than too specified areas of 

operation since business proficiency is a must-have for every employee. Indeed, 

product managers and game designers need to understand user acquisition and live 

operations to build a successful game and drive the finished product forward. In 

contrast, user acquisition and live operation specialists need to take on product 

managers' and game designers' points of view since the collected funnel and marketing 

data are used to develop the product further. Yet, it should also be highlighted that 

ownership among leadership and various employee levels is crucial. Otherwise, the 

company's other efforts to reach dynamic problem-solving skills are futile. The need to 

adopt ad-hoc responses supported by big data is this thesis' last pivotal detail to which 

managerial attention should be directed. Crafting the proper infrastructure to support 

such impromptu decision-making is of high importance.  
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This research project presented exemplified use-cases about big data knowledge's 

benefits in dynamic decision-making. It discusses the motives behind it as well as its 

most prominent challenges. Practitioners can relate the presented concepts and 

findings to their organisational knowledge management flows and dynamic decision-

making expertise. They might obtain helpful advice on streamlining procedures in the 

big data environment concerning the knowledge in need of management and the 

development of evolutionary fitness in fast-paced markets. 

 

5.4 Limitations and Future Research 
 

This research project has contributed to the theoretical field and the managerial 

aspects of knowledge-based decision-making in favour of long-term success by 

establishing dynamic capabilities in big data environments. Despite that, this research 

also has its limitations. The study's scope, although internationally spread out, is still 

very centralised in North America and Mid-Northern Europe. In this context, it is worth 

mentioning that many interviewees had an international background, for example, 

French, Russian, Malaysian or Indian, and had gained prior work experience in the 

field other than their current location. While those facts somewhat contribute to a 

broader, more globally holistic frame of reference in this work, its possibility of deducing 

generalisations is finite. On top of that, the countries in which the candidates are 

currently employed have their own prominent business culture and legislative rules that 

they abide by. What is more, the empirical evidence collected is ultimately solely 

reflective of the participant's own experiences and opinions. These aspects are why 

this study's findings are not unquestionably generalisable or representative of the 

mobile gaming industry in its entirety. 

 

The small sample size also compromises the generalisability of this study. The 

companies represented in this study vary by age, size, and growth-stage: Among them, 

long-established corporations that dived into mobile gaming when the opportunity 

presented itself and shortly established start-ups focusing on mobile games from the 

inception of the business. This study could have benefited from a more extensive and 

more varied sample, i.e. also including a more considerable number of small to mid-

sized companies. One-person studios/micro businesses of a maximum of five 
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employees - a vast population of the mobile gaming market - have also been omitted. 

Big data collection seems ubiquitous in the industry; tools or external services to collect 

the data are affordable to studios of almost any size. In smaller and mid-sized 

companies, the ability to derive insights and ascertain the right decisions could be 

lacking since talent might be attracted to more prominent companies, offering more 

security and higher salary. 

 

The contextual limitations of this study further diminish its generalisability. The mobile 

gaming business only represents a small part of the video gaming industry: Game 

conceptualisation, data points gathered, and actions taken on the knowledge derived 

from it massively differ when considering other platforms like PC or console. The 

enormous distinctions in timeliness and overall management practices based on a 

game's platform also significantly influence the right thing to do in terms of sensing, 

seizing, and transforming for the company's long-term success. Also, ad-hoc 

responses could be less crucial on other platforms based on player behaviour. As a 

direct result, this study holds no generally applicable outcomes for the collective video 

game industry. An all-inclusive comprehension of this research topic can only be 

unearthed if future academic investigations include multiple perspectives from a wide 

variety of fields. 

 

This study has identified some of the challenges related to the utilisation of big data in 

knowledge management processes and decision-making in terms of derivation of 

dynamic capabilities. Taking a deeper look at the root causes and possible solutions 

could yield insight on the topic to a greater extent. The industry sees itself confronted 

with data-driven vs creative organisational culture, a foreseeable change in human 

capital thanks to the upcoming shift from autodidact to more professional educational 

backgrounds, and communication concerns due to an exceptionally culturally diverse 

workforce. Those topics have significant implications for big data derived knowledge 

management processes and capability enhancement and thus present future areas of 

academic interest. Although this study does not consider the exact analytical methods 

and tools, it incorporates interviews from companies that employ machine learning in 

knowledge generation. However, based on this research, individuals presented with 

machine learning derived insights, although data-literate, are often ill-equipped to 
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correctly transfer the received knowledge. As a direct result, a deeper look at machine 

learning or artificial intelligence derived processes and their effect on user acquisition, 

product development, or innovation could be of strong interest to researchers in the 

future. A resource-based approach could be of high value for the academic work to 

come, especially for capturing points of interest related to expected changes in 

technological tools and human capital within the video gaming industry and its sub-

businesses. 

 

Last but not least, the process description of big data driven knowledge management 

and the interlinked derivation of dynamic capabilities only presents a snapshot of the 

phenomenon when writing this thesis. Development in the examined business sector 

is unprecedentedly fast. New technologies, trends, and circumstances emerge almost 

on the fly, which is why this study's findings might not be completely applicable in the 

future. This study's angle is quite narrow, but the phenomenon relatively recent and, 

to a vast extent, new, making future research indispensable in uncovering the 

extensive influence on decision-making through knowledge management processes in 

connection to the establishment of evolutionary fitness in the big data environment. 
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APPENDIX 
 
Interview Questions 

1.Shortly describe the company and your job. 

2.In which ways does your work relate to data and analytics? 

3.What kind of data do you / the company collect and from which sources? 
4.What is the role of data analytics in your industry? 

5.How and to what extent have data analytics impacted your company’s activities and processes? 

6.How do individuals in your organisation create/collect knowledge from the data they have access to? 

7.How do you store the created knowledge in your organisation? 

8.How do you distribute the created knowledge? / How do you make sure everyone who needs to has 

access to the information? 

9.How are insights from your data analysis activities transformed into action in your organisation? 

10.How do you protect the created knowledge in your organisation? 
11.How do you think does the data help to navigate the market for mobile games? 

Was your organisation able to  

a) realise certain risks or opportunities? If so, how? 

b) Act upon those risks or opportunities? If so, how? 

c) Adapt its resources long term to the changes? If so, how? 

 


