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This qualitative case study explores the phenomenon of data and AI in the context of  
consultancy, and how these strategic digital assets can be commercially harnessed for growth 
and new business. Through 12 semi-structured interviews, accounting for various internal 
and external perspectives affiliated with the case company Futurice, this research uncovers 
which Futurice-specific data and AI assets, along with which commercial modes or formats, 
might effectively deliver scalable and sustainable value to clients in the future. Additionally, 
several potential firm and client benefits related to Futurice-specific nascent concepts are 
proposed.  

 

The findings indicate the key concepts of data and AI monetization and provision, as well 
as business model innovation, remain elusive in the context of consultancy, especially in 
terms of asset-based thinking. Both consultants and clients alike suffer from myopia, failing 
to envision new and innovative commercial delivery modes and formats outside of service-
dominant logic. As a result, current data and AI assets will have to be bundled into existing 
delivery offerings until a consultancy firm can showcase tangible benefits, which represent 
standalone opportunities instead of second-leg extensions. Put differently, asset-powered 
consulting services aimed at improving and wrapping analytics around offerings rather than 
explicitly selling insights is more desirable in the eyes of clients. For now, potential benefits 
regarding data and AI assets are largely hunches over proven, but should be directed at 
unlocking a data-informed culture and transformed business for the future characterized by 
new and innovative avenues and ecosystems.  
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1 INTRODUCTION 

Broadly, this thesis aims to explore the role of data and AI in a consultancy firm, and how these 

strategic digital assets can be harnessed commercially not only to achieve growth and new 

business, but also to better meet emerging firm and client needs. Furthermore, this study will 

attempt to cast some light on potential alternative value delivery methods and their 

corresponding anticipated benefits. Serving as a primer, this Chapter will introduce the 

background, objective, questions, and methodology of the research as well as the extant 

literature, proposed conceptual framework, key concepts, and limitations related to the thesis, 

concluding with the study’s overall structure.  

 

1.1 Background of the study  

In the words of McAfee and Brynjolfsson (2012) from the Harvard Business Review, firms are 

currently in the midst of a “management revolution” characterized by the proliferation of novel 

digital technologies and volatile business phenomena such as big data (BD), artificial 

intelligence (AI), and data monetization. Unlike other disruptive forces in the digital business 

ecosystem, BD and AI have arisen as complex managerial issues due to the former’s 

unprecedented volume, velocity, variety and veracity, and the latter’s unforeseen benefits and 

risks (Wang, Kung, Kung, & Jones-Farmer, 2015). Consequently, this so-called BD and AI 

revolution has already transformed a number of business functions across many industries, 

including consulting engagement and activities (Christensen, Wang, & Bever, 2013; Sathi, 

2014). Although BD and AI present the ultimate challenge in the form of organizational 

change, the two modern marvels also present the ultimate opportunity in the form of deriving 

strategic business value through new ways of thinking and working (Johnson, 2012).  

 

Owing to the promise of roughly 5 percent higher productivity and profitability, an increasing 

number of firms have now recognized BD and AI as the innovative strategic resources of the 

21st century, injecting these digital assets into their operations as to achieve an edge over 

industry peers (Barton & Court, 2012; McAfee & Brynjolfsson, 2012; Kiron, Prentice, & 

Ferguson, 2014; Alharthi, Krotov, & Bowman, 2017). As a result, the hope of transforming 

crude information into actionable insights has fueled incessant growth in worldwide BD 

analytics and AI investments (Atker, Wamba, Gunasekaran, Dubey, & Childe, 2016). By 2022, 

the International Data Corporation, a global market intelligence firm, projects spending on data 

and analytics to reach $274.3 billion; and by 2025, the World Economic Forum estimates that 
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AI coupled with other digital advances in intelligent automation could generate over $100 

trillion (Cann, 2016; Haller & Satell, 2020). Without heavy upfront investments in advanced 

analytics and AI to enhance and make sense of BD, firms acknowledge that the usability and 

value of raw data is truly an open question (Kugler, 2018). Unfortunately, the sought after 

ability to improve decision making as well as the products, services, and processes of the firm 

and, therefore, overall competitive performance and new business via BD analytics and AI has 

not been easily realized (Mikalef & Pateli, 2017). 

 

Regardless of investment enthusiasm and ambition, many firms are simply not yet ready to 

harness the power of BD and AI, failing to take advantage of these strategic resources due to 

organizational challenges that extend beyond just technology (Vasal, Vohra, Payan, & Seedat, 

2019). Firms on the path to becoming an insight-driven organization struggle with unleashing 

“trapped value,” which falls in between “the current value derived from [their] data and the 

potential value to be achieved from that data” (Davenport, Guszca, Smith, & Stiller, 2019; 

Vasal et al., 2019). Even after more than two decades of collecting, storing, analyzing, and 

reconfiguring vast pools of information, firms are still incapable of closing this data value gap 

despite new technologies like BD analytics and AI, which promise substantially more than 

what their existing structures capture (Alharthi, Krotov,  & Bowman, 2017; Vasal et al., 2019). 

This may be attributable to varying levels of readiness and maturity of firms in 

commercializing their BD analytics and AI assets as companies gradually improve their 

capabilities along a spectrum, including beginner, explorer, intermediate, advanced, and 

champion stages (Davenport et al., 2019; Ruokonen, 2020).  

 

Although disruptive, BD and AI have not reshaped business at the blistering pace many have 

assumed because of company hurdles such as organizational alignment and change 

management (Bean, 2017; Fountaine, McCarthy, & Saleh, 2019). A 2019 Deloitte survey 

found that a majority – 67 percent – of U.S. executives are not comfortable accessing or using 

data from their tools and resources, and 63 percent do not believe their firms are analytics and 

AI-driven (Davenport & Mittal, 2020). Moreover, according to a similar 2019 survey 

conducted by Accenture, only 32 percent of firms reported being able to capture tangible and 

measurable value from data (Vasal et al., 2019). These C-level responses highlight the fact that 

the chasm between current and potential benefits in relation to BD, analytics, and AI continues 

to expand rather than narrow. However, Weill and Woerner (2015) point out that “sweeping 
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technology-enabled change often takes longer than we expect, [but] history shows that the 

impact of such change can be greater than we ever imagined.” In this case, the secret ingredient 

to extraordinary growth and eventual success requires a dash of patience and acceptance 

(Johnson, Christensen, & Kagermann, 2008).  

 

Luckily, each year more and more BD analytics and AI Initiatives are slowly paying off. 

Successful initiatives have achieved measurable results by means of reducing operational 

expenses and finding original avenues to innovate and launch new products and services (Bean, 

2017). Nonetheless, moving past improved operational efficiencies and decision making has 

not been easy, particularly with respect to establishing a data-informed culture and 

transforming the business for the future (Bean, 2017). Clearly, firms are now starting to gain 

traction amid the deluge of BD, but still have no magic recipe to follow in terms of effective 

data utilization nor how to trump dominant logic, which usually leaves companies imprisoned 

in outdated thoughts and actions (von den Eichen, Freiling, & Matzler, 2015; Mathis & Kobler, 

2016).  

 

Today, rising global competition in tandem with everchanging market conditions and customer 

needs has led to a paradigm shift in the locus of innovation, which has expanded from the 

product, service, and process space to the business model (BM) domain as numerous firms 

look for a sustainable, as well as scalable, competitive advantage (Amit & Zott, 2012). Put 

differently, it is no longer sufficient for incumbent nor entrepreneurial firms to merely focus 

on product, service, and process innovation anymore (Fruhwirth, Breitfuss, & Pammer-

Schindler, 2018; Bashir & Verma, 2018). Instead, business model innovation (BMI) has been 

pushed to the forefront as it represents an underutilized source of future value, resolving “the 

apparent trade-off between innovation costs and benefits by addressing how [firms] do 

business” (Amit & Zott, 2012). Therefore, in a digital age marked by constant flux, the key to 

preserving long-term market position is building resilience into the firm’s BM through BMI – 

either as a total alternative or partial complement to ongoing product, service, and process 

innovation (Ruokonen, 2020).  

 

While vitally important in terms of firm survival, BMI still remains extremely difficult to 

achieve (von den Eichen, Freiling, & Matzler, 2015). At large, the reasons are twofold. First, 

the interplay between innovation and most widely accepted BM dimensions – namely, value 
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creation, value delivery, and value capture – are exceedingly multifaceted (Baden-Fuller & 

Haefliger, 2013). To illustrate, the same underlying assets commercialized by means of two 

different BMs will yield two different economic returns (Chesbrough, 2010). Second, the 

tensions between new and existing BMs require finding and managing a sweet spot between 

separation and integration (Sund, Bogers, Villarroel, & Foss, 2016; Ramdani, Binsaif, & 

Boukrami, 2019). With these in mind, Amit and Zott (2012) recommend that firms should 

adopt a systematic view in terms of BMI, meaning they should “look at the forest, not the trees 

– and get the overall design of [their] activity system right before optimizing the details” (Amit 

& Zott, 2012). Thus, making a wise pivot to the new is not without its proper guesswork and 

growing pains (Abbosh, Nunes, & Savic, 2018). 

 

Arguably, the explosion of generated data and advances in technology has ignited the potential 

of BMI, allowing the notion to reach a tipping point or “that magic moment when an idea, trend 

or social behavior crosses a threshold, tips, and spreads like wildfire” (Gladwell, 2000; 

Fruhwirth, Breitfuss, & Pammer-Schindler, 2018). Nevertheless, it is important to mention that 

BD, analytics, and AI are not the exclusive drivers of BMI, but can still be seen as the main 

forces and enablers that are rapidly unlocking new markets and opportunities, and blurring 

industry boundaries (Christensen, Wang, & van Bever, 2013; Bashir & Verma, 2018). The 

quickly evolving business environment shaped by technological change often provides the 

impetus for new and better ways to satisfy customer needs, but requires firms to repeatedly re-

evaluate their value propositions to stay desirable and on top of their respective craft (Teece, 

2010). 

 

In order to stay relevant in a hastily transforming competitive landscape, firms must relentlessly 

look themselves in the mirror and reinvent their BM, capitalizing on BD, analytics, and AI to 

solve business challenges and produce innovation (Marshall, Mueck, & Shockley, 2015; 

Ruokonen, 2020). Richard Branson, founder of the Virgin Group, recently stated that “Every 

success story is a tale of constant adaption, revision, and change. A company that stands still 

will soon be forgotten” (Abbosh, Nunes, & Savic, 2018). Those firms who fail to catch and 

surf this mounting wave of disruption will quickly drown in its wake of creative destruction, 

being hopelessly rendered obsolete.  
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Up to now, the extant literature on BD and AI has chiefly approached the business phenomena 

from societal and technical outlooks, largely overlooking the commercial aspect. Moreover, 

the present discourse on how these digital assets can be harnessed commercially is not only 

vague and limited, but also contextually naïve. Both researchers and practitioners continue to 

assert that BD and AI will forever alter how firms operate and compete, yet offer no particular 

details in what these completely new and innovative BMs will entail or look like in the future 

(Ruokonen, 2020). Simply, there appears to be a research gap in the literature to date, which 

fails to address relevant commercial models and monetization tactics that can be leveraged by 

firms in order to reap the full potential benefits associated with BD and AI assets (Brownlow, 

Zaki, Neely, & Urmetzer, 2015; Ladley & Redman, 2020; Ruokonen, 2020). Hence, these 

unclear promises of the BD and AI-enabled BMs of tomorrow provide an intriguing research 

problem for this study, especially in the context of consultancy firms (Ruokonen, 2020).  
 

1.2 Consultancy as a research context  

Uniquely, consultants within the knowledge-intensive industry are strategically placed for 

impact. Having been immune to disruption for over a century, consulting’s fundamental BM 

is now on the cusp of renewal (Christensen, Wang, & van Bever, 2013). The steady invasion 

of data, analytics, and technology in consulting has upheaved the traditional human-intensive 

face-to-face delivery model, partially transforming the value proposition – from “integrated 

solutions shops” to specialized “modular providers” (Christensen, Wang, & van Bever, 2013). 

While the traditional BM of consulting may not be fully replaced, analytics and algorithms that 

scale better than humans will permanently augment and complement new offerings and BMs 

in the future (Werth & Greff, 2018).  

 

Today, digitally altered client behaviors and expectations are significantly changing the value-

added role of consultants and their employable tools, which deliver services and experiences 

that remedy a specific problem (Jeronimo, Pereira, & Sousa, 2019). Although the job of a 

consultant has always been to challenge the orthodoxy by providing specialized knowledge 

and capability, their clients’ underlying problems and subsequent needs are beginning to take 

new shape, requiring a new level of expertise, innovation, and/or swiftness (McLarty & 

Robinson, 1998; Momani, 2013; Srinivasan, 2014). Now scalable and sustainable value in the 

context of consultancy means granting clients the ability to tap into propriety knowledge via 

flexible delivery methods, which offer an optimal combination of independence, speed, quality, 
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and solutions, as well as other benefits (Werth & Greff, 2018) Theoretically, mobilizing 

intangible assets (e.g. methodologies, tools), along with digitally-customizing the consulting 

approach, promises growth and new business.  

 

In order to fully aid their clients’ transformation journey, consultants must be early adopters 

themselves and act as a propeller of sorts, fighting against the surging current of disruption 

(Jeronimo et al., 2019). In other words, consultancy firms cannot afford to be another face in 

the crowd, but should live up to their entrenched image of being “agents of change,” blazing 

the trail in commercializing new ideas and technologies for others (McLarty & Robinson, 

1998). To draw an example, Deloitte Consulting touts the mission statement of “Always one 

step ahead,” exemplifying that consultants always need to be one step ahead of their clients if 

they wish to continually deliver innovative and sustainable value. Even the largest professional 

services network in the world runs the risk of losing business if they remain on pace or, worse 

yet, fall behind their clients, primarily regarding BD and AI development and scalability.  

 

To tackle the aforementioned research gap, Futurice – a Finland-based digital innovation and 

engineering consultancy firm founded in 2000 – will be used as a case study for this thesis. 

With over 600 employees in eight locations throughout Europe, the case firm designs and 

builds digital services for companies in various industries such as banking, retail, media, 

logistics, telecom, healthcare, manufacturing, and the public sector, utilizing a mix of 

management consultants, data scientists, engineers and architects, software developers, 

business designers, and technological specialists. As consultancy firms are mainly rewarded 

for client work (e.g. billable hours), the process of innovation can be more than tricky, making 

this case study unique when compared to other professional services (Taminiau, Smit, & de 

Lange, 2007). Despite that difficulty, Futurice possesses the drive and creative mindset to crack 

the limiting mold presently in place, yearning to break free of the business norms that have 

defined consulting for well over 100 years.  

 

1.3 Research objective, questions, and methodology 

The ultimate goal of this study is to deepen and extend both the theoretical and practical 

understanding of data and AI in consultancy, and how these strategic digital assets can be 

monetized and provisioned to successfully meet the emerging needs of both firms and clients. 

This research is also interested in painting a better picture of how innovating new ways of 
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creating, delivering, or capturing value alters the fundamental elements of a firm’s BM, as well 

as what specific commitments and capabilities are required to support these organizational 

changes (Wixom & Ross, 2017). Hopefully, given the rising importance and topicality around 

data and AI, the results will offer a few novel insights for academic researchers and business 

practitioners alike.  

 

Based on these aims, the main research question of this thesis is:  

 

RQ: How can a consultancy firm commercially harness data and AI assets for growth 

and new business?  

 

To aid digestion of this complex, overarching research question, a conceptual framework was 

built for readers to easily visual the relationships between the phenomenon, context, and key 

concepts of this study.  

 

The main research question is further divided into three sub-questions:  

 

SQ1: What are the data and AI assets of the consultancy firm?  

SQ2: How should the data and AI assets be delivered to clients to effectively scale and 

sustain?   

SQ3: What are the current and potential firm and client benefits?  

 

These three sub-questions break the main research problem and conceptual framework into 

bite-sized fragments, aiding the research process when collecting information from existing 

literature and, subsequently, analyzing the results of the study.   

 

The answers to these research questions are gathered through the exploratory qualitative case 

study method, which provides in-depth insights to a complex phenomenon in an unexplored 

context (Yin, 2014). Especially when dealing with a broad, yet probing, main research 

question, a case study provides a thorough analysis of a real-life, contemporary setting over 

time, detailing multiple sources of information (e.g. observations, interviews, documents, and 

reports) that are ultimately drawn on to extrapolate a case description or case themes (Creswell, 

2013). Furthermore, the primary data was collected from semi-structured interviews that 
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account for both internal (consultant) and external (client) perspectives from various 

representatives affiliated with the case company. Recorded data was then used to infer and 

connect meaningful relationships between key concepts to develop a conceptual framework 

and eventually propose a theoretical contribution (Saunders, Lewis, & Thornhill, 2016). The 

research methodology of this thesis is further discussed and reasoned in Chapter Three.  

 

1.4 Conceptual framework 

The conceptual framework of this research has been built to demonstrate the living interchange 

of the phenomenon, context, and key concepts of this study. The research model operates 

within the consultancy context as well as the BM domain, which is comprised of three main 

elements: (1) value creation in the form of the CVP; (2) value capture or the profit formula; 

and (3) value delivery by means of key resources and processes. Under these circumstances, 

the current firm assets pass through the framework, reconfiguring themselves aligned with 

BMI, and data and AI monetization and provision objectives to derive a new outcome regarding 

potential firm and client benefits. 

 

 
Figure 1. Conceptual framework 

 

1.5 Key concepts 

For the sake of clarity, it is important to define the key concepts used in this study:  

 

Data are shreds of our digital identity that are collected, refined, controlled, and then often 

monetized by firms (Becker, 2014). Having been transformed from a raw key resource to a 

strategic firm asset, internal, external, and interactive data are not only being harnessed to 
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optimize business processes, but also being leveraged to generate entirely new business models 

(Chaudhary, Pandey, & Pandey, 2015; Sorescu, 2017; Fielt, Westerveld, Desouza, & Gable, 

2018; Berman, Marshall, & Ikeda, 2020). Consequently, in today’s digital age, effective data 

utilization means faster and smarter business decisions, as well as growth, new business, and 

overall profitably.   

 

Big data (BD) is now characterized by  7 Vs – volume, velocity, variety, veracity, variability, 

visualization, and value – which pose a great challenge to firms in developing a thoughtful, 

holistic approach to data, analytics, and information management that facilitates timely and 

sound decision making to gain competitive advantages (McAfee & Brynjolfsson, 2012; Kung 

et al., 2015). As it is somewhat difficult to determine how much data needs to be classified as 

BD, this study will refer to data in general (Ruokonen, 2020).  

 

Artificial intelligence (AI) can be seen as an umbrella term for a combination of numerous 

different technologies such as deep learning, machine learning, and neural networks (Reim, 

Astrom, & Eriksson, 2020). However, Lee, Suh, Roy, and Baucus (2019) specifically define 

AI as “intelligent systems created to use data, analysis and observations to perform certain 

tasks without needing to be programmed to do so.” Equipped with the ability to mimic human 

cognitive function, particularly learning and problem solving, AI can join forces with humans, 

assisting managers in rethinking significant organizational challenges and altering business 

models in the process (Wilson & Daugherty, 2018; Lee et al., 2019).   

 

Consultancy takes on many different forms, but at bedrock the term is synonymous to a 

professional  service, which is conducted by one or more persons, that offers expert advice 

within a specific, specialized area (e.g. strategy, organization, IT, HR), and is hierarchically 

independent from the advised client (Nissen, 2019; Larsson, Andersson, Markowski, Nilsson, 

& Mayor, 2020). Typically, consultants are differentiated between internal and external actors; 

yet, this study will only focus on external consultants who are often able to select their clients 

according to their own criteria, especially when it comes to managerial or technical problems 

worth solving (Ruokonen, 2020).  

 

Business model (BM) is fundamentally about the design or architecture of the firm’s value 

creation, delivery, and capture mechanisms (Foss & Saebi, 2018). According to Teece (2010), 
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a BM “reflects management’s hypothesis about what customers want, how they want it, and 

how the enterprise can organize to best meet those needs, get paid for doing so, and make a 

profit.” Without a well-developed and resilient BM, firms will either fail to deliver or capture 

value from their innovations (Teece, 2010; Ruokonen, 2020).  

 

Business model innovation (BMI) essentially deals with the reconfiguration of any firm value 

mechanism in order to increase performance and profitability in tandem with growth and new 

business (Bashir & Verma, 2018). Applicable to both incumbent and entrepreneurial firms, 

BMI attempts to proactively modify or introduce novel components of the BM that result in a 

significant change to the firm’s value proposition (Sorescu, 2017; Ruokonen, 2020). As the 

case firm of this study represents an incumbent business, the scope of BMI will be converting 

new market opportunities into new BMs, as well as creating novel customer value and value 

delivery methods (Bashir & Verma, 2018).  

 

(Digital) Transformation can be defined as “the change associated with the application of 

digital technology in all aspects of human society” (Bounfour, 2016). In this thesis and context, 

digital transformation also refers to “the evolution and modernization of the legacy business – 

the main revenue generating business activities that have been in operation for more than five 

years – to create new high performing businesses suited to today’s competitive environment 

and that of the future” (Abbosh, Nunes, & Savic, 2018). 

 

Data monetization consists of turning an ever-growing new class of asset, otherwise known 

as enterprise data, into profit and growth either directly or indirectly (Mohasseb, 2015; 

Faroukhi, El Alaoui, Gahi, & Amine, 2020). In this sense, directly entails selling data for cash; 

whereas, indirectly means relying on that data to create value and other tangible benefits 

through external insight or internal operational efficiency (Liu & Chen, 2015).  

 

Innovation can be defined as “the creation of new knowledge and ideas to facilitate new 

business outcomes, aimed at improving internal business processes and structures and to create 

market-driven products and services,” encompassing both radical and incremental 

improvements (Obeidat, Al-Suradi, Masa’deh, & Tarhini, 2015).  
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Offering generally means the combination of products and services that a firm offers for sale 

(Ruokonen, 2020). In the context of consultancy, offerings are project based rather than pre-

designed for scale in order to interact with specific, non-routine client problems worth solving. 

As a result, client engagement is typically limited to a taxi system, acting as a discrete vehicle 

to create, deliver, and capture value, instead of a standardized bus system, which represents a 

“one size fits all” approach to solutions (Baden-Fuller & Haefliger, 2013).   

 

Firm assets are strategic resources like data and AI that are controlled and managed, and then 

eventually leveraged by the organization to increase productivity and profitability while 

simultaneously driving growth and new business. At present, a variety of structured data and 

AI sources are recognized as monetization assets that hold secret, untapped value in hidden 

patterns, which can later be revealed by data-powered operations (Hanafizadeh & Nik, 2020).  

 

Client benefits are tied to customer needs and expectations and can be either real (i.e. tangible) 

or perceived (i.e. intangible) once a firm satisfies those particular stated requirements or 

unknown desires. Benefits may include resolution of a problem, fulfillment of a need, or a 

feeling of confidence following a purchase (Smart Business Plan, 2013). In the realm of data 

and AI, client benefits are only realized in understanding specific use cases and who will gain 

advantages from each solution (Earley & Bernoff, 2020).  

 

Scalability in terms of BMs is “the extent to which a business model design may achieve its 

desired value creation and capture targets when user/customer numbers increase and their 

needs change, without adding proportionate extra resources” (Zhang, Lichtenstein, & Gander,  

2015).  

 

Sustainability with respect to competitive advantages are “company assets, attributes, or 

abilities that are difficult to duplicate or exceed; and provide a superior or favorable long term 

position over competitors” (Faulkenberry, 2006).  

 

1.6 Limitations 

The research has certain limitations due to the scope and context of the study, which sets 

boundaries for the generalizability of results.  
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First, this study only explores the phenomenon of BD and AI within the consultancy 

environment of Europe, excluding other industries and regions across the business world. 

Therefore, the results cannot be easily generalized outside of European consulting firms who 

create, deliver, and capture value around project based offerings, which prove to be notoriously 

difficult to innovate.  

 

Second, this study only examines a single case firm, making the generalizability vague even to 

other companies operating within the same industry as consultancy firms often range in 

ownership, size, and area of expertise. Furthermore, the case company used for this study has 

been in existence for 20 years, which is incomparable to more entrepreneurial or start-up firms 

younger than 7 years.  

 

Third, the proposed conceptual framework that illustrates the continuous interactions between 

the input (i.e. current firm assets), key concepts (i.e. data and AI monetization and provision, 

BMI) and outcome (i.e. potential firm and client benefits) of the case study firm may not 

perfectly align with other industry peers nor fully encapsulate the fuzzy notions of data 

monetization and BMI.  

 

Lastly, this study is qualitative in nature, meaning the data is based on semi-structured 

interview questions and responses, which sometime carry undesirable biases from the 

participants who represent various roles inside and outside of the case firm.  

 

1.7 Structure of the study 

This thesis is divided into two major sections – namely, theoretical and empirical parts – and 

six Chapters. Put differently, Chapters one and two present the background and theory while 

Chapters three and four present the empirical design and findings of the research. Chapter five 

proposes Futurice-specific recommendations, answering critical questions and supplying a 

generic roadmap for implementation. The sixth and final Chapter summarizes and discusses 

the thesis, merging the theorical and empirical parts together.  

 

Chapter one began with the introduction, which familiarized readers with the phenomenon, 

context, and concepts of the study, explaining the research gap and, therefore, justifying the 

academic and practical motivations behind this thesis.  
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Chapter two synthesizes previous academic studies in a clear and coherent manner, providing 

the reader with a detailed overview of peer-reviewed theories relating to business model 

innovation, and data and AI monetization and provision. By highlighting the current knowledge 

from extant literature, readers will then be able to more easily ascertain the new information 

formulated in this study.   

 

Chapter three outlines the qualitative research design and methods associated with utilizing 

semi-structured interviews to collect and analyze primary data. Furthermore, the reliability and 

validity, as well as the generalizability, of the qualitative research is examined.   

 

Chapter four provides the findings from the primary data collection and analysis.  

 

Chapter five not only crystallizes the findings, but also recommends five actions for Futurice 

to implement in different time horizons while briefly answering Futurice-specific critical 

questions. 

 

Chapter six summarizes the thesis, answering the main and sub-research questions as well as 

discussing the novel theoretical contributions and managerial recommendations. Finally, 

limitations and directions for further research conclude the study.   
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2 LITERATURE REVIEW 

This Chapter probes, synthesizes, and critically analyzes extant literature surrounding the topic 

of this study in order to gain an understanding of key theories and concepts related to BMI and 

data and AI, give credit to previous researchers, and identify gaps or inconsistencies that justify 

further investigation (Eriksson & Kovalainen, 2008).  

 

2.1 Data and AI  

To eventually grasp the multifaceted concept of data and AI monetization, it is also imperative 

to outline the defining characteristics of data and AI, which ultimately explain how these 

strategic resources can be converted and leveraged as digital assets, contributing real value to 

business.  

 

While commonly used together in the same context, data, information, and knowledge convey 

slightly different meanings. Data can be described as “all digital footprints of people, whether 

private persons or employees of a company, and machines, whether operated by people or 

operating autonomously” that are unearthed, studied, and cataloged to be utilized and even 

monetized by firms (Becker, 2014; Ruokonen, 2020). Typically, information and knowledge 

are extracted and further refined versions of data, which holds little to no inherent value in 

uncooked form (Wixom & Ross, 2017; Hanafizadeh & Nik, 2020). Consequently, data is 

viewed as a strategically important raw material if handled appropriately because once 

interpreted, modified and, thus, enriched it represents information, which may lead to 

personalized knowledge that is actionable (Ackoff, 1989; Leidner & Alavi, 2001; Liew, 2007). 

To recap, the information and knowledge that resides within data holds value which is 

universally recognized (Brownlow et al., 2015; Li et al., 2019).  

 

The megatrend of digitalization illustrated by the connected economy, Internet of Things (IoT), 

and, mobility has driven the recent explosion of unfathomable amounts of data, which now 

require new tools and methods to analyze such large quantities known as BD (Spijker, 2014; 

Faroukhi et al., 2020). The exponentially increasing number of smart devices, sensors like GPS, 

and avid users has undeniably disrupted traditional business mindsets and processes, attributing 

to BD being viewed as a double edged sword within the digital ecosystem due to its 

unparalleled volume (scale of data), velocity (speed of data), variety (diversity of data), and 

veracity (certainty of data) (McAfee & Brynjolfsson, 2012; Kung et al., 2015; Ruokonen, 
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2020). High-speed, diverse, and scalable data, algorithms, software, and networks that span 

across industry boundaries are forever altering the fundamental nature of business operations, 

interactions, and competition (Walker, 2016; Iansiti & Lakhani, 2020). Given that it is 

challenging to determine how much data is needed to be labeled as BD, this study will refer to 

data in general.  

 

Wilson, James, and Daugherty (2018) affirm that the data and AI revolution is not coming, but 

it is already here, unlocking golden opportunities and previously trapped value while 

simultaneously delivering tangible change (Vasal et al., 2019; Ruokonen, 2020). The 

proliferation of data is both the foundation and fuel for AI, which is an umbrella term for a 

combination of numerous advanced technologies, including machine learning (ML), deep 

learning, neural networks, natural language processing, recommendation systems, voice/image 

recognition, and smart algorithms (Reim, Astrom, & Eriksson, 2020; Ruokonen, 2020). Over 

the past few decades, the growth of AI has been intermittent, but in recent years the technology 

has broken out of the research lab and tiptoed into business functions, products, and services, 

evidencing that AI is poised to disrupt and restructure the economy (Wilson, James, & 

Daugherty, 2018). Quickly becoming the universal engine of execution, AI is augmenting and 

redirecting the critical path of how firms create, deliver, and capture value at unmatched speed 

and scale (Wilson, James, & Daugherty, 2018; Thomas, 2019).  

 

Considered interlinked and inseparable enablers of new business, Ruokonen (2020) asserts that 

“there is no AI without data [because] nowadays the value of data can be amplified significantly 

when it is bundled with smart algorithms” or software that enhances the knowledge-based work 

done by humans (Keller, Chauvet, Fawcett, & Thereaux, 2018). Undergoing three rebirths of 

processes: (1) standardized; (2) automated; and (3) adaptive, contemporary AI mimics human 

function, especially problem-solving and, arguably most important, learning (Wilson, James, 

& Daugherty, 2018; Lee et al., 2019). Essentially, data and performance, and AI and predictive 

capabilities go hand-in-hand, allowing modern firms to optimally glean intelligence to better 

sense and forecast the uncertainties of the business environment as well as the emerging needs 

of both customers and employees (Mohasseb, 2015).  

 

Fundamentally, data and AI have cultivated a relatively new symbiotic relationship between 

humans and machines, allowing each party to exploit more effectively and efficiently what 
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they do best (Wilson, James, & Daugherty, 2018). In spite of increasingly sophisticated 

machine abilities and outputs, business owners, data scientists, designers, and software 

engineers remain behind the human inputs (Agrawal, Gans, & Goldfarb, 2018). Human only 

behaviors such as leading, empathizing, creating and judging, and machine only functions like 

transacting, iterating, predicting, and adapting collaboratively meet in the middle to compound 

activities like training, explaining, sustaining, amplifying, interacting, and embodying (Wilson, 

James, & Daugherty, 2018). In the words of Anne Marie Neatham, COO at Ocado Tech, 

“Human beings can do everything that AI can do. They just can’t do it at scale” (Wilson, James, 

& Daugherty, 2018). Put differently, digital, data and AI-driven processes are more scalable 

than traditional human processes, enabling a greater scope of performed activities and a larger 

capacity to improve and innovate (Wilson, James, & Daugherty, 2018).  

 

2.1.1 Smitten by data and data and AI 

Widespread adoption and experimentation of advanced technologies, namely analytics and ML 

systems, have ushered in an era where data and AI’s full potential can be finally realized 

Berman,  Marshall, & Ikeda, 2020). However, as this present wave of business excitement 

continues to rise, more and more firms have found themselves awash in data, threatening not 

only their competitiveness, but also very survival (Keller et al., 2018). Aware that failing to 

swim with or against this mounting surge of disruption nearly ensures sinking to the bottom of 

complexity and abstraction, firms are hastily looking for practical means and avenues to exploit 

and explore in the hopes of capitalizing on this frightful, yet advantageous, situation. 

Undoubtedly, those who crest the breaker will come out leagues ahead of their slow-moving 

counterparts unable to catch the ride of a lifetime, remaining data rich, but information poor 

(Ladley & Redman, 2020).  

 

Unfortunately, despite the fact data and AI-oriented publications agree on the colossal impact 

of the two phenomena, very few suggest how, in practice, firms can successfully collect, 

analyze, and leverage data and AI for business in terms of developing new value-added 

offerings and BMs (Brownlow et al., 2015; Ruokonen, 2020). Having skyrocketed to the top 

of the corporate agenda, C-level executives and managers are still unsure how to exactly 

proceed with respect to data and AI’s unique strategic benefits and risks (Barton & Court, 2012; 

Vasal et al., 2019). Without proper strategic alignment, as well as various commitment and 

investment levels, data and AI are no more than words buzzing around corporate discussions 
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(Bughin & Hazan, 2017). Overly cautious, firms might lose out on the chance to take the world 

by storm if organizations remain convinced that they are simply not ready to make the 

commercial plunge into the unknown ocean, being totally enveloped, but potentially inspired, 

with new ways of operating and capturing revenue. Therefore, firms should heed the advice of 

Alan Kay, the renowned computer visionary, who insisted that the “best way to predict the 

future is to invent it” as a proven formula for long-term success is non-existent (Weill & 

Woerner, 2015).  

 

2.1.2 Data and AI as strategic digital assets 

In the epoch of digitalization, virtually every company is a data company, actively and 

passively accumulating strategically important resources which can be transformed into 

corporate assets if suitably controlled and adapted overtime, guaranteeing continued relevancy 

and usability (Gambaredlla & McGahan, 2010; Gandhi, Thota, Kuchembuck, & Swartz, 2018). 

With technological advancements in analytics, and AI and ML systems, it has become 

abundantly clear that data has paradigmatically shifted from a passive resource to a “fluid, 

dynamic, and ever-growing” asset, which appreciates and depreciates simultaneously 

(Mohasseb, 2015). Ideally, the more data a firm collects, the more room for improvement, 

unlocking the sought after ability to free either trapped or underutilized value as well as convert 

intangible value into tangible economic benefit (Vasal et al., 2019; Hanafizadeh & Nik, 2020). 

Accordingly, Beck and Libert (2018) emphasize that the AI and ML race is really a data race.   

 

Previously, data was seen as an internal asset valuable to firm operations, such as identifying 

cost savings or risk, which may be considered low-hanging fruit; but today, data is increasingly 

perceived as an external asset valuable in generating competitive new offerings and 

establishing new revenue streams (Ruokonen, 2020). Furthermore, as digital and intangible 

assets, data and smart algorithms are non-rivalrous goods, meaning these capitals can be 

accessed and consumed by everyone without depleting their availability for future use (Keller 

et al., 2018). To rephrase, whenever data and AI are added to the mix the “cake is bigger” 

(Ruokonen, 2020). As a result, firms can even share or trade data and smart algorithms as assets 

within a business ecosystem, achieving a synergistic effect amongst several players 

(Ruokonen, 2020).  

 



18  
  

Understanding and capitalizing on the fact that data is a living and evolving asset both in and 

outside of the firm is quickly becoming the new key success factor of scalable and sustained 

business (Mohasseb, 2015). To remain agile in highly volatile business environments, firms 

must balance and manage their assets, depending on the life cycle stages of “the old, the now, 

and the new,” to stay constantly relevant for customers (Vasal et al., 2019). Reallocating and 

organizing these assets in a manner, which can be easily updated, readily searched, and speedily 

accessed, is vital to profitable and enduring success (Walker, 2016). Moreover, placing data at 

the heart of a firm’s three core assets: (1) ability to innovate; (2) financial discipline; and (3) 

human capital of employee and stakeholders affords firms the luxury to reinvent themselves – 

from boosted products, services, and processes to radically new BMs (Vasal et al., 2019). At 

the same time, Redman (2018) warns that data, technology, and human capitals are 

fundamentally different, requiring distinctive asset management styles.  

 

2.1.3 Value contribution of data and AI 

In terms of value, Spijker (2014) draws upon the analogy of LEGO, comparing several features 

of data with the famed toy blocks. First, like the toy blocks, small pieces of data can be joined 

to create a bigger visualization. Second, the interlocking plastic bricks come in various shapes 

and colors, “allow[ing] for endless combinations and variations to create almost anything” 

(Spijker, 2014). The large amount of data now available, coupled with the increasing 

processing power of today’s AI and ML systems, has sparked creativity beyond imagination, 

revealing formerly hidden patterns with each passing hour (Keller et al., 2018). According to 

Mohasseb (2015) there are four types of data: (1) unstructured internal; (2) structured internal; 

(3) unstructured external; and (4) structured external, and “the greatest value is often 

discovered when various data types are explored in relationship to each other.” Maximizing 

value potential is dependent upon firms identifying and connecting meaningful individual 

pieces of data so that the strands can effectively communicate with one another in a way not 

easily replicated or accessible to competitors (Gandhi et al., 2018).  

 

With respect to analytics, decision making, and innovation, data promotes insights that enable 

new ways of seeing, thinking, and doing business, which are further enhanced by AI and ML 

systems  (Marshall et al., 2015). Ladley & Redman (2020) point out that the increasing status 

of data in the value chain has accelerated business strategies “by improving processes and 

empowering the people needed to execute them (Engelbrecht, Gerlach, & Widjaja, 2016; 
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Michalik et al., 2018).  For Brownlow et al. (2015), insights generated through analytics can 

be subdivided into: (1) descriptive analytics, which explain the past; (2) predictive analytics, 

which forecast potential outcomes; and (3) prescriptive analytics, which predict future 

outcomes and suggest possible decisions. Therefore, Bughin and Hazan (2017) encourage 

greenhorn firms to approach data and AI as instruments to expand into new industries than just 

time- and cost-saving tools (Reim, Astrom, & Eriksson, 2020). Besides growth and improved 

competitive position, real business value via data and AI may also be realized through superior 

human capabilities, operational excellence, optimized customer experience, and data and AI-

enabled products and services (Ladley & Redman, 2020; Ruokonen, 2020).  

 

Prior to crafting and delivering useful and, thus, valuable data and AI solutions, firms must 

identify, design, and implement potential offerings around real problems worth solving or jobs 

to be done, which carry high-impact for growth and new business (Wixom & Ross, 2017; 

Keller et al., 2018; Ruokonen, 2020; Hanafizadeh & Nik, 2020). At the onset, firms must decide 

if they want to tackle discrete customer problems or big business challenges as the two 

opportunity areas differ in scalability potential (Ruokonen, 2020). Fortunately, vast amounts 

of data along with AI and ML technologies have produced more use cases tied to specific 

customer expectations and environmental pressures (Hanafizadeh & Nik, 2020). Equipped 

with a higher clarification of the business ecosystem, firms can now more easily discover 

problems worth solving, and define and devise subsequent use cases, applying data and AI to 

achieve solutions characterized by quality, diversity, efficiency, and flexibility with the right 

balance of human and machine intelligence (Chaudhary, Pandey, & Pandey, 2015; Vasal et al., 

2019; Hanafizadeh & Nik, 2020). Furthermore, co-creative interactions between a focal firm 

and prospective buyers or users may aid the development and deployment of exceptional, 

optimized, and personalized data and AI solutions that remedy numerous preferences, needs, 

challenges, and aspirations on both sides of the equation (Thomas, 2019; Ruokonen, 2020).  

 

2.2 Business model innovation   

The notion of BMs is already several decades in the making (Foss & Saebi, 2017). Having 

intimately appeared in e-business rhetoric during the late 1990s, the concept quickly took on a 

more general meaning in strategic management literature by the turn of the 21st century 

(Nielsen & Lund, 2014). Yet even today, business practitioners and academic researchers alike 

still have not reached a total consensus on exactly what a BM is and what it isn’t (DaSilva & 
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Trkman, 2014). Contemporary discussions around BMs somewhat overlap with other popular 

management terms such as strategy, dynamic capabilities, entrepreneurship, and operating 

model, hampering cumulative research (Bashir & Verma, 2018). Moreover, scholars tend to 

use BMs in ways that fit their specific areas of interest, attributing to the lack of definitional 

clarity (Ovans, 2015; Michalik, Moller, Henke, & Otto, 2018). As a result, BM terminology 

has been continually misinterpreted and misused over the years, leading it to become a slippery 

and fuzzy construct to fully grasp and apply (Casadesus-Masanell & Zhu, 2013; DaSilva & 

Trkman, 2014; Clauss, 2017; Michalik et al., 2018).  

 

Magretta (2002), and DaSilva and Trkman (2014) were one of the firsts to successfully rein in 

the elusive term of BM by decoupling it from strategy and dynamic capabilities, respectively. 

Within a year of each other, Porter (2001) labeled strategy as “how all the elements of what a 

company does fit together,” and Magretta (2002) defined BMs as “stories that explain how 

enterprises work.” On the surface, BMs and strategy might bear an uncanny resemblance, but 

Magretta (2002) notes that a BM is a working assumption of how a business runs; whereas, a 

competitive strategy describes how a business will outperform its rivals (Ovans, 2015). This 

view is later consistent with Casadesus-Masanell and Ricart (2010) who state that BMs are 

reflections of a firm’s realized strategy. While some critics argue that BM constructs are 

essentially a “repackaging of well-understood strategy insights,” most recent studies agree that 

the two concepts are distinct and should be considered separately, especially in regard to time 

horizons (Casadesus-Masanell & Ricart, 2010; Clauss, 2017; Foss & Saebi, 2018).  

 

Building upon Magretta (2002), as well as Casadeus-Masanell and Ricart (2010), DaSilva and 

Trkman (2014) assert that a rock-solid BM operationalizes an effective strategy with the help 

of dynamic capabilities, which epitomize an adaptive and forward-looking mindset in terms of 

firm assets (Wamba, Gunasekaran, Atker, Ren, Dubey, & Childe, 2017). In a digital business 

environment marked by rapid, relentless, and highly unpredictable changes that often force 

BMs and organizational culture to evolve, the dynamic capacity to sense, coordinate, learn, 

integrate, and reconfigure the firm’s tangible and intangible assets is now required in order to 

effectively capitalize on unforeseen market threats and opportunities (Teece, 2010; Olszak, 

2014; Mikalef & Pateli, 2017; Merendino, Dibb, Meadows, Quinn, Wilson, Simkin, & 

Canhoto, 2018). Through the practice of constantly securing new and additional knowledge, 

dynamic capabilities play a mediating role between the short- and long-term aims of the firm 
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(Figure 2), interlinking BMs and strategy through the perpetual renewal of assets, which not 

only helps govern evolutionary fitness, but also ensures sustainable performance and 

profitability (Teece, 2010; DaSilva & Trkman, 2014; Koscielniak & Puto, 2015; Reim, Astrom, 

& Eriksson, 2020). Foss and Saebi (2017) point out that a firm’s strategy and its underlying 

BM are so integrally tied that a shift in one requires a change in another for the purpose of 

overall alignment, highlighting that BM is, in fact, a focal concept for strategy (McGrath, 

2010).  

 

 
Figure 2. Alignment of strategy, dynamic capabilities, and BM 

 (Adapted from DaSilva & Trkman, 2014) 

 

Since Magretta (2002), more precise and increasingly complex definitions have followed, 

attempting to outline the basic structure and working components of BMs that concisely 

summarize how firms do business – see Appendix 1 for selected definitions of BM (Sorescu, 

2017). For the purpose of this study, however, BM will be synonymous to Osterwalder and 

Pigneur’s (2010) simplified definition related to the value creation, delivery, and capture of the 

firm, encompassing the four independent, but complementary elements of customer value 

proposition, profit formula, and key resources and processes outlined earlier by Johnson, 

Christensen, and Kagermann (2008).  

 

In terms of BM conceptualization, Osterwalder and Pigneur (2010) also offer the most 

prominent example to-date with their business model canvas (BMC) as seen in Figure 3 

(Michalik et al., 2018). Widely deployed in corporate practice, the BMC is a systematic tool 
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used by firms to lay out their working assumptions about the key resources, activities (i.e. 

processes), and partners of their value chain as well as their value proposition, customer 

relationships, channels, customer segments, cost structures, and revenue streams in a holistic 

and organized manner (Chesbrough, 2010; Spieth et al., 2014). Furthermore, the nine building 

blocks that comprise the BMC provide a comprehensive visualization of a BM, allowing 

managers to play with various configurations prior to commercializing new ideas and 

technologies. However, the BMC still remains overly general, depicting just a snapshot in time, 

and, therefore, unbiased to the complex and fluid nature of firms undergoing digital 

transformations (Ruokonen, 2020).  

 

 
Figure 3. Business model canvas 

 (Adapted from Osterwalder & Pigneur, 2010) 

 

With advances in analytics and algorithms and the ongoing proliferation of digital technologies, 

firms can now develop new BMs on the foundation of their dynamic, real time data, which 

requires a fusion between IT, customer, and business strategies in order to realize the next 

generation of insights (Bharadwaj, El Sawy, Pavlou, & Venkatraman, 2013; Hartman, Zaki, 

Feildman, & Neely, 2014; Fielt et al., 2018). According to John T. Chambers, the former 

executive chairman and CEO of Cisco Systems, “At least 40% of all businesses will die in the 

next 10 years…if they don’t figure out how to change their entire company to accommodate 

new technologies” and customer expectations (Hilali, & El Manouar, 2020). In other words, 

modern firms must adopt a data-driven and customer-centric perspective to BMs, so that 

sustainable competitive advantages and resilience can be achieved (Engelbrecht, Gerlach, & 

Widjaja, 2016). Otherwise, companies risk losing sizeable growth and new business 
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opportunities, as well as corresponding market share and accompanying revenue (Brownlow 

et al., 2015). Essentially, failing to align data and AI-enabled best practices with BMs means 

extinction in today’s increasingly digital economy.  

  

Unfortunately, while scholars and practitioners suggest that firms place data and customer 

experience at the heart of their digital transformation, in practice and in the literature there are 

little to no processes that can be leveraged to systemically identify the business value and 

benefits of data when designing and developing data and AI-powered BMs (Mathis & Kobler, 

2016). Consequently, many organizations lack the technical know-how to innovate or even 

improve new products, services, and BMs, utilizing data and algorithms as strategic assets 

(Fruhwirth, Breitfuss, & Pammer-Schindler, 2018). As a starting point, Hilali and El Manouar 

(2020) advise that firms categorize data into three different types:  

 

1. Business process data that are gathered from business operations and processes that 

constitute the value chain of a given business;  

2. Product/service data which are mandatory to deliver the value proposition of a given 

product or service; and  

3. Customer data that provide a complete picture on customers and enhance the 

relationships between the two stakeholders 

 

By doing so, firms can more accurately recognize potentially valuable data sources and more 

easily understand technology infrastructure requirements, advancing and refining digital and 

analytical competences that eventually generate business-critical insights (Hilali & El 

Manouar, 2020). Additionally, before the construction and ultimate implementation of a new 

digital BM, Schallmo, Williams, and Boardman (2017) propose that firms assess their unique 

digital reality (e.g. value added analysis related to stakeholder interests and customer needs), 

digital ambition (e.g. prioritization of digitizing BM dimensions), digital potential (e.g. 

weighing the impact of various BM designs), and digital fit (e.g. evaluating whether the new 

digital BM fulfills business and customer objectives and requirements). This approach to the 

digital transformation of BMs will allow firms to not only explore data and AI-enablers like 

automation, digital customer access, and networking, but also capitalize on the everchanging 

trajectories of digital strategy, customer experience, and emerging technologies (Schallmo, 

Williams, & Boardman, 2017; Zaki, 2019).  
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To further narrow the current data and AI-driven knowledge gap, Berman, Marshall, and Ikeda 

(2020) recommend that firms work backwards from potential use cases to successfully extract 

value through new digital BMs. Moreover, Hilai and El Manouar (2020), point out that 

“business and IT strategies have merged in the digital era to give birth to digital strategies,” 

which rely on “rich information exchanges” between the focal firm and its customers via digital 

platforms and multi-channels inside and outside the organization (Bharadwaj et al., 2013). 

Undeniably, the role of IT in the digital age has shifted from being a support activity to a core 

function, leveraging digital resources, as well as internal, external, and interactive data, to 

create differential value in response to, or even anticipation of, firm and customer needs 

(Bharadwaj et al., 2013, Chaudhary, Pandey, & Pandey, 2015; Sorescu, 2017; Urbach, Drews, 

& Ross, 2017; Fielt et al., 2018; Zaki, 2019, Berman, Marshall, & Ikeda, 2020). 

 

Thus, for Wreth and Greff (2018), a digital BM is a:  

“continuously evolving business model, where all essential value-generating and 

business-operating factors are enhanced or automated using digital technologies and 

which is steadily adjusted to changes in the economic and technical environment by 

concerning concepts to gain competitive advantages by deploying those technologies.”   

 

Put simply, digital BMs equip firms with the strategic dynamic capability to react or even 

predict to rapidly evolving requirements across physical, digital, and social realms (Bharadwaj 

et al., 2013; Zaki, 2019). Designed for rapid growth, Zhang, Lichtenstein, and Gander (2015) 

uphold that digital BMs attempt to gain scale by means of three mechanisms: (1) engaging both 

non-paying users and paying customers; (2) organizing customer engagement to allow self-

customization; and (3) orchestrating networked value chains, such as platforms or multi-sided 

business models. Unlike traditional BMs, data and AI-driven processes can be scaled to 

previously unheard of levels (Figure 4), defying the law of diminishing returns while removing 

limits to scope and learning limits (Iansiti & Lakhani, 2020). Therefore, firms built on a digital 

core can radically outstrip traditional companies in terms of amplified learning and network 

effects associated with value creation (Iansiti & Lakhani, 2020).  
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Figure 4. How data and AI-driven firms can outstrip traditional companies 

(Adapted from Iansiti & Lakhani, 2020) 

 

Viewed as the fuel and engine of a sustainable digital strategy, data acquisition and data 

infrastructure, respectively, are essential drivers in promoting data and AI-powered BMs and 

dynamic operations (Hilali & El Manouar, 2020; Reim, Astrom, & Eriksson, 2020). IBM’s 

Fourth Global C-Suite Study revealed that firms undaunted by data and AI’s vital role in new 

BMs will enjoy greater flexibility, innovativeness, and profitability over industry peers 

(Berman, Marshall, & Ikeda, 2020). By dealing with business, customer, and technical aspects 

in an integrated way, firms can better understand their current BM, potential for BM 

innovation, and position in the digital ecosystem (Blaschke, Cigaina, Riss, & Shoshan, 2017; 

Reim, Astrom, & Eriksson, 2020).  

 

Recently, BM literature has extended past the research streams once categorized by enterprise 

classification or firm performance towards a new outgrowth, the potential unit of innovation 

(Foss & Saebi, 2017). In other words, managers, entrepreneurs, and academics are now more 

interested in the role-based approach of developing the business rather than explaining the 

business or running the business, swapping economic and operational lenses for a strategic one 

(Morris, Schindehutte, & Allen, 2005; Spieth et al., 2014). Some researchers have proposed 

that there is a “sequence of innovation” (Figure 5), which goes from innovating products to 

processes and then finally to BMs, while others have claimed that new start-ups with disruptive 
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BMs compel well-established incumbents to rethink their BMs in order to adapt over time, 

staying relevant to existing or potential customers as well as resilient to any current or rising 

adversities in the marketplace (Gambardell & McGahan, 2010; Engelbrecht, Gerlach, & 

Widjaja, 2016; Bashir & Verma, 2018; Ruokonen, 2020).  

 

 
Figure 5. Sequence of innovation – from product to process to BM 

(Adapted from Rissanen, 2019) 

 

As a result, the growing subfield of the BM, known as BMI, has diverged into four main 

research streams (Foss & Saebi, 2017):  

1. Conceptualizing BMI (Johnson, Christensen, & Kagermann, 2008; Amit & Zott, 2012; 

Chesbrough, 2010; Teece, 2010; Clauss, 2017; Foss & Saebi, 2018; Ramdani, Binsaif, 

& Boukrami, 2019) 

2. BMI as an dynamic organizational change process (Gambardella & McGahan, 2010; 

Chaudhary, Pandey, & Pandey, 2015; Mathis & Kobler, 2016; Sorescu, 2017; Fielt et 

al., 2018; Bashir & Verma, 2018; Lee et al., 2019; Reim, Astrom, & Eriksson, 2020)  

3. BMI as a descriptive outcome (Chesbrough, 2010; Baden-Fuller & Haefliger, 2013; 

Cucculelli & Bettinelli, 2015; von den Eichen, Freiling, & Matzler, 2015; Marshall et 

al., 2015; Sund et al., 2016) and  
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4. Consequences of BMI (Foss & Saebi, 2017; Bashir & Verma, 2018).  

 

Despite increasing attention and continuous development over the past decade or two, 

contemporary research around BMI, which is no doubt related to BM minus the additional 

dimension of innovation, largely remains young and non-cumulative – deficient in theoretical 

building and empirical testing (Foss & Saebi, 2017; Foss & Saebi, 2018). Moreover, the 

fragmentation of extant literature has attributed to little linkage to other studies, underpinning 

a solid foundation for systematic review (Bashir & Verma, 2018; Ramdani, Binsaif, & 

Boukrami, 2019). Similar to BM, BMI also suffers from variety, making the development of a 

single, valid, and reliable measure of BMI quite challenging due to its unstructured progression 

(Foss & Saebi, 2017; Ramdani, Binsaif, & Boukrami, 2019).  

 

At present, successful business in the long run means proactively reinventing management 

concepts, organizational structures, and core operational functions that inevitably reduce 

dependence on legacy businesses and assets while simultaneously opening new avenues for 

growth along the way (Reim, Astrom, & Eriksson, 2020; Ruokonen, 2020). Consequently, BMI 

through continuous reconfiguration of firm logic and structure that supports the freshness of a 

CVP translates into a sustainable competitive advantage because “competitors find it more 

difficult to imitate or replicate an entire novel activity system than a single novel product or 

process” (Amit & Zott, 2012; Spieth et al., 2014). Nonetheless, re-defining recipes for success 

do not come easy to firms as two different BMs can yield two entirely dissimilar economic 

outcomes (Chesbrough, 2010; Ruokonen, 2020). In a sense, the BM dictates which inputs will 

sink or swim (Teece, 2010). Hence,  firms must grow comfortable with endlessly fine-tuning 

their BMs, chasing perfection and the subsequent formula for success.   

 

As the future will not wait, the perpetual change journey of firms in honing the capability to 

innovate, validate, launch, and scale their new BMs equally as well as their new ideas and 

technologies has become imperative in today’s age, receiving greater emphasis by academics 

and practitioners year after year (Chesbrough, 2010; Abbosh, Nunes, & Savic, 2018; 

Ruokonen, 2020; Berman, Marshall, & Ikeda, 2020). With BD, analytics, and AI solutions now 

diffusing across industries, BMI has quickly become a ‘prominent theme’ as more and more 

firms preemptively rethink their BM to explore new digital technologies and exploit untapped 

benefits (Fielt et al., 2018; Reim, Astrom, & Eriksson, 2020; Ruokonen, 2020). Increasingly 
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seen as an underutilized source of future value, BMI makes the overall message clear: “how 

companies do business will often be as, or more, important than what they do” (Amit & Zott, 

2012). Bashir and Verma (2018) stand by this claim, establishing a link between BMI and 

strategic flexibility, firm competence, and lasting competitive advantages.  

 

As Figure 6 illustrates, viewing BMI as potential key differentiation going forward, it is no 

surprise why the majority of up-to-date firms prefer innovative BMs over new products and 

processes (Amit & Zott, 2012; Ruokonen, 2020).  

 
Figure 6. Additional innovation potential via BMI 

(Adapted from Gassmann, Frankenberger, & Csik, 2014) 

 

 

2.2.1 BMI continuum  

Like BM, pinpointing a clear-cut, universally accepted definition of BMI has not yet been 

accomplished – see Appendix 2 for selected definitions of BMI. Therefore, BMI continues to 

fall on a broad spectrum, encompassing subtle (modular) to extreme (architectural) changes to 

the BM (Amit & Zott, 2012, Foss & Saebi, 2017). Regardless of the scope, nearly all 

researchers and practitioners understand that pursuing an innovative BM that is not game-

changing or at least new to the firm, industry, or market is a waste of time and money (Johnson, 

Christensen, & Kagermann, 2008). In the eyes of Amit and Zott (2012), the four major design 

themes of BMI are novelty (i.e. degree of BMI), lock-in (i.e. BM activities that create switching 
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costs), complementarities (i.e. value-enhancing effect of the interdependencies among BM 

activities), and efficiency (i.e. cost savings through BM interconnections), which primarily 

guide firms in considering various combinations of BM options, including desirable, 

discussable, and even unthinkable ideas (Ramdani, Binsaif, & Boukrami, 2019).   

 

Although differing in magnitude, BMI must affect some level of the firm’s logic or structure 

as well as the novelty of the CVP (Gamardella & McGahan, 2010; Abdelkafi, Makhotin, & 

Posselt, 2013; Casadesus-Masanell & Zhu, 2013; Spieth et al., 2014; Cucculelli & Bettinelli, 

2015). Generally, BMI can manifest in one or more of the following ways: (1) incremental – 

referring to small changes in at least one of the BM elements or interactions over time; (2) 

extension – describing a new business activity that supplements the current BM; (3) parallel – 

denoting a spin-off business venture that co-exists without major links to the existing BM ; 

and/or (4) replacement – signifying the introduction of an entirely new, disruptive BM 

(Khanagha, Volberda, & Oshri, 2014; Ruokonen, 2020).  

 

2.2.2 Non-static BMI framework 

Expanding upon the earlier work of Johnson, Christensen, and Kagermann (2008), as well as 

Amit and Zott (2010), Ramdani, Binsaif, and Boukrami (2019) propose a non-static BMI 

framework (Figure 7) that encompasses four areas of innovation: (1) CVP; (2) operational 

value; (3) human capital; and (4) financial value, highlighting the continuous interaction 

between 16 BM elements. Moreover, theses four areas of innovation attempt to answer the 

ongoing “why,” “what,” “how,” and “who” questions around BMI. Unlike previous BMI 

frameworks, their “navigation map” also determines where and how to change existing BMs, 

enabling firms to experiment with alternative BMs by constantly re-defining these specific 

innovative areas and consequent elements – as reconfiguring a singular element will not only 

impact other elements, but also the interactions between them (Ramdani, Binsaif, & Boukrami, 

2019). Additionally, distinct to their model, Ramdani, Binsaif, and Boukrami (2019) stress the 

importance of human capital, holding that “the ability to tap into a pool of talent is strongly 

related to the specific business model chosen by managers.” This particular framework is the 

most all-inclusive version of BMI to-date, detailing 4 elements to each respective area of 

innovation, and accounting for the living characteristics of the system model.  
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Figure 7. Non-static BMI framework 

(Ramdani, Binsaif, & Boukrami, 2019) 

 

2.2.3 Data and AI-driven BMI 

As with digital BMs, there is limited research narrowly focused on data and AI-driven BMI, 

particularly in established organizations (Fruhwirth, Breitfuss, & Pammer-Schindler, 2018). At 

the same time, Reim, Astrom, and Eriksson (2020) affirm that data and AI can serve as catalyst 

for BMI, specifically when expanding business into new markets and industries (Lee et al., 

2019). On one hand, Sorescu (2017) notes that “BMI can be designed around a process of 

collecting, organizing and summarizing external data, with the goal of simplifying the market 

research process and increasing the probability of identifying an unmet consumer need.”  On 

the other, Mathis and Kobler (2016) contend that matching available internal data with user 

needs provides the greatest potential for compelling value propositions, as well as innovative 

and sustainable BMs, due to unobstructed access and control, permitting regular monetization. 

Regardless, with more data – whether internal or external – comes more use cases, inevitably 

leading to better decision making and business environment assessment (Chaudhary, Pandey, 

& Pandey, 2015).  

 

According to Marshall, Mueck, & Shockley (2015), pioneering firms in the digital age 

understand the strategic importance of embracing and then integrating analytics and insights 

with innovation, focusing on data, skills and tools, culture, and ultimately the BM. In addition 
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to optimizing business processes and decision making, firms largely utilize data, analytics, and 

algorithms to “find new ways of generating revenues, enter new markets, and even explore 

new sources of competitive advantage through strategic renewal via data monetization and 

digital transformation” (Fielt et al., 2018). Consequently, data-enabled BMI not only affords 

boosted existing products and services, but also provides new standalone opportunities 

(Schuritz & Satzger, 2016;  Schuritz, Seebacher, Satzger, & Schwarz, 2017; Wixom & Ross, 

2017; Ruokonen, 2020). While acquiring and accessing data no longer proves to be a challenge, 

profiting from BMI remains the next big hurdle. To increase their chances of success, firms 

must become good listeners and fast learners in the everchanging digital world, envisioning 

how they can utilize alternative data sources to achieve data and AI objectives (Mathis & 

Kobler, 2016).  

 

2.3 Data and AI monetization and provision 

For firms already proficient in business intelligence (BI) and advanced analytics, data 

monetization is not new, but becoming more attractive (Tallon, Wixom, & Buff, 2015; 

Faroukhi et al., 2020). In the period between 2000 and 2010, the majority of firms adopted a 

technology-driven process, referred to as BI, which leveraged analytics to extract, analyze, and 

disseminate information across the organization in the form of data-powered reports, 

dashboards, and visualizations, streamlining business decisions (Faroukhi et al., 2020). During 

this time, the monetization of data remained generally descriptive and implicit, only being 

harnessed for internal exchange between departments, which required few security, intellectual 

property and legal precautions (Ruokonen, 2020). However, as internal BI and analytics started 

to mature, firms grew increasingly aware of the potential economic gains that lay outside of 

their company’s limiting structure and situation, extending their commercial focus to the entire 

value chain (e.g. suppliers, partners, customers) (Tallon, Wixom, & Buff, 2015; Ruokonen, 

2020). 

 

Not only less common, but also more challenging, external data monetization opportunities 

necessitate innovative methods of delivery to create a new market for highly valuable insights 

(Gandhi et al., 2018; Ruokonen, 2020). Since 2010, BD and IoT – terms which represent 

exponentially more data tied to sensors and other web applications – have sparked an evolution 

in analytics capabilities, intimate customer interactions, and unintended externalities, altering 

the competitive landscape in terms of market-facing data monetization strategies and tactics 



32  
  

that have not yet been fully identified nor mastered (Wixom & Owens, 2019; Faroukhi et al., 

2020). Therefore, firms are not just striving to get better at BI, they are attempting to exploit 

and monetize data in a coordinated and enterprise-wide manner to achieve the most desirable 

and feasible competitive advantage (Mohasseb, 2015). This moderately new frontier has led 

pioneering firms to reinvent their way of explicitly interacting with data – from combining 

various data sources and applications within hybrid, multi-cloud platforms to selling these 

assets at different maturity levels (Thomas, 2019; Faroukhi et al., 2020).  

 

Both Mohasseb (2015) and Thomas (2019) portray data and AI, respectively, as the new 

electricity of the 21st century, igniting completely original BMs centered around higher-value 

decisions, processes, experiences, and outcomes. Calling on firms to view BI tools and 

databases as pipelines, and data as the electricity that flows through it, Mohasseb (2015) 

stresses that “although an effective pipeline is important to delivering electricity, it is the 

electricity that is monetized (sold) and not the pipeline network.” Put differently, as firms 

proactively reimagine their businesses, they should invest more in strategically transforming 

data and AI assets into currency, profits, and market advantage for the future rather than 

tactically optimizing servers and databases aimed at mining, slicing, and dicing past 

performance for today.  

 

2.3.1 Data and AI monetization and provision continuum 

Firms attempting to close the gap between current and potential value understand that 

effectively monetizing strategic digital assets plays a key role in the transformative journey 

from data to dollar (Vasal et al., 2019; Faroukhi et al., 2020). As data is treated more and more 

like a wealth-creating asset, firms are using clear processes for aggregation and exploitation, 

unleashing the widely known, yet not fully transparent, concept of data monetization (Li et al., 

2019; Hanafizadeh & Nik, 2020; Faroukhi et al., 2020). While many firms hold similar 

opinions and goals around the phenomenon, no two firms approach data monetization the exact 

way because what is deemed useful or valuable is highly individualistic, making the notion 

ambiguous with respect to its interpretation – see Table 1 (Spijker, 2014; Kugler, 2018; 

Hanafizadeh & Nik, 2020). Regardless, data monetization champions and pioneers who 

successfully extract and refine valuable information and knowledge from seemingly 

unthinkable amounts of data achieve tangible economic benefits by means of sharpened 
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competitiveness, clear differentiation, and, most importantly, increased revenues (Mohasseb, 

2015; McKinsey & Company, 2017).  

 

Table 1.  Selected definitions of data monetization  

Author  Definition (Ordered Chronologically)  

Najjar & Kettinger (2013) “Data monetization occurs when the 
intangible value of data is converted into real 
value, usually by selling, or other tangible 
benefits”  

Mohasseb (2015) “Data monetization is related to effective and 
timely exploitation of an ever-growing new 
class of asset, the enterprise data, and 
converting that data into currency (profits) by 
increasing revenues or decreasing costs” 

Liu & Chen (2015) Data monetization is “creating value and data 
management capability for business which 
can generate additional revenue stream 
though external insight or through internal 
improvement in operational efficiency”   

Wixom & Owens (2019) Data monetization “occurs when companies 
generate direct or indirect economic returns 
from market-facing, analytics-based 
products, features, or experiences”  

Faroukhi et al. (2020) Data monetization “consists of using data 
from an organization to generate profit – it 
may be selling the data directly for cash, or 
relying on that data to create value indirectly” 

 

2.3.2 Foundational basics and strategic options  

Wixom & Farrell (2019) found that building or acquiring elevated data monetization 

capabilities upon the right combination of strategy, culture, and organization really pays off, 

increasing outcomes by a factor of 2.5 when comparing top-performers to industry laggards 

(McKinsey Analytics, 2017). On top of relying on a solid digital foundation, Tallon, Wixom, 

and  Buff (2015) acknowledge that effective partnering is a critical success factor for 

heightening data monetization capabilities, which significantly differ from traditional BI or 

analytics to purposefully source, productize, and deliver data offerings that exceed customer 

expectations (Wixom & Owens, 2019; Reim, Astrom, & Eriksson, 2020). As data maturity and 

technological infrastructure propel AI and potential commercial gains, firms must actively 
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identify, appraise, and develop internal and external data monetization opportunities, 

evaluating capability gaps and searching for dollars buried in and between the data (Kugler, 

2018; Gandhi et al., 2018; Berman, Marshall, & Ikeda, 2020).  

 

Before looking ahead and outside for innovation, however, firms need to focus on themselves 

in order to ripen their data monetization capabilities, evolving foundational skills, resources, 

and investments around desirable and feasible business cases and technical platforms that 

efficiently utilize and monetize data (McKinsey Analytics, 2017). To guide corporate vision 

and initiatives, firms must conduct a comprehensive review of existing data and AI assets, 

taking careful note of what data they have or do not have, where it resides, where it flows, who 

uses it, and how various assemblies of people, processes, and technology components 

synergistically fit together (Vasal et al., 2019; Berman, Marshall, & Ikeda, 2020). 

Undoubtedly, mastering data asset management is a necessary precondition in formulating an 

organization-wide, coherent data and AI strategy that pervasively conserves, curates, 

disseminates, and reuses quality and consumable data across and beyond the enterprise 

(Wixom & Owens, 2019). Furthermore, modernization of the firm’s information architecture 

should be holistic, allowing internal or external users to take advantage of their data and 

applications via hybrid, multi-cloud platforms, which collect, organize, and infuse knowledge 

into data and AI-powered tools (Thomas, 2019).  

 

In an ever-changing world and business environment, finding and executing strategies to 

sustainability improve operations and generate new value at scale is increasingly perplexing, 

especially with respect to data and AI (Faroukhi et al., 2020). To make the inevitable shift 

towards a data-driven economy, firms must shed the old habit of prematurely labeling data and 

AI-related projects as high risk, low profit ventures outside of core business practices (Spijker, 

2014). In its place, firms must strengthen, raise, and align low-level and short-term data and 

AI activities to move past single “aha moments” in terms of monetization, laying the 

groundwork for repeatable, long-term goals that are business led and focused on the most 

valuable use cases (Wixom & Ross, 2017; Ladley & Redman, 2020). It is important to note 

that effective data and AI monetization and provision is more than a sum of initiatives, but 

takes root in an overarching strategy that carefully maps and follows various moneymaking 

pathways, accounting for different timelines (Mohasseb, 2015).  
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Theoretically, firms can strategically monetize their data assets in more than one way at a given 

time; but in practice, firms should identify and pursue a singular best opportunity to build a 

competitive capability (Wixom & Ross, 2017; Hanafizadeh & Nik, 2020). At present, the three 

most common strategic options regarding data monetization are: (1) improving core business 

processes and decisions using data; (2) “wrapping” analytics around offerings; and (3) selling 

information solutions to new and existing markets (Wixom & Ross, 2017; Wixom & Farrell, 

2019). The first strategic choice is the most immediate, not the most glamorous; yet, if data 

monetization is considered a sequence of capability, this option represents a logical and 

necessary steppingstone in achieving maximum returns by doing things better, cheaper, and 

faster within an organization (Wixom & Ross, 2017; Wixom, Schuritz, & Farell, 2020). Next, 

the second strategic choice of “wrapping” allows firms to distinguish offerings with data and 

AI-enabled features and experiences shaped by four design characteristics of: (1) anticipate; 

(2) advise; (3) adapt; and (4) act, satisfying progressively hard-to-please customers while 

escaping commoditization through usefulness and engagement (Wixom, Schuritz, & Farell, 

2020). Finally, the third strategic choice of selling information solutions is the hardest way to 

monetize data, but can jumpstart new and important revenue streams. Adopting and 

implementing each data monetization approach requires targeted commitment to either 

acquiring or building specific managerial and technical know-how  (Gandhi et al., 2018).  

 

Without a firm culture dedicated to innovative leadership, organizational learning, talent 

management, and customer sensitivity, data and AI monetization and provision strategies may 

never catch speed or even lift off. Achieving optimized data monetization portfolios is a 

cumulative and persistent effort directed by managers who narrow alternatives, selecting the 

highest-value options consistent with overall strategy, and then carried out by data science 

techniques and talent, which exemplify deep customer understanding and outstanding 

governance practices (Gandhi et al., 2018; Wixom & Owens, 2019; Vasal et al., 2019). 

Attracting, retaining, and training data and AI-savvy employees as well as supporting an agile 

and experimentative work environment is fundamental in not only validating investment ideas, 

but also commercializing corporate assets that are first to market, competitively superior and, 

most importantly, valued by customers (Wixom & Owens, 2019). Building and scaling data 

and AI products, services, features, and experiences with trust, fairness, and transparency will 

bear fruitful partnerships imbued with organizational values and immersed in customer-firm 
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sensemaking (Tallon, Wixom, & Buff, 2015; Liedtka, 2018; Thomas, 2019; Wixom & Owens, 

2019).  

 

2.3.3 Issues related to data and AI monetization and provision   

The most common and uncommon barriers to profitable, sustainable, and scalable data and AI 

monetization and provision deal with technology, business, and market related problems.  

 

Getting a handle on data as well as the pace and level of technical innovation is a never-ending 

challenge for even the most forward-thinking and innovative of firms (Fountaine, McCarthy, 

& Saleh, 2019; Thomas, 2019). Technological trajectories are never etched in stone, but 

epitomize a moving target, which are rarely hit on initial attempts. Additionally, there is a 

growing misconception that data and AI are ‘plug-and-play’ technologies which work perfectly 

when first used or connected; however, in reality, leveraging these assets requires lifelong 

dedication to organizational learning (Fleming, 2020). Only repeated, varied attempts that are 

continued indefinitely may potentially carve out a universal set of capabilities like data 

sourcing, processing, analytics, and algorithm development (Iansiti & Lakhani, 2020).  

 

In the matter of data quality, firms struggle with lack of data, too much data, and bad data along 

with human error, leading to inaccurate or, at the very least, contaminated information 

(Thomas, 2019). At any point, the internal and external data collection process may fall victim 

to availability bias or “the natural human tendency to rely disproportionately upon the most 

readily available data” (Banerjee & Nunan, 2019). Moreover, not all available data is 

particularly useful or valuable (Pedersen & Ritter, 2020; Haller & Satell, 2020). Firms are 

increasingly choking on mediocre data, yet starving for exceptional information as more and 

more irrelevant data is diffused across different environments and databases, hampering the 

speed of AI adoption and creating a bottleneck for business agility, competitiveness, and 

profitability (Thomas, 2019). As long as firms continue to generate or acquire new data, the 

problem of combatting bad data will exist (Mohasseb, 2015). For these reasons, Forrester’s 

Predictions 2019: Artificial Intelligence report cited data quality as the number one challenge 

plaguing the majority of decision makers attempting to realize AI capabilities (Thomas, 2019). 

Aware that algorithms are sensitive to inferior data quality, firms spend approximately 80% of 

their time cleansing data for productive and analytical use, causing only a mere third of firms 

to trust their data enough to make effective and profitable business out of it (Keller et al., 2018; 
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Vasal et al., 2019). Therefore, possessing data that is timely, accurate, complete, valid, 

consistent, and unique is a differentiator in the modern digital landscape (Spijker, 2014).  

 

From a structuring and scalability perspective, data accessibility is a formidable roadblock. 

Shockingly, Wixom and Ross (2017) found that “only about a quarter of companies offer 

employees and customers easy access to the data they most need, [proving tricky because] you 

can’t monetize data no one can use.” Today, firms recognize the business need for a unified 

platform, but fumble with scrubbing and transferring data locked in murky silos into a pristine 

data lake, inhibiting departmental collaboration. Barton and Court (2012) specify that many 

legacy IT architectures and systems were built to deliver data in ‘batches,’ not continuous flows 

of information for real-time decisions.  

 

Thus, siloed data is, in fact, slow data that is “inaccessible, poorly structured, and not 

organized” in such a way to be easily operationalized at scale nor fully leveraged for AI (Vasal 

et al., 2019;  Earley & Bernoff, 2020). Bughin and Hazan (2017) claim “AI works best when 

it has real-time access to large amounts of high-quality data and is integrated into automated 

work processes,” highlighting the need to clean, merge, and, synchronize varied data types in 

order to eventually deliver insights with a high degree of agility (Barton & Court, 2012; Vasal 

et al., 2019). Opportunely, a properly designed and governed data lake eliminates data 

inconsistences, resolves duplicates, and creates a single version of truth for users to access 

(Gandhi et al., 2018). Unfortunately, solving the issues around capturing, storing, and 

processing data in one accessible and usable format or platform often takes years, affecting the 

speed and breadth of communication and information sharing as well as the potential of 

financial returns in the short-term (Barton & Court, 2012).  

 

Data is also about business, not just superior technology and algorithms, involving the strategic 

and functional alignment of data efforts to firm needs (Ladley & Redman, 2020). Foremost, 

the applicability of data and AI is heavily dependent upon the industry of the firm (Ruokonen, 

2020). Secondly, unequal to IT initiatives, corporate data strategies range from absent to 

extensive, taking an integrated approach to organizational redesign (i.e. workforce, workflows) 

or not (Vasal et al., 2019; Reim, Astrom, & Eriksson, 2020; Berman, Marshall, & Ikeda, 2020). 

Conventional thinking embodied by leadership may grapple with resistance or lack of 

understanding when it comes to accepting “inconvenient outcomes” unearthed by data, which 
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reveal inefficiencies and misconceptions that further complicate or run counter to a clear 

business case for data and AI (Bean, 2017;  Fountaine, McCarthy, & Saleh, 2019; O’Toole, 

2020). Thus, successfully extracting, refining, and leveraging data is either facilitated or 

handicapped by every senior manager’s data/analytics-orientation (Davenport & Mittal, 2020; 

Ruokonen, 2020).  

 

Moreover, data monetization business strategies and tactics enact behavioral changes in the 

form of new priorities, skills, processes, and cultures, which take time to incubate and saturate 

throughout the organization (Wixom & Ross, 2017). Balancing the feasibility of various 

investments with different timelines usually coincides with a series of missteps and wins in 

terms of “what to start, stop, or continue doing,” especially in determining when and how to 

bridge the technical and business realms (Fountaine, McCarthy, & Saleh, 2019). Wixom & 

Owens, 2019). To make data and AI the fabric of daily operations, firms need to upgrade the 

analytical skills and emerging technologies literacy of employees, supporting innovative 

mindsets and data-driven decisions (Barton & Court, 2012; Davenport et al., 2019). However, 

enthusiasm about the business potential of unlocking hidden benefits of data and AI can also 

be met by fear in the unexpected, and greed in the expected. Leaders are faced with conflicting 

sentiments, demanding equal amounts of caution and excitement (Davenport et al., 2019).  

 

Along with technology and business concerns, navigating the increasingly unforgiving 

minefield of privacy and regulatory compliance spells danger if firms fail to ensure proper 

safeguards against eroding customer confidence and employee trust (Ucuzogulu & Hagel, 

2020). Presently, the bulk of generated data is customer-centric (Spijker, 2014). While 

originally collected for one purpose, existing data sets are now being re-purposed to accelerate 

data and AI monetization and provision strategies at the cost of potentially deceitful lawful and 

ethical intent, placing firms and their employees underneath a microscope (Kugler, 2018). Li 

et al. (2019) assert that “since the value of data is created by companies and depends on data 

analytics and the associated business model, consumers lack the knowledge to value their 

personal data.” Conversely, Mathis and Kobler (2016) emphasize that “only customers are able 

to realize and determine value” by means of use, context, or achievement. To preserve both 

employee approval and customer satisfaction, firms must acknowledge that settling on a related 

price of data in the market is not up to a single actor, but necessitates collaboration between 

business and society. 



39  
  

3 RESEARCH METHODOLOGY 

This Chapter describes the general research setting, process, and methods of the study as well 

as the specific data collection techniques and analysis procedures used to support the empirical 

findings. Additionally, the significance of reliability and validity are discussed, and how these 

measures relate to the credibility and generalizability of the thesis.  

 

3.1 Research motivation, setting, and process 

Given the increasing potential of data and AI, this study was initiated by Futurice, a digital 

innovation and engineering company, to explore how a consultancy firm can commercially 

harness these digital assets for growth and new business. To stay resilient to disruption and 

relevant to new and existing clients, Futurice understands innovative and real economic value 

can now be achieved by means of experimenting with the theoretical concepts of BMI, and 

data and AI monetization and provision. However, the research problem still remains: to what 

extent can these notions be implemented in the context of their present business environment? 

As a result, this study aims to: (1) uncover Futurice-specific data and AI assets; (2) validate 

which Futurice-specific commercial modes and formats might theoretically satisfy client 

needs, as well as scale and sustain; and (3) solidify both current and potential firm and client 

benefits related to Futurice-specific nascent concepts.  

 

The general approach to the research problem follows a qualitative exploratory-descriptive and 

inductive-deductive process and design. According to Saunders, Lewis, and Thornhill (2016), 

the descriptive objective “to portray an accurate profile of persons, events or situations,” may 

be an extension of, or a forerunner to, exploratory research, which seeks to ask questions and 

to assess phenomena in a new light. Put differently, this study takes an exploratory and 

descriptive approach when investigating the phenomena of data and AI within the context of 

consultancy. Furthermore, this research employs inductive-deductive logic, utilizing existing 

theory to formulate research direction and questions, yet remaining flexible to new ideas that 

emerge from the data (Creswell, 2013). Combining elements of both reasonings allows the 

investigator or ‘traveler’ to be adaptable to change while simultaneously narrowing the initially 

broad focus as the research progresses (Saunders, Lewis, & Thornhill, 2016). This dual lens 

provides researchers the ability to overcome the theory paradox, which tells us where to look, 

but can keep us from seeing the complete picture of the situation (Yin, 2018).  

 



40  
  

Prior to data collection and analysis, an extensive review of theoretical literature, focusing on 

the concepts of BMI, and data and AI monetization and provision, was completed to gain a 

foothold at the multiplex business and technology intersection that underpins the study. 

Attempting to pose far-reaching and creative, yet practical and solid, interview questions, 

slightly varying interview structures were developed for both the firm and client, intending to 

generate and analyze unique information from two sides of the same coin to paint a single story 

with multiple narratives. Eventually, the findings were dissected and restructured so that 

empirical links could be observed between the original research questions and final results.  

 

3.2 Qualitative research method  

In the words of Creswell (2013), qualitative research:  

 

“Begins with assumptions and the use of interpretive/theoretical frameworks that 

inform the study of research problems addressing the meaning of individuals or groups 

ascribe to a social or human problem. To study this problem, qualitative researchers 

use an emerging qualitative approach to inquiry, the collection of data in a natural 

setting sensitive to the people and places under study, and data analysis that is both 

inductive and deductive and establishes patterns and themes. The final written report 

or presentation includes the voices of participants, the reflexivity of the researcher, a 

complex description and interpretation of the problem, and its contribution to the 

literature or a call for change.”  

 

Put simply, qualitative research is viewed predominantly as “a synonym for any data collection 

technique or data analysis procedure that generates or uses non-numerical data” (Saunders, 

Lewis, & Thornhill, 2016). In this sense, qualitative data equates to meaningful words based 

on observation, interviews, or documents, requiring some level of processing before analysis 

(Miles & Huberman, 1994). Through “watching,” “asking,” and “examining,” qualitative 

researchers can describe and explore problems and issues, revealing complexity by uncovering 

rich and holistic layers of meaning in specific circumstances and context (Maguire & Delahunt, 

2017). As maintained by Eriksson & Kovalainen (2008), a characterizing element of any 

qualitative inquiry is the significance placed on interpretation, and the following construction 

of a “good story worth hearing,” which emphasizes participant meanings about the problem, 

not the researcher’s previously held assumptions or beliefs (Creswell, 2013). Without the 
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restrictions of formal structures, the qualitative method is free to wander, taking on an elastic, 

literary style that pursues impactful truths masked in ordinary events in natural settings (Miles 

& Huberman, 1994; Creswell, 2013).  

 

3.3 Case study 

For Yin (2018), case study research is a favored method when tackling “how” or “why” 

questions, encircling a contemporary phenomenon that does not require control over behavioral 

events. Moreover, covering the scope and features of a case study, Yin (2018) proposes a 

twofold definition:  

 

1. A case study is an empirical method that  

• investigates a contemporary phenomenon (the “case”) in depth and within its 

real-world context, especially when  

• the boundaries between phenomenon and context may not be clearly evident.  

2. A case study  

• copes with the technically distinctive situation in which there will be many more 

variables of interest than data points, and as one result  

• benefits from the prior development of theoretical propositions to guide design,  

data collection, and analysis, and as another result  

• relies on multiple sources of evidence, with data needing to converge in a 

triangulating fashion.  

 

This wordy, but extensive, definition highlights the main purpose of case study research – to 

investigate a real-life, contemporary bounded system (case) or multiple bounded systems 

(cases) in relation to its technological, economic, social, cultural, and historical context over a 

period of space and time while concurrently generating, collecting, and exploring multiples 

sources of information (Eriksson & Kovalainen, 2008; Creswell, 2013). Eriksson and 

Kovalainen (2008) attribute the case study’s rising popularity amongst qualitative business and 

management researchers to its capacity in presenting multifaceted and hard-to-grasp problems 

in an “accessible, vivid, personal, and down-to-earth format.” However, at present, no 

“standard catalog” of case study designs exists despite numerous variations of the research 

method (Yin, 2018).  

 



42  
  

For this research, the single case study method was chosen to explore and understand how 

Futurice operates as a ‘configurative’ and ‘idiographic’ unit of analysis (Eriksson & 

Kovalainen, 2008). In this sense, configurative and idiographic mean the arrangement or parts 

or elements in a pattern or form, and the discovery of particular scientific facts and processes, 

respectively (Merriam-Webster, 2021; Oxford Languages; 2021). While multiple case studies 

are deemed preferable over a single case study due to the advantage of comparability, the latter 

is often used for a critical case or, alternatively, an extreme or unique case (Saunders, Lewis, 

& Thornhill, 2016).  

 

Opportunely, Futurice proves to be a worthy and unique, single case company because of the 

firm’s dynamic organizational culture, which perpetually lunges at new ways of doing and 

thinking. Keen to adopt innovative processes and BMs, Futurice is viewed as a forerunner in 

relation to their traditional and even digital competitors, viewing data and AI as standalone 

opportunities instead of supporting functions. Growing unsatisfied with their existing value 

delivery and capture structures (e.g. non-data and AI offerings, billable hours), Futurice is 

proactively reinventing itself to stay one step ahead of disruption and emerging client needs. 

Therefore, by examining Futurice as a whole – from an internal (employee) and external 

(client) perspective – a “thick, holistic, and contextualized description” may be achieved 

(Eriksson & Kovalainen, 2008).  

 

3.4 Interview  

Practical, adaptable, and diverse, the interview or purposeful discussion between two or more 

people is considered one of the most important sources of case study evidence (Saunders, 

Lewis, & Thornhill, 2016; Yin, 2018). Non-standardized, qualitive interviews remain efficient 

and flexible, making it a popular data collection technique amongst business and management 

researchers who are interested in describing and exploring a particular organizational issue 

from a range of different perspectives (Cassell, 2015). Furthermore, qualitative interviews not 

only grant access to information non-existent in published form, but also clarify and confirm 

data acquired from other sources (Eriksson & Kovalainen, 2008; Cassell, 2015). By devising 

personalized interview questions around specific case study themes, researchers can generate 

primary data that is both targeted and insightful, spurring explicit and implicit participant 

responses (Yin, 2018).  
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Typically, interviews are differentiated according to research questions(s) and objectives 

(Eriksson & Kovalainen, 2008; Cassell, 2015; Saunders, Lewis, & Thornhill, 2016). As this 

study includes an exploratory element, Saunders, Lewis, and Thornhill (2016) recommend 

incorporating semi-structured interview questions, which tackle “what” and “how” qualitative 

inquiries, into the research design (Eriksson & Kovalainen, 2008). With the ability to deviate 

from the interview schedule, semi-structured interviews contain open-ended questions and 

prompts which encourage the participant(s) to think aloud and explain, or build on, their 

responses, and shape the direction of the interview as necessary (Cassell, 2015; Saunders, 

Lewis, & Thornhill, 2016). While fairly systematic and comprehensive in terms of a predefined 

outline of themes, the semi-structured interview can still vary in wording and order of questions 

from interview to interview (Eriksson & Kovalainen, 2008). Through fluid, naturalistic, and 

interactive discussions between the researcher and participant, a rich and detailed set of data is 

generated (Saunders, Lewis, & Thornhill, 2016). 

 

3.5 Data collection  

The empirical data of this study was collected by means of semi-structured interviews, which 

accounted for both internal (consultant) and external (client) perspectives from various 

representatives affiliated with the case company, Futurice – see Appendix 3 and 4 for internal 

and external interview questions, respectively. Revolving around the themes of data and AI 

assets, BMI, data and AI monetization and provision, benefits, and obstacles, the interview 

questions were based on preliminary discussions with my case company supervisor, Mika 

Ruokonen, managerial and scholarly articles, and the conceptual framework, so that the main 

and sub-research questions could be sufficiently answered. The overarching goal of the 

interviews was to uncover similarities and differences between consultant and client desires 

and needs regarding data and AI, ideating and validating several nascent concepts throughout 

the process.  

 

The selections of expert and relevant persons for internal and external interviews depended on 

their organizational role and experience with data and AI. For internal representatives, 

consultants who demonstrated either visionary or technological thinking were contacted via 

Futurice-specific email. Fortunately, interview requests were largely met with excitement, 

rallying around a common purpose to exercise and stretch the knowledge of Futurice. For 

external representatives, the search was a bit more challenging; but, several key clients who 
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presently had an ongoing relationship with Futurice and voiced an interest in potential data and 

AI-enabled offerings agreed to be interviewed for the sake of company and personal interests.  

 

Due to the recent COVID-19 outbreak, the interview format and schedule was mediated 

technologically, spanning a period of four months – from May to September 2020. Instead of 

in-person meetings, interviews were conducted in English online, utilizing Google Hangouts, 

an easy-to-use platform for hosting and recording video and voice calls. Like a traditional face-

to-face interview, the Google Hangouts format was conductive in supplying visual cues 

between the researcher and participant(s), and even provided the option to easily record both 

audio and visual interactions over the entirety of the online meeting. Furthermore, Cassell 

(2015) draws attention to the fact that technologically mediated interviews allow researchers 

to access participants located in different international locations or time zones. As two of the 

clients were located outside of Finland (i.e. Germany), this digital means of communication 

proved to be instrumental in adding international voices to the narrative.    

 

Although the internal and external interviews followed roughly the same interview schedule, 

there exist a few notable differences that should be mentioned. Only the consultants were 

presented with the interview questions, accounting for firm, client, and future viewpoints, prior 

to the scheduled meeting. The intent behind this decision was to afford the internal 

representatives enough time to premeditate, develop, and hone their answers, contributing key 

takeaways to the study. Conversely, clients went into the interview blind without any pre-

reading material, but were aided by a slide deck, which introduced the research questions and 

context, and outlined potentially feasible ideas as well as benefits for the immediate and future 

terms. This approach to external interviews was not planned to keep the client in the dark, but 

rather to inspire them to think on their feet or react decisively, effectively, and without prior 

thought, hoping to generate unpolished, yet intuitive and informed, responses.  

 

In addition, the internal interviews were deliberately completed before the external ones for the 

purpose of holding a two-hour intermediate recap and workshop at Futurice’s Helsinki location 

on 14 August, 2020. This roundtable discussion centered around the empirical findings strictly 

gleaned from the internal interview data in order to spark further ideation, leading into the 

external interviews. The agenda of the recap was spilt into 2 parts: (1) setting the scene; and 

(2) workshopping. More specifically, the first half dealt with business and technology angles, 
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encompassing the research questions, conceptual framework, and key findings to-date in 

tandem with an overview of existing data and IT assets, systems, and initiatives. The second 

half covered the principle themes of: (1) What to do? What to offer exactly? To whom?; and 

(2) How to do it? via a series of probing questions.  

 

Following the interviews, video and audio recordings captured through Google Hangouts, as 

well as field notes, were transcribed, putting thoughts, speech, and data into written form. 

Oliver, Serovich, and Mason (2005) emphasize that transcription practices fall on a spectrum 

with two dominant modes: (1) naturalism, “in which every utterance is descried in as much 

detail as possible; and (2) denaturalism, “in which idiosyncratic elements of speech (e.g. 

stutters, pauses, non-verbals, involuntary vocalizations) are removed.” This research 

transcribed or reproduced the actual words spoken utilizing the denaturalism method so that 

responses could be recorded the way the participant meant to communicate, eliminating 

momentary pauses or repeated stammers. The researcher manually transcribed the interviews, 

generating a considerable volume of textual data for subsequent analysis.  

 

Table 2. Basic information about internal data collection  

Internal 
representatives 

Organizational role Length 

Consultant 1 (C1) CEO 51 mins 
Consultant 2 (C2) Head of Data & AI Transformation 48 mins 
Consultant 3 (C3) Head of Data & IT 65 mins 
Consultant 4 (C4) Head of Business Development 41 mins 
Consultant 5 (C5) Senior Business Designer 56 mins 
Consultant 6 (C6) Lead Data Scientist  56 mins 

 

Coupled with these internal participants, responses from Mika Ruokonen (MR) – Business 

Director of Artificial Intelligence Transformation – gathered from the intermediate recap and 

workshop are included in the findings.   
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Table 3. Basic information about external data collection  

External 
representatives 

Industry Organizational role Length 

Client A (CA) Cargo-handling 
machinery  

Director of Emerging Digital 
Business 

45 mins 

Client B (CB) Engineering and 
technology 

Product Manager Digital 51 mins 

Client C (CC) Commercial, long-haul 
transport  

Product Owner Future Business 
Models  

43 mins 

Client D (CD) Pulp and paper 
manufacturer  

Head of New Businesses & Start-
ups 

50 mins 

Client E (CE) Public Broadcasting  Head of Lean & Agile 
Development  

55 mins 

Client F (CF) Public Broadcasting  Chief Exploration & Innovation 
Officer 

30 mins 

 

3.6 Data analysis 

Broadly, Miles and Huberman (1994) define qualitative analysis as consisting of three 

interwoven streams of activity: data reduction, data display, and conclusion drawing and 

verification, which attempt “to reduce the large amount of text to produce something that is 

empirically and theoretically interesting” (Cassell, 2015). As explained by Creswell (2013), 

data analysis is typically “custom-built, revised, and choregraphed” for specific research 

objectives, moving in analytical spirals and in parallel form before, during, and after data 

collection rather than in a fixed line (Miles & Huberman, 1994; Creswell, 2013). After reading 

and re-reading the transcripts, and becoming familiar with the qualitative data, the tactic of 

“memoing” or “reflective note-taking” promoted a colorful, general understanding of the 

empirical findings, which eventually fragmented into smaller pieces to build thick and vivid 

descriptions that were not only nested in real context, but also carried a ring of truth (Miles & 

Huberman, 1994).  

 

To avoid information overload during the early steps in analysis, the transcripts were 

approached with thematic coding known as “a method for systematically identifying, 

organizing, and offering insight into patterns of meaning (themes) across a data set” (Clarke & 

Braun, 2012). Predominantly driven by the research questions and conceptual framework, the 

analysis observed more of a top down (deductive) procedure rather than a bottom up (inductive) 

one as coding categories and themes were largely determined in advanced, yet still embraced 
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any significant emergent themes (King, Brooks, & Tabari, 2018). Being accessible and 

flexible, Clark and Braun (2012) claim thematic analysis serves as “an entry into a way of 

doing research that otherwise can seem vague, mystifying, conceptually challenging, and 

overly complex.” Furthermore, Maguire and Delahunt (2017) point out that purposeful 

thematic analysis interprets and makes sense of qualitative data, not merely summarizes it. Put 

differently, instead of combing the data for explicit or surface meanings, “the underlying ideas, 

assumptions, and conceptualizations” tied to the content of the data were identified and 

examined by means of template analysis (TA). 

 

As a particular style of thematic analysis, TA emphasizes the use of hierarchical coding, which 

represents predetermined and then amended themes, adhering to seven procedural steps (King 

& Brooks, 2017):  

1. Familiarization with the data  
2. Preliminary coding  
3. Clustering  
4. Producing an initial template  
5. Modifying the template 
6. Applying the final template to interpret the data  
7. Writing-up  

 

With a relatively high degree of structure, but the flexibility to adapt to the needs of a particular 

study, TA allows the prior specification of codes to analyze, selecting and exploring key themes 

both anticipated and unanticipated (Saunders, Lewis, & Thornhill, 2016). Clustered into 

meaningful groups, a priori and emergent themes are ordered hierarchically, displaying broader 

themes which encircle one or more levels of narrowly focused themes (King & Brooks, 2017). 

Maguire and Delahunt (2017) acknowledge themes should be “coherent and distinct” from 

each other so empirical links can be found and developed within and across clusters (King & 

Brooks, 2017). By means of a systematically arranged and ranked template, the analyst can 

more easily describe and interpret collective meanings or experiences, presenting relevant data 

in a straightforward and illustrative way. As a substantial degree of commonality existed 

between the internal and external interviews, a single template was created to exemplify the 

shared experiences or perceptions of the consultants and clients affiliated with the case 

company, Futurice (King & Brooks, 2017).  
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3.7 Reliability, validity, and generalizability  

In qualitative research, the universally established measures of reliability, validity, and 

generalizability assess the consistency, quality, and wider potential of a study (Mason, 2018). 

At a basic level, reliability and validity refer to the extent to which data collection techniques 

or analysis procedures will yield accurate findings, and the degree to which a study will reflect 

or evaluate the specific concept that is attempting to be measured, respectively (Eriksson & 

Kovalainen, 2008; Saunders, Lewis, & Thornhill, 2016). Next, generalizability, also referred 

to as external validity, involves determining whether empirical findings may be equally 

applicable to other research settings or not (Saunders, Lewis, & Thornhill, 2016).  

 

Unfortunately, the qualitative research method of conducting semi-structured interviews is 

often related to a number of data quality issues, calling into question the reliability and validity 

of this study (Saunders, Lewis, & Thornhill, 2016). However, overcoming these data quality 

issues was not impossible. Like all research methods, Saunders, Lewis, and Thornhill (2016) 

argue the key to successful and, therefore, repeatable interviews is “careful preparation,” which 

increases credibility while decreasing interviewer/participant bias. Although lack of 

standardization is looked upon skeptically due to interviewer and participant error or bias (e.g. 

leading questions, “socially desirable” responses), this study was able to drastically reduce the 

scope of bias through precisely planned and rehearsed semi-structured interviews which 

embodied a high-level of knowledge, tactful approach to questioning, attentive listening skills, 

and professional appropriateness (Saunders, Lewis, & Thornhill, 2016). Interview competence 

helped secure the trust and confidence of the participants, fostering reliable findings that 

accurately reflected reality in the given situation at the time of data collection, yet does not 

completely ensure replicable success at the hands of alternative researchers looking to reveal 

similar information (Saunders, Lewis, & Thornhill, 2016).  

 

In addition to reliability through interview competence, this study observed and examined what 

it claimed to measure, particularly the concepts of BMI, data and AI monetization and 

provision, and consultancy. At the beginning of each interview, the participant was introduced 

to the background and research questions of the study, highlighting the need to connect theory 

with practicality. By discussing the topic from a variety of angles, as well as clarifying 

questions and meanings of probed responses, this research attained a high-level of validly, 

gaining access to both explicit and implicit participant knowledge and experience (Saunders, 
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Lewis, & Thornhill, 2016). Interpretation focused on answering the research problem from a 

participant’s point of view, considering my personal view or perspectives articulated in 

previous literature (Creswell, 2013). To uphold reliable and valid findings, the research design 

and methods of this research are transparent and comprehensive, rigorously outlining the 

interview process so that future researchers can reference and reanalyze the collected data, if 

not reproduce (Saunders, Lewis, & Thornhill, 2016).  

 

As for external validity, Yin (2018) touches on the inherent flaw associated with the qualitative 

case study – “the apparent inability to generalize.” Fortunately, Yin (2018) offers the short 

rebuttal: “Cases studies, like experiments, are generalizable to theoretical propositions and not 

to populations or universes” In other words, the qualitative case study’s goal is to “expand and 

generalize theories (analytical generalizations) and not to extrapolate probabilities (statistical 

generalizations) (Yin, 2018). Saunders, Lewis, and Thornhill (2016) also bring up the fact that 

the single case study encompasses a wide range of people and activities, shedding empirical 

light on theoretical concepts or principles. As a result, a specific case study should not be 

viewed as a sample for statistical generalizations, but as particular researching setting to 

advance conceptual generalizations (Yin, 2018).   
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4 FINDINGS 

In this Chapter, the findings of the research are presented aligned with the conceptual 

framework, starting with firm data and AI assets, detailing business model innovation and data 

and AI monetization and provision strategies and practices, and ending with obstacles and firm 

and client benefits. This form of thematic analytics organizes empirical results in a meaningful 

and constructive manner, drawing clear and concise analytical links between responses and 

concepts to establish associations. 

 

4.1 Data and AI assets 

To preface, assets are strategic resources vigorously controlled and managed by the firm then 

ultimately leveraged with the expectation to receive future benefits like new business and 

growth. In the context of data and AI, and consultancy, the interviews revealed that the term 

“asset” is hard to conceptualize, as well as to pinpoint and define. However, Figure 8 

interestingly depicts two different perspectives, which are relatively mirrored or even 

convergent, in terms of describing Futurice-specific data and AI assets. 

 

 

 

 

Figure 8: Two-sided view of Futurice-specific data and AI assets 
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Table 4. Consultant responses regarding Futurice-specific data and AI assets 
Dynamic & 
innovative culture  

“We sell our culture. We sell who we are and how we do things, how 
we think and approach things – our problem-solving process. This 
again is the people; it is the knowledge work. In the end, we have 
always adapted to the clients – for their data, for their people, for 
their processes, for their business, for their universe.” (C3) 
 

Human capital “I believe that our success is because we have talented people 
working at the company – ask help and learn from each other.” (C6) 
 
“These assets are a hard concept. Assets, for us, are mostly people, 
[and] then the knowledge within the people” (C3) 
 
“From an AI assets point of view, we have excellent data scientists 
who know the math and the tools.” (C5) 
 
Team Exponential – Data and AI transformation   
 

Structured & 
unstructured 
information 

“These prototypes, these proof-of-concepts, I think are our greatest 
assets.” (C3) 
 
“We have the internal data assets – hours data, proposal data, 
people data, and stuff like that, [but] we just have the project 
information as an underlying asset.” (C5) 
 
“In order to store the data in the right format, you need to know the 
use case. It’s stored in raw form in 30 systems.” (C2) 
 

Underlying IT  
& Infrastructure   

“The idea is that when you hire a Futurican, they should get the 
whole knowledge of the organization – quite much about this 
knowledge management, getting help when you need it.” (C6) 
 
“Those hard assets, those technical, tangible assets, they are 
currently feeding our prototypes, but they are not something that are 
scalable. So they need to be reworked a little bit. Not reworked, but 
some of them repurposed and restructured.” (C3) 
 
“The technology is an enabler, but I would say the data is the most 
important [asset].” (C5) 
 
“We came up with a completely new concept  on how to structure 
data within a business by putting Inari into the heart of Futurice.” 
(C3) 
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Table 5. Client responses regarding Futurice-specific data and AI assets  
Strategy, design,  
& engineering 
competences  

“One benefit that this kind of company like Futurice has is the 
competences and capabilities on three levels – strategy, design, and 
engineering. This mix of strategic thinking, design thinking, and 
engineering capabilities is a very good portfolio for them.” (CF)  
 

Expertise  “I think the best possibility with Futurice could be that you have 
experiences with other customers who have maybe the same 
problems. This is the big asset of Futurice. You have different 
customers, you have different use cases, you have different 
challenges, and you can use that knowledge to build or consult 
solutions.” (CB) 
 

Project data  “What you do have is 1,000 plus projects in different parts of the 
world.” (CA) 
 

 
From a consultant perspective, the abstract and fuzzy notion of dynamic and innovative culture 

in tandem with human capital are deemed the most significant and valuable data and AI assets 

of Futurice, which are further enabled by structured and unstructured information, and 

underlying IT and infrastructure. Consultants at Futurice not only embody the corporate values 

of care, trust, transparency, and continuous improvement, but also embrace the cultural 

mentality of “learning by doing” (C1). Failures and victories are equally celebrated and 

revaluated throughout the innovation and problem-solving processes as each outcome – no 

matter the size or scope – challenges dominant logic, fostering new ways of thinking and 

working. As a result, the ability and capacity to service clients differently in the future is 

boundlessly heightened and expanded (C4). Equipped with a mix of data scientists, engineers 

and architects, software developers, business designers, technological specialists, and 

management consultants, Futurice characterizes a technical- and business-led organization. 

With over 600 employees in eight locations, the collective experience, knowledge, and skills 

of Futurice is palpable, noticeably living and passionately evolving.  

 

The previous learnings of Futurice reside in both structured and information – from employee, 

peakon, and hour data to financial and operational data to proposal and project data to proof-

of-concepts – gradually enlarging and transforming with the help of the firm’s underlying IT 

and infrastructure, as well as business tools and templates. Essentially, Futurice-specific data 

and AI assets are powered by technology, but ultimately harnessed by consultants who not only 
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glean insights from the data, but also utilize different data sources, drawing on earlier 

knowledge to bridge the gap between accessible information. Moreover, proprietary software, 

business tools, and templates enable Futurice to ‘frameworkize’ data, scaling and digitizing 

solutions that provide greater context and faster analysis.  

 

While historical data is no crystal ball, drawing on past experience increases the probability of 

success in the future. Understanding the strategic importance of pooling information to support 

uninterrupted communication, engagement, and knowledge flow, Futurice has recently 

developed a proof-of-concept data platform, nicknamed “Inari” after the third largest lake in 

Finland, to create prototypes and explore business opportunities, utilizing AI-based methods 

and solutions. Implemented by Team Exponential – a dedicated unit for Futurice-specific and 

client data and AI transformation initiatives  –  Inari will act as a single access point for data 

governance, integration, storage, analysis, and visualization.  

 

With the genesis of Inari, Futurice anticipates being more platform-driven than organization 

structure-driven (C2). At present, Futurices utilizes approximately 30 applications to 

streamline processes, as well as generate and capture data. Unfortunately, most of these 

applications are ungoverned and unstructured, requiring a sustainable amount of internal 

development to repurpose and restructure these ‘fit for purpose’ data stores, which are managed 

separately. As each application still emits a unique data stream, establishing an overall 

architecture for Inari that permits a two-way data transfer has not come easy. Yet, Team 

Exponential along with the Data & IT Department are steadfast, attempting to place Inari at 

the heart of Futurice’s operations, with future scalability in mind. 

 

To get there, Futurice needs to combine the myriad of disconnected applications, 

experimenting with various data transfer and capture techniques, and exploring new internal 

and external data sources. As one consultant mentioned, Futurice currently has little to no 

accessibility to external data and AI assets (e.g. Orbis, Economist Intelligence Unit, Gartner, 

Data Stream, Blueback). Opportunely, Futurice is dedicated to augmenting internal data with 

external data, so that master data (i.e. single versus double data entry) and process automation 

(i.e. data creation in one application can trigger commands in other applications) can be 

realized, allowing for two types of analysis and visualization platforms. The first devoted to 

structured, or curated, analysis such as dashboards, data cubes, and automated reports; and the 
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second reserved for non-structured analysis, empowering users to develop and run AI/ML tools 

and enabling applications that utilize Inari data. 

 

 

 
Figure 9. Futurice’s data platform Inari 

 

From a client perspective, strategy, design, and engineering competences, coupled with 

expertise and project information, are seen as the most significant and valuable data and AI 

assets of Futurice. While strategy, design, and engineering competences may not typically be 

considered assets by definition, this bundle of capabilities includes propriety business 

processes, which generate benefits unique and difficult to imitate and, therefore, should be 

considered a strategic Futurice-specific asset. This viewpoint resonates with one consultant 

who asserts that “the majority of people in Business Director roles at Futurice have some sort 

of coding and technology background, trying to just bring a different approach to problem-

solving” (CC). These IT-skilled business consultants, or business-skilled IT consultants, 

differentiate Futurice from traditional competitors with respect to innovation potential at a 

systems-level and product level (CF). On top of innovation capabilities, Futurice represents a 

playbook of expertise, containing shared knowledge from different customers, problems worth 

solving, and use cases that can be linked, pivoted, and applied to the next project. Again, this 

belief echoes with another consultant who discloses:  

 

“What our people gain is the knowledge in how to solve a problem that they can maybe 
apply in the next project. It is quite likely that when we solve a problem once we get a 
similar problem or similar client case in the future, [and] then we can invite the same 
person to make the magic happen again.” (C6)  
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Having existed for 20 years, Futurice has delivered roughly 3,000 projects, which essentially 

typify a treasure trove waiting to be unlocked. As the bulk of trapped value remains hidden 

amongst the proposals, projects, and deliverables of yesteryear, now Futurice’s strategic and 

business goals must be centered around extracting, refining, and monetizing the project data, 

so that gold nuggets can be exploited and converted into future insights. Although Futurice has 

a general idea of where to search and mine for these tangible benefits, multiple layers and 

labyrinths need to be successfully penetrated and navigated before striking and reaping the 

payload.  

 

Intriguingly, consultants and clients alike tiptoed around the over- or underuse of the word 

asset. A few contended asset-based thinking is restrictive and, therefore, did not want to be 

cornered or married to the term, while others struggled with assigning the label to certain 

resources, whether real or perceived. Regardless, simplifying and determining what qualifies 

as an asset in the complex realm of data and AI was perplexing for most internal and external 

participants.  

 

4.1.1 Maturity  

As previously mentioned, closing the trapped value gap is heavily dependent on a firm’s level 

of data and AI maturity. The capability to improve, leverage, or commercialize data and AI 

assets exists on a spectrum, including beginner, explorer, intermediate, advanced, and 

champion stages. Moreover, these varying stages are not mutually exclusive because of the 

interplay between specific assets or aspects of the firm, which can be further or behind in 

relation to the next or last at any point in time. To help firms more easily map and track the 

progress along the transformation journey, Ruokonen (2019) constructed a straightforward data 

and AI maturity model shown below: 

 

Table 6: Data and AI maturity scale  

 Stage 1: 
Beginner 

Stage 2: 
Explorer 

Stage 3: 
Intermediate 

Stage 4: 
Advanced 

Stage 5: 
Champion 

 
Strategy & 
positioning  

 
Data and AI are 
not present in 

company strategy. 
No roadmap for 

data and AI 
activities. Laggard 

position. 

 
Lack of focus and 
planning in data 
and AI related 
activities, even 

though progress is 
made. 

 

 
Data and AI related 
activities are aligned 

with company 
strategy; roadmap 
and business case 
becoming clearer.  

In par with its peers. 
 

 
Clear 

understanding of 
opportunities. 
Roadmap and 

business case for 
all activities. Data 
and AI creating a 

competitive 
advantage. 

 
Data and AI as a 

critical assets of the 
firm, enabling 
transformative 

future businesses 
and business re-
positioning. A 
leading player. 
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Commercial 
models & 
business 
acumen  

 
 
 
 
 
 

Value of data and 
AI unclear, the 

size of the 
commercial 

opportunity too. 
 

 
 
 
 
 

Basic 
understanding of 

data and AI as 
assets. First pilot 
projects planned. 

Commercial 
models explored. 

 

 
 
 

Data and AI 
commercialization 

pilots in place. Data 
and AI to customers 
and/or partners for 
free. Data and AI 
used to improve 

current business but 
not to re-think the 
whole business. 

 

 
 

There is proof that 
data and AI have 
been turned into 
business value. 

Clearly 
demonstrated 

improvement of 
internal operations 
and revenue from 
customers from 

data-related 
offerings. 

 

 
Data and AI are 

harnessed in 
multiple ways e.g. 
to improve process 

efficiency, to 
rethink the current 

business and to 
create new data and 
AI enabled business 

models. Some 
models are 

transformative. 
New data and AI 
enabled service 

concepts being co-
created with 
customers. 

 
 
Processes and 
ways of 
working 

 
 
 

No clear roles nor 
processes with 

data and AI. Lack 
of experimenting 

in service 
development. 
Organisational 

silos. Difficulties 
in getting services 

ready. 

 
 

Processes and 
roles for data and 
AI getting clearer. 

Some 
experimenting in 

service 
development. Data 

and AI initiative 
portfolio getting 

clearer. Long 
time-to-market. 

 

 
 

Processes and roles 
with data and AI are 

clear. Some lean 
and 

customer centric 
development 
projects. No 

systematic data and 
AI initiative 

portfolio 
management. 

 

 
Systematic data and 

AI initiative 
portfolio 

management and 
lean and customer-

centric service 
development in 

place. 
Multidisciplinary 

teams used but 
further competence 

development is 
needed. Time-to-

market shortening. 
 

 
Clear processes and 

roles for data and 
AI in place. Lean 

and 
customer centric 

service 
development in 

place. Systematic 
data and AI 

initiative portfolio 
management. 

Multidisciplinary 
teams is the norm. 

Fast time-to-
market. 

 
 
Data & tech 

 
 
 
 
 

Data scattered and 
fragmented, not 
easily available 
and not easy to 
correlate. Data 
collection not 

applied 
systematically. 

 
 
 
 
 

Data infrastructure 
and APIs being 
built. Extracting 
and connecting 

data from various 
sources. Data 

queries 
and reports. Data 
quality known. 

 

 
 
 
 

Data visualizations 
and forecasting 

models. Situational 
awareness. Training 
of algorithms. Data 
platform initiatives 

launched. 
Transformation to 

cloud technologies. 
Data quality is 
satisfactory. 

 

 
Data is catalogued 
and widely shared, 

data quality is 
good. Common 

data platforms and 
tools enabling 

analytics. Ability to 
process and use 
various types of 

data. Creation and 
testing of custom 

algorithms. 
Optimization and 
automatization of 

operations. 

 
Data is fully 

governed. Scalable 
cloud solutions with 

easy access for 
users. Various data 
platforms and tools 

in place. 
Continuously 

improved advanced 
analytics and AI 

models, including 
predictions and 
optimization. AI 
applications in 

place. Autonomous 
operations. 

 
 
Organization 

& 
competences 

 
 
 
 

No data science 
capability, 

dependency on 
vendors, 

difficulties in 
attracting talent, 

lack of data 
literacy, fear of 

dealing with data 
and AI. 

 
 
 
 

Some individuals 
who can play with 
data and analytics, 
scattered around 
the organization, 
wider adoption of 
the data science 
skill is missing. 

 
 
 

Dedicated champion 
for data science. 

One group of people 
knowing how to do 
analytics and data 

science. Attempts to 
raise data literacy 

more widely. 
Attraction of data 

and AI -related 
talent. 

 

 
 

Data science 
professionals well 

available and 
collaborate with 

business. Access to 
BI tooling, data-
enabled decision 
making in place. 

Data being 
analyzed and 

discussed in the 
organization. 

Capability-building 
programs. 

 

 
Strong and 

institutionalized 
data science 

capabilities. Data 
scientists in the core 

of business. High 
data literacy and 

strong data-enabled 
decision-making. 
Data and AI skills 
embraced in hiring 
and training. Strong 

support for 
harnessing data and 
AI. Reinvention of 
ways of working. 
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Based on the above criteria, interviews, and observations, Futurice as an organizational whole 

is speedily transitioning from intermediate to advanced stages in terms of data and AI maturity. 

At present, Futurice’s underlying IT and infrastructure – namely Inari – is still in its infancy 

period, extracting, pooling and connecting various arrays of data, and exploring potential use 

cases. Futurice-specific competences and processes aimed at changing the ways of thinking 

and working (i.e. behavioral changes) have arguably surpassed the intermediate threshold. 

However, optimism and realism are not one in the same. To counter or reinforce this evaluation, 

these selected quotes have been chosen: 

 

“In maturity level, if I had to throw a number – I am really sorry if I offend somebody 
here –  but in terms of maturity, if we go from a scale 1-100, I think we are about 10 
percent.” (C3) 

 
“If I compared us to our competition maybe we are ahead of them, but if I compare us 
to where we should be, we are still very far from the current state on all fronts. We are 
very early on the transformation journey for the assets we have. We have some data 
assets, we have some AI assets, but there is a very long way to go.” (C2) 

 

This ruthless and honest maturity assessment of Futurice reveals two spheres in progression – 

explicitly, technology and culture. While both are undeniably catching momentum, cultural 

innovations still largely outpace technological advancements. Accordingly, incremental leaps 

along the transformation journey attribute to the mirage of a false summit, only to be met by a 

precipice of ignorance, which will forever outstretch knowledge. Although a premature sense 

of accomplishment is dangerous, dashed hopes are even more threatening. Luckily, Futurice 

touts a slogan of “Love the problem, not the solution,” illustrating that ups and downs are an 

essential part of the quest for knowledge, and the transformation journey should be savored, 

not endured. Instead of cresting summits, Futurice prefers to wallow in complexity, honing 

creative and critical thinking to expand ideas and skylines.  

 

4.1.2 Leveraging and commercial readiness   

To date, Futurice and its clients have been predominantly leveraging data and AI to: (1) 

enhance processes and decision making; and (2) boost existing products and services. In the 

words of one consultant, “I think that our data is more around efficiency and how to build a 

successful operation,” (C1) underscoring that asset efficiency is more of less the name of game 

at Futurice when compared to harnessing data and AI to provide additional revenue through 
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new innovative products, services, and BMs. This may be largely attributable to the complexity 

and time-intensity related to data and AI, which requires a substantial learning curve, and an 

extended period of trial and error. One specific consultant response further highlights this 

reasoning:  

 

“We are leveraging a small fraction – maybe 20 percent of the data we have now is in 
Inari. Applying or reusing that [data] with AI is really really small. Not much AI at the 
moment.” (C6) 

 

Evidently, Futurice is just starting to gain traction with data and AI like the majority of clients 

who are chiefly using these digital assets to spur engagement at various product and user 

interfaces in order to “collect and connect the data to analyze, and bring that data to the 

stakeholders” (CB). While the primary strategic focus amongst consultants and clients has been 

to reduce the amount of rudimentary system work (e.g. manual overlapping processes), 

utilizing automation to execute faster and better decisions, business objectives in terms of data 

and AI are increasingly shifting.  

 

Within the foreseeable future, Futurice intends to convert data and AI into something valuable, 

launching Futurice-specific digital assets into the commercial market within the consultancy 

industry. Yet, two critical questions remain: 

 

(1) Can the Futu brand be viewed as not only a relevant player in delivering consultancy 
services, but also a credible provider in generating data, technology (i.e. applications), 
and insights?  

 
(2) Would the client benefit from receiving Futurice-specific data and AI assets and, if so, 

in which commercial mode or format (e.g. relevancy, usability)?  
 

Recognizing untapped potential in external business, growth, and revenue opportunities, 

Futurice is adamant the commercial market for data and AI assets falls closer to ripe than 

immature, and in the eyes of one client, “the way people purchase assets is changing” (CB).  

 

Due to the multifaceted nature of monetization and provision, figuring out why and how to 

convert data and AI assets into deliverable value is simultaneously intriguing and confusing. 
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In regard to commercial readiness, most consultants support the view of this one particular 

response:  

 

“We don’t have a full understanding of how might we use our data to create value for 
the clients, and what sort of data would the client see as valuable. We just don’t have 
that thinking in place yet.” (C1).  

 

As a result, tangible and implementable data and AI monetization and provision ideas at 

Futurice are either incubating or stuck in limbo, awaiting a decision or resolution in an 

intermediate state. Pipe dreams, revolving around this commercial opportunity, have not been 

translated into concrete market actions partly because of internal resistance. At face value, the 

majority of consultants do not grasp how monetizing Futurice-specific data and AI assets 

benefits the firm nor client without violating a certain level of trust and privacy. Below, one 

consultant successfully paints an image of this dilemma:  

 
“I don’t see much value. One of the reasons why we started building Inari is we wanted 
to help our people, to help us perform better. The promise that we make to our people 
is that we use the data for good purposes, we use the data to help them. I cannot figure 
out something that is not private, but still make some sense to give to our clients. I 
would not love to work at a company that makes money out of my data. I wouldn’t  be 
happy. I think quite a few people at the company wouldn’t be happy, [and] I think that 
is not the direction where we should go. [However], it depends on what kind of data.” 
(C6) 

 

From a purely a technical standpoint, removed from any cultural angles, (e.g. protests or 

hesitations), Futurice-specific data provision is mature; whereas, Futurice-specific data 

monetization is close to zero. In this case, data provision characterizes the different avenues 

and vehicles Futurice leverages to deliver valuable tools, methods, applications, and insights 

to clients by means of project offerings. These tailored services are developed and then sold or 

provided specifically for a client problem, circumstance, or environment. Moving away from 

discrete client problems towards universal business challenges could open up new possibilities 

for Futurice either in the form of innovative data and AI-enabled services or data and AI-

monetized products. 

 

However, talk is cheap, and the present buzz around data and AI monetization at Futurice has 

been relatively nil:  
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“The services we sell are very mature, but if you ask about monetizing our data there 
is not much at the moment – nothing has been done on that front except talk.” (C2) 
 
“The thing is whenever we do these sorts of things – if we want to sell our data, for 
example, to our clients, we should be committed to doing that in the long-term. We 
should see the value of doing that in the long-term. Whether its transparency, better 
service, or things like that. I am not sure if there are any commercial benefits. The main 
benefit could be indirect. It is really difficult to understand at this point because there 
are no use cases for it yet.” (C4) 

 

With respect to market approach, Futurice seems to be teetering on the edge of whether to adopt 

a proactive (i.e. attack) or reactive (i.e. follow) strategy concerning data and AI monetization 

and provision on top of existing operations, services, and offerings. To speak the dream of data 

and AI monetization and provision into existence, Futurice not only needs to get to the bottom 

of the evident and hidden motives of internal resistance, but also needs to embark on a soul 

searching quest to discern if the road less traveled should be taken or not.  

 

4.1.3 Problems worth solving   

Addressing this commercial fork in the road boils down to real problems worth solving for 

Futurice. In the sea of data and AI, the deeper Futurice can dive into the ambitions and 

challenges floating around the brand and its clients, the more likely the consultancy firm will 

come up with something valuable in hand, identifying a solution for what both parties seek to 

accomplish in a given circumstance (Christensen, Hall, Dillon, & Duncan, 2016). Knowing 

what particular ‘jobs to be done’ will allow Futurice to sift through a plethora of options, 

weighing the pros and cons of each alternative. Again, discrete client problems and universal 

business challenges noticeably differ in size and scope, affecting the range of potential 

economic returns. Futurice must carefully hedge bets on various outcomes before even thinking 

of profiting from data and AI initiatives. Solving problems with Futurice-specific data and AI 

assets is contingent on real and perceived benefits, involving the pursuit of desirability, 

viability, and feasibility.   

 

When detecting and tackling problems worth solving, Futurice is cognizant of internal and 

client perspectives, but strongly gravitates towards the former point of view, assuming the 

position of a test guiena pig for data and AI initiatives. From Futurice’s vantage point, the 

principal reason why consultants look inside-out rather than outside-in is because of the 
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“sluggish” or “short-sighted” nature of clients, which hinders and limits the process and 

capacity of innovation (C2). Leading by example, Futurice hopes to set the pace of systemic 

change, expanding fields of vision and increasing appetites for innovation, so that clients are 

engrossed in the long-term future as much as today and tomorrow.   

 

“We don’t know what we don’t know when we start, [meaning] we have to learn, [and] 
the best way to learn is to solve a real-life problem, which is a problem within. 
[Consequently], let’s use ourselves as a guinea pig. Let’s learn with our own systems. 
Let’s learn with our own environment. Once we know, once we have an understanding, 
then we can go and offer it to our clients and sell these things. It is about living in real-
life, in the real-world, solving today’s problem’s and looking at the next step.” (C3)  

 

Clearly, this one consultant is sounding the call to “get out of the building,” and explore and 

uncover problems worth solving away from the laboratory setting, observing people and daily 

work in real-life (Ruokonen, 2020). By doing so, this will ensure that data and AI-enabled 

solutions are grounded in pragmatic insights, not theoretical whims.  

 

While some consultants are fixated on service centric approaches to data and AI, others 

promote a middle way between the firm and client, striking a (mutually beneficial) balance: 

 

“Of course, there are a lot of things that could be solved within our company around 
data and AI, and there are a lot of problems that are clients have, but it is the 
intersection between these two.” (C6) 

 
Figure 10: Futurice and client problems worth solving 
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The above Venn Diagram illustrates the similarities and differences between Futurice- and 

client-specific problems worth solving. Yet, it is the intersection between these two (i.e. 

commonalities) where potentially synergistic goals and objectives lay wait for prioritization 

and strategy formulation. As the old adage goes, a shared problem is a problem halved, and 

therefore should be a focal area of interest for Futurice and its clients. Overlapping problems 

ought to be ranked according to impact and implementation potential, especially in terms of 

BMI, and data and AI monetization and provision opportunities and solutions. In consequence, 

Futurice and its clients can develop complementary data and AI strategies and tactics, 

accounting for numerous perspectives, various avenues for new business and growth, and 

several pathways for scalability and sustainability.  

 

As a logical starting point in terms of commercialization, Futurice could develop, test, and 

launch Futurice-specific data and AI assets that attempt to solve the five-gold starred client and 

mutual problems, which are further discussed in the Crystallization and Recommendations 

Chapter.   

 

4.2 Business model innovation  

This section details the strategic cohesion, and ambition and investment levels of Futurice, as 

well as the case company’s past, current, and envisioned BMs, including the roadmap for 

balancing legacy systems while concurrently scaling and sustaining novel data and AI 

initiatives.  

 

4.2.1 Strategy, ambition, and investment  

As previously described in the literature review, Magretta (2002), Casadeus-Masanell and 

Ricart (2010), DaSilva and Trkman (2014), and Foss and Saebi (2017) support that BMs 

operationalize effective strategies by means of dynamic capabilities, which play a mediating 

role between the short- and long-term aims of the firm. Interlinked through the perpetual 

reconfiguration and renewal of tangible and intangible assets, strategies and BMs must not only 

be forward-looking and adaptative, but also aligned to ensure sustainable performance and 

profitability (Teece, 2010; Koscielniak & Puto, 2015; Reim, Astrom, & Eriksson, 2020). 

Therefore, a shift in one requires a change in another for overall cohesion between short-term 

working assumptions and long-term competitive business in varying time horizons.  
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Today, Futurice has four separate and distinct, but integrating and evolving data and AI 

strategies: 

 

 
 

Figure 11: Four separate, but converging strategies aimed at harnessing data and AI 

 

As opposed to a coherent, organization-wide data and AI strategy, these independent, yet 

reinforcing, visions aimed at producing one logical and consistent story are still in a nascent 

period of development. Here are a few excerpts from consultants to justify this reasoning:  

 

“Right now we are in the first stage of the evolution. We don’t have very concrete steps 
to it yet. That is why I am saying that it is not a very ‘coherent’ strategy. We have got a 
lot of streams where we are looking at what makes sense at the moment.” (C3) 
 
“[Our data and AI strategy is] actually quite exploratory, but coming together little by 
little –  cannot be very coherent in the early stages because it changes how you work 
and make money. What we tell our clients: Instead of doing a very detailed data and AI 
strategy, which is typically quite impossible to do before you start acting, you need to 
understand what are called the value levers.” (C2) 

 
“I think it is a little bit siloed.” (C5) 
 

“We are working on it. So we have a task force to somehow merge these different 
streams.” (C6) 

 

Excusably, Futurice’s data and AI initiatives continue to be relatively isolated and muddled 

because the case company (like its competitors and clients) is headed into an obscure business 

environment characterized by wave after wave of industry disruption and emerging 
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technologies. When exploring and experimenting with novel ways of working and largely 

unrealized technologies, a prolonged infancy stage is not an uncommon part of the growth 

progress in order to successfully mature and implement educated guesses, instead of 

continually taking shots in the dark. To borrow the words of one consultant and one client, 

separately:  

“We don’t even know what’s coming. Before the invention of the wheel, how would 
anybody have been able to predict the cart. You cannot possibly fathom what you don’t 
know because it’s coming. We build this world on a perception of this universe – what 
is needed, what is required, what is necessary, and what is missing based on the context 
of today.” (C3) 
 
“We are moving towards a non-existing world. I think we are really curious now, we 
don’t have answers, but a lot of ambition to experiment.” (CE) 

 

Hence, the journey towards strategic connectedness is not without its expected growing pains, 

unforeseen speed bumps, and vast array of working assumptions. Despite the lack of concrete 

steps and timelines, Futurice’s ambition in the data and AI space is unwavering. The case 

company’s dynamic and innovative culture acts as a Northern Star, forever guiding consultants 

from low-hanging fruit (i.e., asset optimization) to bounties more difficult to harvest (i.e., asset 

monetization). Put differently, Futurice employs “both/and” thinking when positioning for the 

future and jockeying for the lead, delegating resources to accelerate client-focused projects and 

consultant-focused industry transformation in the short- and long-term, respectively (Smith, 

Lewis, & Tushman, 2016).  

 

Paradoxical decision-making at Futurice often falls short of data and AI ambitions under the 

guise of strategic agility (Lewis, Andriopoulos, & Smith, 2014). The conflicting demands of 

now and later, as well as the firm and client, is not flawlessly managed, impeding novelty, 

creativity, scalability, and sustainability in terms of enduring value creation, delivery, and 

capture.  

 

“We only do projects that provide immediate value. That is what being agile, that is 
what being lean is all about –  doing quick succession and getting small victories where 
you go. Those are the low-hanging fruit. They come from this whole methodology.” 
(C3) 
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Similarly, one client explains the ongoing frustration of corporate short-sightedness that 

embellishes the façade of extinguishing ‘burning’ strategic issues and goals here and now at 

the expense of building new or even remodeling old avenues of growth and profitability in the 

future. Unquestionably, organizational blind spots attribute to the growing disconnect between 

bold data and AI visions and actionable strategic maneuvers, which do not align with stated 

and intended cultural, technological, and investment trajectories.  

 

“We are planning brave jumps all the time, but we often do not have the operational 
people to do the small steps in the right direction. We have the vision and we have good 
steps ahead, but we are not re-prioritizing people to these topics because today the 
world is burning - we solve the now, tomorrow can wait. In German, we have this 
saying: “Short importance kills long-term visions.” People have this vision, but the 
problem is that it can be postponed. There is no date on the vision. But what they never 
think about or never grasp is: what are the implications for the strategy or the future 
business model or business in the future? Because they see the vision as something on 
paper or something on the wall, and it is easier to push this forward – not knowing 
what implications they have. Letting the world burn and focusing on this vision. It is 
hard to describe, but I think the hunger is already there, but people are not able to 
follow up with the vision they have.” (CC)  

 

To better match ambition level with investment level, Futurice is attempting to extend 

relationships with key clients, and to secure more funding from Business Finland – a public 

organization whose mission is to catalyze new growth and create opportunities for Finland 

through innovation and international expansion – to kick-off a data and AI-powered ecosystem:  

 

“Ideas don’t come in a vacuum. You talk with the client, you visit them, and they tell 
you about their issues. They may hire you to solve one issue, but then it sparks 
something in the back of the head that you kind of recognize is very close to what you 
do.” (C3) 

 
“In order to speed up the investment levels, I think ecosystem thinking is important. We 
need to build long-term capabilities while we address short-term problems because 
otherwise we are not getting any traction. Luckily, Business Finland is supporting that 
initiative because otherwise it would be quite costly.” (C2) 

 

Following comments regarding investment undertakings, the same consultant digressed about 

how Futurice strategically views fear (risk) and greed (opportunity) in and around data and AI 

ecosystem thinking:  
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“If there is an opportunity to create value, I think it is worth the risk even if something 
were to be exposed to our competition, for example. [However], fear wins [over] greed, 
meaning companies are more afraid of their data and AI assets than they should be. 
We need to be careful what we share, don’t want to expose our clients’ confidential 
data or people’s personal data.” (C2).  

 

As for clients, strategic cohesion ranges, but ambition and investment levels remain 

comparatively high in advancing data and AI initiatives: 

 

“I think it is still siloed, but I think we have done very good development in recent 
years.” (CE) 
 
“There are a lot of projects and initiatives ongoing within our company. It is really 
hard to get an overview of the resources. Ongoing projects and activities. It is like self-
swimming fish everywhere.” (CB) 
 
“We are pretty much aligned. It is across the whole company to run these experiments, 
innovation, and renewal. So I mean, that is in very good order.” (CD) 

 

In short, Futurice and its clients are nearly on par with each other when planning and executing 

data and AI business development ventures. While neither party has timelines etched in stone, 

both solemnly agree that data and AI pillars or elements should be swiftly integrated into their 

products, services, or offerings going forward. However, the two groups are aware that one 

should walk before they can run. For now, the next phase of acceleration is modernizing data 

infrastructures, which enable seamless knowledge flow – the new bedrock of the digital world.   

 

4.2.2 Past, current, and future BMs 

Up to speed in the locus of innovation, Futurice’s strategic focus has shifted from the product, 

service, and process space to the BM domain. Acutely conscious that BMI represents an 

underutilized source of future growth and value, especially in terms of scalability and 

sustainability, Futurice is now ready to proactively take the plunge into the mounting wave of 

disruption that faces the consultancy industry. However, Futurice has made clear that any new 

and innovative BM(s) will only complement, not fully replace, core operations.  
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Figure 12. Futurice’s business model evolution 

 

Conveniently, Futurice is no stranger to reconfiguring its BM. 20 years ago, Futurice started as 

a product company, developing and selling code and software assets, but a decade later entered 

the consulting business in response to everchanging market conditions, increasing employee 

motivational drivers, and emerging customer needs (Futurice, 2018). At that time, Futurice 

innovated Lean Service Creation – a systematic and customizable way for multidisciplinary 

teams to create new services. Rooted in code and software product experience, Lean Service 

Creation fuses lean, agile, and customer-centric approaches to create new services or products, 

or introduce new ways of working (Futurice, 2021). Not a slave to profit, Futurice endorses 

and reinforces infinite loops of continuous learning and maximum impact, so that dreams can 

become reality.  

 

Although Futurice has set a general course towards BMI, the case company is still unsure of 

which specific direction to go (i.e. back to roots or branch out?) in commercializing data and 

AI assets. Regardless, the urgency to adapt is at the forefront of corporate discussions because 

of the impeding surge of rapid, massive, and permanent change, barreling down on Futurice, 

in the form of alternative data and AI-enabled BMs: 

 

“Here’s a wave – the AI wave that’s coming. We need to catch that wave. The current 
business model we have got – we are really good at what we do –  but we also see that 
everything is going to change. You have two options –  you either catch the wave and 
surf on top of it or you get buried underneath it.” (C3) 
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“The consultancy industry has its sort of base business, but often clients are looking for 
alternative business models.” (C4) 
 

To stay ahead of pace or on top of the wave in relation to competitor offerings and client needs, 

Futurice aims to create new understanding with analytics, reconfiguring the whole 

organizational stack – from data to technology to people’s behavior to business. By continually 

expanding the what and how of thinking and doing, Futurice can ensure that dominant logic 

never becomes fully entrenched into the organization. However, Futurice is presently stuck 

between two BM decisions.  

 

On one hand:  

“The new business model would probably be more kind of product-based, which would 
then require many different capabilities. Okay, we are actually a technology provider, 
data provider.” (MR) 

 

On the other:  

“If I would try to make money with our data it would be based on services point of view. 
How can we build services for our clients, which can be more tangible than talking 
about things like data? I believe, if you sell the data, you might get a nickel out of the 
data, but if you build a service the more value and intelligence you can add.” (C6)  

 

Naturally, these two options characterize radical and incremental approaches to BMI, 

respectively. The first option would see that Futurice (radically) returns to its roots as a product-

based company, but with a new sense of fervor, adopting the brand image of a credible data, 

insights, and technology provider. Whereas, the second option would see that Futurice 

(incrementally) branches out as an analytics-informed service provider, enhancing project 

delivery via data and AI technologies and solutions. As a BM dictates which inputs will sink 

or swim, Futurice needs to decide which angle to BMI will successfully propel its expertise, 

capabilities, and skills into the uncertain future (Teece, 2010).  

 

If these product- and service-based BMs represent black and white alternatives, Futurice can 

also search for new firm logics and structures within the grey area of lateral innovation. 

Copying with pride as a fast-follower rather than striving to be an industry leader might prove 

to be a higher-yielding business opportunity. As an excellent tool to view dominant ideas in a 
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fresh light, lateral thinking could reveal new avenues or directions previously overlooked, 

filling the void of complexity or conflict (Frey, 2010).   

 

Futurice’s Team Exponential will be spearheading the internal renewal and development (BMI) 

program, trying to close the gap between what the firm has versus wants in order to stay 

relevant to existing or potential clients, as well as resilient to any current or rising adversities. 

Coupled with the internal strife encircling BM choices, Team Exponential along with the Data 

& IT Department are plagued with the challenge of resourcing in-house skills for client needs 

and firm initiatives simultaneously. Mainly rewarded for client work through billable hours, 

Futurice suffers from a lack of human capital which is primarily dedicated to innovating, 

validating, launching, and scaling new BMs.  

 

According to the consultants, the main causes for this BMI dilemma at Futurice include:  

 

“There is a lot of data, there is a lot of value – the gap between having the data in the 
systems and delivering value to clients is a huge amount of work to be done.” (C2) 

 
“For internal development, I don’t know. We are a consultancy business. The first 
thing, depending on your level, is to deliver projects, sell projects, and learn. If you 
have time then [comes] internal development.” (C5) 
 
“We have the capacity, culture, and ambition. We have the knowledge, we have the 
data and the assets, but then there’s the where do we prioritize people’s time. You do 
know what to do, but it is often a big investment as well.” (C4) 
 
“Typically, we prioritize client work compared to our internal work. Well that is where 
the money is coming so I think it is easy to understand why we do it. It seems that is has 
been quite difficult to have good teams working on Exponential, Inari, and internal data 
lake for a long time. So you will get help every now and then – for a few days or for a 
few weeks – [before] they disappear and go work for a client. So we have the skills, but 
resourcing those skills for internal development has been quite difficult.” (C6) 
 
“Talking about resources. Right now, we have 2.2 dedicated FTEs to work on this, 
which is basically next to nothing. There are companies who try to pull off a similar 
kind of thing and they throw 20 people at the project. This only shows that this is not 
something we can snap our fingers and get everything done. There is a maximum 
amount of work, and many of these pieces of work we don’t have the skills, we don’t 
have the capabilities, we don’t have the knowledge yet. We learn by doing and it takes 
time. We have done this very ad hoc style. There hasn’t been investment from the 
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business –  simply for the fact that we don’t have a business case. That’s my view.” 
(C3) 

 

Essentially, the horns of this BMI dilemma point in two separate directions: (1) client work; 

and (2) internal development, making consultants ponder whether Futurice is ill- or well-

equipped in regard to delivering and selling (external) projects, as well as learning, while 

concurrently improving and innovating (internal) physical, human, and organizational data and 

AI assets. To draw an analogy, one consultant explained BMI within the consultancy industry 

is like managing a fleet of airplanes – “you don’t want them on the ground, you want them in 

the air because that’s the only place where they make money, [and] we need to keep the internal 

overheads as low as possible” (C3). Consequently, the sole option, or most time and cost-

effective route, is to use consultants waiting in the terminal or taxiing on the runway (e.g. those 

in-between or out of projects) to launch BMI initiatives, but clearly this backseat allocation 

isn’t enough of a catalyst to ignite drastic change for Futurice today, nor tomorrow.  

 

Like Futurice, the majority of clients are thinking about BMI, exploiting and exploring new 

technologies, and experimenting with novel ways of value creation and capture, but are unsure 

of when to pivot from old to new BMs, pushing them further and further into the distant:  

 
“There is no bandwidth to do anything else than focus on here and now. Once that 
mindset gets into the business, it takes a long time to get rid of that.” (CA)  
 
“We won’t make a totally new business with data solutions or AI solutions. For me, this 
is sounding like it’s 5 years ahead, it is not tomorrow.” (CB).  
 
“We have this Insights and Advisory Team who is thinking about the future and 
technologies. Then there is this Digitalization Fund we spend every year – 10 million 
Euros – on experimenting new technologies. That will bring hands-on experience on 
our, let’s say, potential ideas, and how digitalization affects data-driven, machine 
learning, or what not. Then when we start to see, let’s say, value in those technologies, 
it starts to go to capturing the value. I will put more focus on monetizing the data. That 
is very very scalable, combined with some kind of business model. We bring the 
expertise in-house and also part of like Futurice to kind of validate that this assumption 
is right or this technology works for us.” (CD) 

 
“If we use the McKinsey Horizons, when we go to Horizon 2 or 3, there is a lot of fog 
there. We are now focusing to build more systemic processes, handling these radical 
innovations – starting from the ideas to scalability and so on. There is not so much 
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Futurice can do if we look at the data, AI capabilities in the incremental side, we have 
our own capabilities as well. There is a lot more on the radical side, I think so.” (CF)   

 

These excerpts help decipher whether Futurice’s role in client BMI projects is limited or 

pivotal. It appears that clients are looking for not only inspiration, but also validation, 

especially in terms of radical suggestions and assurance in Horizons 2 and 3. While confident 

in the short-term, mainly with incremental improvements, clients remain relatively sluggish 

and short-sighted in the grand scheme of data and AI, leaving a head start for Futurice 

consultants to become agents of change – who blaze the trail in commercializing new ideas 

and technologies for others.  

 

4.2.3 Roadmap for balancing, scaling, and sustaining  

For Team Exponential, the journey towards new and innovative BMs is approximately 5 years 

away. The current formula for success will keep Futurice afloat for the interim, but to be 

productive, profitable, and taken seriously in the future the case company must eat their own 

dog food, utilizing, testing, and learning from its own products and services by means of 

internal operations (Kenton, 2019a). As Futurice continues to grow and mature, requirements 

for IT and data will also increase and transform. Hence, to make incremental improvements 

now, which lay the foundation for systematic change later, Futurice is re-focusing its IT & Data 

Department’s goals and objectives. Instead of reacting to current needs (i.e. fighting burning 

fires), Futurice aims to predict emerging needs via a high level of automation, leaping over the 

proactive phase to be one step ahead of competitor maneuvers and client desires. After 5 or so 

years, Team Exponential is hopeful that these original types of knowledge and capabilities will 

become the “new normal” at Futurice, and elsewhere, generating new business and growth 

opportunities (C2).  

 

Again, BMI can differ in magnitude and take several forms, including incremental, extension, 

parallel, or replacement configurations More specifically, incremental signifies a change in at 

least of the BM elements or interactions overtime; extension refers to a new business activity 

that complements the present BM; parallel describes a spin-off business venture that co-exists 

without major links to the existing BM; and replacement denotes the introduction of an entirely 

fresh CVP, with a new, disruptive BM (Khanagha, Volberda, & Oshri, 2014; Ruokonen, 2020). 
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Rather than going after parallel or replacement configurations, which represent standalone 

opportunities, Futurice is pursuing incremental (re)configurations and strategic extensions, 

demonstrating that the case company views data and AI as second-leg opportunities to existing 

operations:  

 
“All of this has to be done while we are still keeping the old system or old way of 
working, or actually improving the old way of working. We cannot stop our business 
while we are building these things. First of all, everything I do is about building on top 
of what we already have. Our approach would never ever be just drop what we did 
before and then redo everything. We will always build on something we have learned. 
It’s not about…rebuilding. No, we are not rebuilding anything. Repurposing…maybe. 
But what we are really doing is restructuring. So we are taking the elements that we 
already have and now are just using them in a new way, in a new context, in a new 
format if you will. We will structure them differently and then we get different results. 
Then we keep adding new components. But usually how we work is that we always aim 
for maximum reusability. Again, it’s a consulting business. There is no point in 
reinventing the wheel for every client, we still want to get the core, so that we can then 
pass on, reuse, resell.” (C3) 

 
“One sensible path where we don’t need to balance between short-term and long-term 
is this systemic change path. So when we support the existing operating model, we at 
the same time create opportunities for systemic change, and then the systemic change 
creates opportunities for long-term business renewal. This, of course, is not the only 
path, but I think this is a path that compatible with this typical dilemma: Do we invest 
in some sort of spin-offs or new businesses, or do we invest into the core? (C2) 
 
Focusing on investing in existing business renewal creates opportunities for complete 
business renewal.  We can go there incrementally. We shouldn’t focus too much on the 
very long-term stuff because in order to get there we need to conquer the short-term 
stuff. While we conquer the short-term stuff, we learn so much more, so then we can 
make more educated decisions. However, this is a tricky balance: How do we have 
these different time horizons on the table and operate? – companies that are purely 
focusing on horizon 3, meaning that nothing hits the road actually; or companies purely 
focusing on horizon 1, meaning there is no renewal at the moment. If we think of 
Exponential, it’s kind of Horizon 3 investment, but we try to solve today’s problems in 
Horizon 1 with the tools that we have.” (C2)   

 
Concisely, Futurice’s path in balancing legacy BM(s) with novel data and AI initiatives will be 

incremental, gradually restructuring and extending BM elements and interactions to uncover 

or unlock new business opportunities in both the short-, medium-, and long-terms. It is too 

early to tell whether the option for Futurice’s complete renewal is a key driver or not, and 
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whether data and AI assets would be commercialized as a spin-off or an addition to the existing 

core business.  

 

With regard to scaling and sustaining, the two largest avenues for new business, growth, and 

profitability are talent acquisition and project sales, which (ironically) also represent the two 

largest bottlenecks at Futurice – a company with approximately 650 employees, and 3,000 

delivered projects.  

 

“When I joined the company, every second week it was hey we need to hire new people, 
and every other week it was hey we need to sell more projects. This is [a] really a black 
or white example. Should we put the focus in recruitment or sales? This is the constant 
battle between demand and supply – how to manage or optimize that one?” (C6) 

 

Basically, more people, more projects equates to how Futurice can scale the traditional way. In 

the age of digitalization, this process is not totally sufficient, meaning Futurice needs to 

leverage its data and AI infrastructure and capabilities to mainstream proof-of-concepts and 

solutions to assist consultants and clients on a daily basis, as well as develop heightened 

competences, which immediately multiply into company valuation. The data living in silos 

today will need to feed the connected applications of Inari tomorrow, changing the way 

Futurice operates and competes, as well as transfers knowledge, now and later.  

 

Unfortunately, realizing the capability to cope and perform efficiently and effectively under an 

increasing or expanding workload or scope is never promised for long (Hayes, 2020). To 

achieve a lasting competitive advantage, Futurice must be equally scalable and sustainable, 

enduringly honing its points of differentiation, which are dynamic and innovative culture, and 

Team Exponential. In confluence, these key data and AI assets are synergistic, perpetually and 

mutually searching and sprouting new and different logics at the intersection of business and 

IT. 

 
“Now that this gig economy is growing, there will be lots of freelancers working in 
similar domains. They all can use the same tools. Competences are growing at an 
individual level, but I feel that this Exponential thing is how we can compete against 
freelancers. The idea is that when you hire a Futurican, they should get the whole 
knowledge of our organization – quite much about this knowledge management, getting 
help when you need it, [and] having the knowledge of the whole organization.” (C6) 
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By means of company culture and Team Exponential, Futurice (as a whole organization) is 

difficult to imitate or exceed in terms of blazing and executing new ways of thinking and doing, 

placing the case company in a superior position or at least apart from competitors and even 

clients.  

 

4.3 Data and AI monetization and provision 

This section discusses how the quest for additional revenue and benefits are driving Futurice 

to develop and test nascent data and AI monetization and provision concepts. Short descriptions 

of the nascent concepts are presented, along with a color-coded grid, which depicts client 

sentiments (i.e. red-, yellow-, and green-lights) regarding various avenues of Futurice-specific 

data and AI monetization and provision. Client excitements and/or doubts surrounding these 

potentially feasible ideas are synthesized to gauge overall interest, as well as willingness to pay 

for such offerings.  

 

4.3.1 Accelerating pace 

With the strategic drive and creative mindset to break the limiting mold of traditional revenue 

systems and streams (i.e. billable hours) that have defined the consultancy industry for over 

100 years, Futurice aims to reinvent the process of value creation, provision, and capture from 

a data and AI perspective, enhancing successful project delivery, as well as its BM. Like BMI, 

data and AI monetization and provision proves to be a continuum where extremes are quite 

distinct, but adjacent elements are not perceptibly different from each other. Consequently, 

Futurice needs to walk before it can run, achieving indirect benefits before realizing tangible 

value through data and AI monetization and provision.  

 

This beckons the question: How does Futurice get to the point of running? Although this may 

sound counterintuitive in accelerating pace, Futurice needs to drink its own champagne, which 

is a basic call to action in evaluating potential streams of additional revenue from existing data 

and AI assets, and/or existing data and AI assets plus additional data. Only after harnessing 

company information, building a data lake (i.e. Inari), and pooling disconnected applications 

together will Futurice be ready to toe the line in the race of data and AI monetization and 

provision. Even then, putting a price tag on Futurice-specific data and AI-enabled products, 

services, or offerings might be too early:  
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“Maybe it starts from giving clients added value without asking any money. Maybe we 
don’t sell our data and AI assets for money, initially, but for ownership stake and then 
when it works we get our money back multifold.” (C2) 
  
“At first, it won’t be a huge business, but overtime you know if we can combine data, if 
we can get close by using data, eventually the benefits will come.” (MR) 

 

As time progress and Futurice’s data and AI infrastructure improves, the dream of providing 

or selling Futurice-specific data and AI assets in a valuable format to clients will no longer be 

an elusive vision, but technically feasible and commercially viable. Yet, Futurice still needs to 

figure out whether the organization’s trapped value should be unleashed for the firm or client, 

as well as discern the firm or client business use case for Futurice-specific data and AI assets.  

 

“There is so much unused potential in the data for ourselves that is far greater than 
what we can get if we sell the data.” (C6) 
 
“I think we have scratched the surface a little bit, and we started to see these business 
cases and the potential. The reason why we are developing Inari is so that we can 
actually see ourselves, not a promise, but actual tangible results that we can show our 
business and then transfer to our clients. [At the same time], one of my biggest worries 
when building this new data platform is building it on validated cases, [which] are 
currently entangled.” (C3) 

 

Leveraging Inari as a launchpad for data and AI monetization and provision experimental 

activities and commercial offerings, Futurice is aware that business opportunities are not only 

(direct) revenue-driven, but also (indirect) benefit-driven. As a result, the case company is 

bouncing around several nascent concepts, ranging from incremental to radical ideas, which  

incorporate product, service, and ecosystem angles.  

 

4.3.2 Description of nascent concepts  

Client portal: A Futurice-specific project and consultant database that houses aggregated data 

from roughly 3,000 projects delivered over 20 years, and specific information regarding up to 

date consultant expertise and availability. This benchmarking webtool will not only expose the 

experience of Futurice for internal project efficiency, but also external innovation potential. On 

one side, consultants at the close of each project can upload key takeaways, utilizing predefined 
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tags and an open comments section, to stockpile and organize relevant and usable data. On the 

other, clients (both existing and prospective) can access information about past projects and 

current consultants. Acting as a lead generator, this portal will open Futurice and its clients up 

to a new world of business, operating on radical transparency.   

 

Knowledge management boosted by AI/ML: Instead of responding to client BI needs, Futurice 

proactively manages client knowledge, optimizing design, migration, warehousing, and 

performance (e.g. data collection, handling, accessibility, and visibility). Boosted by Futurice-

specific AI/ML algorithms and systems, Futurice can build personalized services on top of 

client data, enriching information and streamlining processes. By means of a platform-driven 

approach with ongoing support, Futurice can guide clients through data discovery, 

augmentation, and cloud migration best practices, especially when combining internal and 

external datasets, so that information can be seamlessly connected and accessed by the whole 

organization regardless of user persona. Additionally, Futurice can help clients with utilizing 

BI software and tools for easy-to-use, meaningful analysis.  

 

Project success: By distilling critical (un)success factors of a project via qualitative and 

quantitative analyses, Futurice can not only compare and contrast intended goals with actual 

outcomes, but also validate assumptions before, during, and after implementation. Through 

project risk estimation, Futurice can guide decision-making and suggest alternatives, removing 

or mitigating identified risks that threaten project success. To diversify business objectives and 

deliverables, Futurice can co-create and manage project portfolios that balance exploit and 

explore data and AI initiatives. Additionally, Futurice can help clients identify which strategic 

resources, emerging technologies, repeatable processes, and digital tools offer the greatest 

amount of tangible and intangible benefits, highlighting implementation and impact potential.  

 

Executive & leadership development: Like project success, but at a systems-level, Futurice 

can distinguish which elements or interactions attribute to innovative and productive managers 

and teams, noting either accelerators that enable creativity and novelty or red flags that inhibit 

room for improvement and subsequent growth. While the aforementioned project success 

would follow a more digital-first approach, executive and leadership development would 

follow a more human-centric approach, addressing the roles of intuition and experience in the 

data and AI-enabled decision-making processes. This can be achieved via Futurice-specific 
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physical workshops or virtual webinars, providing clients a place to learn and network 

alongside industry peers.  

 

Innovative culture renewal: Using itself as a reference case, Futurice can build a standard, yet 

scalable, digital twin, enabling organizational awareness and subsequent BMI, so that clients 

can innovate better and execute faster. Systematically, Futurice can generate connectedness 

across organizational levels and time horizons, nurturing business development through proven 

behavioral changes (e.g. agility and coordination, problem solving, curiosity and powerful 

learning), and establishing various avenues for incremental and radical innovations. This can 

be accomplished by means of innovation audits, which evaluate and track client performance 

against tested Futurice-specific methodologies, so that high-hanging fruit related to data and 

AI can become more reachable. In addition, Futurice can help clients formulate and execute a 

coherent, organization-wide data and AI strategic vision that facilitates organizational agility 

in both the short- and long-term for radical and incremental innovations.  

 

Modernize core technology: To maximize knowledge flow efficiency (i.e. accessibility, 

visibility) and data and AI-enabled insights, Futurice can help clients design, build, an 

implement analytics-embedded platforms and applications, replacing legacy systems with 

emerging technologies. Utilizing an end-to-end approach, Futurice can not only upgrade and 

preemptively manage  business technologies, but also systems, people, and processes, 

reinventing daily operations and productivity at the client interface. Instead of tackling the most 

obvious pain points and any subsequent issues that may arise, Futurice can holistically blast 

through old ways of working, determining the sequencing, as well as the size and scope of 

change (Desmet, Loffler, & Weinberg, 2016). By means of lean, agile, and design thinking, 

Futurice can foster widespread understanding and adoption, so that client organizations become 

fully connected and modernized enterprises, particularly in terms of communication, document 

flow and, most importantly, data acquistions, transfer, and utilization, paving the way for data 

monetization.  

 

Vendor management: Rather than the client managing the vendor, Futurice can manage the 

client. Through partnerships with vendors in the client network, Futurice can push (instead of 

pull) products and services in the form of capabilities, processes, tools, and methods, reducing 

lead times. Basically, clients can achieve what Futurice and its partners have, but with their 
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own data and AI assets. This nascent concept is relatively synonymous to productized services, 

which aims to digitally revamp consultant-client engagements through new and innovative 

delivery systems. Reducing time to value can allow Futurice and its clients to enjoy more 

digitally customized, flexible, and convenient interactions that spur new business and growth 

on each side of the equation.  

 

Ecosystem – facilitator: By acting as a data and AI orchestrator, Futurice can provide or 

facilitate the sharing of open data sources, systems, and/or insights, forming strategic alliances 

with (friendly) competitors, clients, and academics to augment internal data and AI assets. 

Leveraging their widely-recognized and highly-trusted brand reputation and innovative 

personality, Futurice can serve as the data gatekeeper, as well as greater enabler of knowledge 

in the modern digital ecosystem, knocking down both real and perceived fears and hurdles 

regarding privacy concerns when sharing datasets. Though a value-based and relationship-

building approach, Futurice can take one of the first radically transparent leaps in an industry 

historically shrouded with mystery, revealing innovative collaboration is just as important to 

scalable and sustainable business as constructive competition.  

 

4.3.3 Client excitements and/or doubts  

Broadly, clients were enthusiastic and inquisitive, yet uncertain, about the practicality of the 

nascent Futurice-specific data and AI monetization and provision offerings, especially in terms 

of relevance and usability for new business and growth opportunities. Some clients easily 

visualized the potential benefits, while others failed to even grasp the concept of data 

monetization within the context of consultancy. Moreover, some clients held strong opinions, 

while others did not. However, most clients agreed that Futurice should leverage its data and 

AI assets for services (or at least utilize these digital assets in the background), not sell them 

as products.  

 

More specifically, clients posed and spawned the following Socratic inquiries and practical 

insights:  

 

Client portal: More than half of the clients rhetorically asked “Who would be the user?” or 

“Who would want another portal? For many, the project and consultant database sounded 

attractive in theory, but not in practice. If these clients were to search for detailed information 
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regarding projects or consultants, they would rather call an account manager, or access an 

industrywide project and consultant database, which aggregates and evaluates available 

specialists (i.e. independent consultants, data scientists) according to a standardized criteria.   

 

At the same time, one client acknowledged that a Futurice-specific portal would be a first step 

in the right direction as an industrywide project and consultant database was quite visionary, 

requiring several players to merge their data and AI assets. While less than ideal, a Futurice-

specific portal would offer clients better visibility in purchasing the best talent and capabilities 

at the case company’s disposal.  

 

No client articulated a willingness to pay for such a data and AI-enabled portal, but recognized 

its potential as a sales booster.  

 

Overall willingness to pay: Low 

 

Knowledge management boosted by AI/ML: Again, more than half of the clients were quick 

to omit this nascent concept, discarding it as a “buzzword” for a “big wide topic” (CC). As a 

result, few clients entertained this opportunity area, citing data sensitivity as the primary ball 

and chain. This issue of fear versus greed with respect to disclosing protected or sensitive 

information will be addressed later.  

 

Overall willingness to pay: Low   

 

Project success: Unlike the aforementioned ideas, excitement outweighed doubt for the 

majority of clients when discussing Futurice-specific benchmark data and analysis in 

forecasting project success rates. According to clients, the present business trend in Finland 

appears to be cost efficiency. Therefore, clients are looking for new “fool-proof” indicators, 

which estimate range of success or failure, and simplify  resource allocation, directing funds 

towards ‘go’ over ‘no-go’ projects (CA).  

 

One client was particularly interested in evidence that showcases the differences between what 

was planned and what ensued in terms of project trajectory (how and why did the project hit 
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or miss its mark?). The same client was also interested in validating assumptions before, 

during, and especially after project delivery.   

 

As for willingness to pay, clients were aware of the additional benefits stemming from a 

mathematical approach to project success, but only conceded that this nascent concept makes 

for a proper sales argument.  

 

Overall willingness to pay: Moderate  

 

Executive & leadership development: With the belief that executive and leadership hold a 

particular view on data-driven decision making, clients were split between whether this 

opportunity area was ripe or not. Some clients argued that data and AI assets and capabilities 

are the basis for everything and, therefore, should be developed at strategic levels; while others 

contended that executive and leadership development is more intuition-driven and, therefore, 

data and AI assets and capabilities should only be utilized as “powerful tools” in the 

background.  

 

Furthermore, one client stated that there exists a growing disconnect between managerial 

expectations and organizational ability (e.g. employees on the ground) in terms of data-driven 

decision making. For this client, executives and leadership generally lack the data literacy and 

knowledge required to fully understand and execute data-driven decision making, but expect 

employees on the ground to interpret and implement changes (with Facebook, Google, and 

Amazon like precision) seemingly overnight. Consequently, Futurice could somehow address 

the similarities and differences in how management and employees leverage data on a strategic 

and daily basis.   

 

Lastly, another client expressed that Futurice could provide little to no help in this opportunity 

area besides offering novel experiences or insights, as well as keynote or inspirational speakers, 

which cast light on data and AI-enabled executive and leadership development capabilities.  

 

Overall willingness to pay: Unclear to low  
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Innovative culture renewal: Expectedly, the majority of clients rallied behind this opportunity 

area. One client even said it would be a “snap of the fingers” for Futurice to sell a project on 

this capability (CA). By assessing the existing culture and then benchmarking what is easily 

reachable or potentially feasible, Futurice could showcase through data and AI what 

technological integrations or behavioral changes have a real and enduring impact on client 

business initiatives and projects. Futurice could simply validate assumptions regarding 

technology and behavior before, during, and after implementation.   

 

Willingness to pay: High  

 

Modernize core technology: While not every client explicitly recognized this opportunity area, 

nearly every client implicitly admitted that transferring information, and data and AI assets 

from the old world (antiquated legacy systems) to the new world (emerging technologies) is a 

formidable task littered with organizational and technical obstacles. For clients, the problems 

in modernizing core technology are threefold: (1) demonstrating the real busines value and 

technological ability of experimental data and AI initiatives for the future; (2) balancing 

immature and mature technologies, and then synchronizing and integrating the two together; 

and (3) connecting and building on top of the data and AI assets in cloud-based systems. Thus, 

Futurice could develop and sell data and AI-enabled methodologies and tools, which decreases 

the complexity of data migration and increases the speed of knowledge flow efficiency, as well 

as enhances usability.   

 

Willingness to pay: High   

 

Vendor management: Similar to executive and leadership development, the size of this 

opportunity area ranges from “brilliant” (CA) to “not an issue” (CD). Some clients have pains 

with vendor management, noting it is “far from systematic” in terms of visibility and efficiency 

(CA), while others disregarded the nascent concept entirely. Yet, no client was able to provide 

specific grievances or recommendations for improvement, implying that the topic was 

relatively elusive and removed from their daily work.     

 

Willingness to pay: Unclear to low  
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Ecosystem – facilitator: Although far-fetched, the majority of clients acknowledge the 

business world is gravitating more and more towards strategic partnerships and alliances within 

a digital ecosystem, increasingly blurring industry boundaries. For one client, the API economy 

represented an underutilized avenue to share and leverage company-specific data that 

otherwise cannot be harnessed or deemed valuable at the focal firm. As a result, Futurice could 

either kickstart an ecosystem play network or initiate strategic partnerships and alliances that 

afford various monetization strategies and models, which fetch data rather than dump it.  

 

For another client, Futurice could somehow act as a orchestrator who facilitates data sharing in 

a way that everybody feels as though they benefit, not “screwed” (CA). This would require 

painstaking management of tensions (mainly arising from jealousy), so that a few may profit, 

but not at the expense of every client somewhat winning. Therefore, if Futurice can 

successfully identify and manage these root causes of jealousy, surfacing when one client 

captures more value from another client’s own data and AI assets, by fostering a collaborative 

learning and sharing environment then collective progress can be made today, not individual 

advancement tomorrow.  

 

Nonetheless, the fact that client data is, more often than not, also customer data extremely 

complicates matters.  

 

Willingness to pay: Unclear  

 

To recap, while no clear winner(s) emerged from client interviews due to the complexity of the 

topic and relatively limited imagination of participants, Futurice could still prioritize the five 

nascent concepts of: (1) database/portal; (2) project success; (3) innovative culture renewal; 

(4) modernize core technology; and (5) ecosystem – facilitator  to eventually develop, test, and 

implement. Like the five gold-starred problems worth solving, this reasoning will be later 

discussed in the Crystallization and Recommendations Chapter.  

 

4.4 Obstacles  

This section considers several fast-approaching hurdles, involving brand (re)positioning, 

organizational mindset, chicken or egg dilemma, value, and privacy, which Futurice must 
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overcome in order to quicken its pace towards a new business environment characterized by 

BMI, and data and AI monetization and provision.  

 

Brand: From an external perspective, clients have difficulty in envisioning Futurice as a 

credible provider of data and AI-enabled products, services, and solutions. To existing clients, 

the Futurice brand stands for an IT vendor with design consultants, making this perception 

aligned with the case company’s past and present BMs of selling code and software assets, and 

innovating lean service creation. One client deliberated on Futurice’s current position in the 

value chain and brand positioning:  

 
“It is really the IT and applications. I wouldn’t go to Futurice if I wanted to look for 
market data. I would go to Institutes to get that data. I wouldn’t think to go to Futurice 
to buy some data or some data services. I would more go to Futurice if I have a problem 
with the data I generate or I want to use some AI methodologies on that data we 
generate because it is really specific to what we do need.” (C2) 

 

While clients generally fail to visualize the intended future BM of Futurice, a few clients 

recognize the case company’s brand image and personality is more flexible when compared to 

traditional competitors:   

 
“It is much more easier for you to kind of transform yourself from a digital design 
consultancy to a data-driven solution provider than for others. You would have a way 
less bumpy road on that one.” (CA) 
 

Yet, resistance or shortsightedness to a radically new Futurice brand is not merely limited to 

clients. From an internal perspective, consultants also struggle with myopia, writing off any 

product-based renewal options:  

 

“We are not a product company.” (C3) 

“We sell an idea or dream, not a product.” (C1) 

“We are not in the business of building assets.” (C2) 

“We are not really a product company. Product companies at scale are super difficult.” 

(C4) 
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“To clarify. We are a consultancy company, so we don’t create one application and 

then do it again. Even though it might look like that sometimes, we are not a product 

company.” (C6) 

 

This BM myopia could be partially responsible for Futurice’s understaffed internal 

development program as management and consultants do not fully believe in reinventing 

business operations and commercial offerings from a product-based angle, which data and AI-

enabled solutions might require. Furthermore, company size, organizational inertia, and 

scattered resources could also share the blame. With only 600 employees, Futurice might lack 

the human muscle and financial strength to achieve BMI and subsequent brand reinvention 

surrounding data and AI initiatives. Next, established thinking and actions embodied in 

dominant logic might render Futurice inflexible to rapid change. Lastly, Futurice might feel 

uncomfortable dedicating a substantial amount (i.e. beyond 2.2 FTEs) of full-time consultants 

or employees  to Team Exponential, Data & IT Department, and overall renewal ventures that 

are removed from billable hours through client projects.   

 

While Futurice’s ambition level is relatively high in terms of developing and commercializing 

data and AI-enable solutions, the case company’s urgency level is arguably low. Besides 

consultant and client resistance and myopia, company size, organizational interia, and lean 

resources, Futurice could be simply puzzled by whether new product, service, and business 

opportunities related to data and AI fall underneath the same brand name, image, and 

personality or not. Regardless, the delay in strategic decisions and executions are costing the 

company a valuable head start.  

 

Consequently, Futurice is still undecided on whether new pathways towards Futurice-specific 

data and AI monetization and provision begin with an incremental extension or a radical spin-

off from existing operations. As the two alternatives present unique outcomes, Futurice needs 

to intensively examine and weigh each commercial avenue’s corresponding strengths and 

weaknesses.  

 

Organizational mindset: In addition to Futurice’s pending identity crisis, the case company’s 

present frame of mind requires approximately five small adjustments. 
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First, prioritization at strategic, managerial, and operational levels favors not only external 

client work, but also internal low-hanging fruit. This efficiency or internal optimization over 

anything else mindset can quickly leave Futurice a victim to disruption. At the same time, this 

skewed prioritization might be attributable to the fact that Inari’s data infrastructure is so 

“bloody difficult and expensive to build” (C2). In this case, efficiency is a prerequisite to 

obtaining high-hanging fruit, which drop lower and lower as the architecture improves.  

 

Second, behavioral changes across the whole organization must concurrently support three 

perspectives: (1) technical plus data; (2) business; and (3) user. Although these behavioral 

changes are not met with resistance per se, reconfiguring workflows proves to be formidable 

task when creating and delivering new forms of value. To create desirable and fruitful 

solutions, Futurice needs to incorporate all three perspectives, but typically only two are 

achievable at one point in time.  

 

Third, as one consultant declares:  

 

“Our mindset is about talking to other people and not using the data – qualitative 
compared to quantitative.” (C5) 

 

In other words, this consultant proclaims Futurice does not truly have a data-driven (e.g. 

decisions based purely on data) or data-informed (e.g. decisions at the human and machine 

interface) mindset. Instead, Futurice relies heavily on qualitative approaches like ethnographic 

interviews, placing humans almost exclusively at the center of thinking. Luckily, this 

consultant is aware that design thinking is a symptom of our time, and that greater access to 

data is well on its way to cure this ailing problem.   

 

Fourth, Futurice ought to distinguish means versus ends, focusing more on goals rather than 

the resources and preparation utilized to get there. Consultants and employees of Futurice 

should repeatedly ask themselves: What do I want to achieve with these methods and tools at 

my disposal? Better and faster decisions should be the ultimate goal, not solely knowledge and 

learning.  
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Fifth, Futurice needs to improve its knowledge management and transfer systems by converting 

implicit knowledge into explicit information. The fuzzy knowledge within the heads of 

consultants following a client project should be extracted and recorded in a standardized 

format, which is not only comparable, but also accessible and visible for all departments. 

Additionally, Futurice should develop a Lingua Franca, which is a common language between 

all participants, and establish a universal protocol for inputting data. Finally, to successfully 

merge business and technology, Futurice should implement data translator roles, bridging the 

gap between data scientists, data engineers and software developers, and management 

consultants and business stakeholders.  

 

Chicken or egg dilemma: Arguably the biggest hurdle with respect to commercial readiness 

and ideation, Futurice is faced with the chicken or egg dilemma of which comes first – a new 

data and AI-enabled product, service or offering, or customer understanding?  

 

“It really is this chicken and egg dilemma – where the customer doesn’t understand 

before we have developed something; yet, in order to develop something we need to 

understand the customer.” (MR) 

 

At this point, neither Futurice nor its clients have walked hand in hand when exploring potential 

data and AI-enabled solutions. The case company itself still needs to grasp how data and AI 

actually fit within validated business use cases; whereas, clients themselves still need to 

articulate their stated data and AI requirements, so that Futurice can develop technically 

feasible, commercially viable and, most importantly, desirable solutions. Only then can 

consultants and clients alike begin to imagine and digest possible benefits from firm, customer, 

and technology angles.  

 

To spur market creation on both sides, Futurice can engage in internal selling and external 

showcasing.  

 

“You cannot decided something you don’t know. You have to see something to want 
something.” (C3)  
 
“Often your own things that you have done are a gateway in making the client 
understand or have the same perspective.” (TS)  
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Through concrete examples, ranging from half to fully baked, Futurice can whet the appetite 

of both consultants and clients, increasing their hunger for more while simultaneously putting 

any trepidations or doubts to bed.  

 

“Show it, not just blindly believe what people are saying because most of the business 
people today are saying AI is the gold nugget for everything. And that is not the truth 
from my point of view.” (CC) 

 

Value: Unfortunately, Futurice has yet to put its finger on tangible business and customer value 

from its data and AI assets: 

 

“Of course we have data in our systems, but has anyone really looked at how to turn 
that into customer value? NO! I don’t think we can put a price tag on our data and AI 
assets. Maybe we could say the IP is worth something but that is not the point.” (C2) 
 
“I am still a little bit confused – I am not 100 percent sure what is the data – what we 
do have and what would be interesting towards our clients. I am sure all the 
applications or systems or whatever they were – like 30 or something – are all 
generating data, but I am not sure of the value of the data.” (C5) 

 

At first glance, the data and smart algorithms at the hands of Futurice appear to have no intrinsic 

value – only tools to visualize information, leading to better decisions. Upon closer inspection, 

the commercial value is starting build as Futurice combines internal and external data sources, 

and thinks big (C3). Until Futurice aggressively engages in effective partnering with friendly 

competitors and clients, the case company cannot accurately assign a commercial value to its 

data and AI assets. For now, data and AI valuation of Futurice-specific assets is roughly based 

on business impact potential.  

 

Privacy: Before realizing any potential synergistic benefits with partners in the future, Futurice 

must better manage the trade-offs between fear (risk) and greed (opportunity) today. Entrusted 

with confidential employee and client data, Futurice must balance stakeholder fears with new 

business opportunities to turbocharge growth within a dog-eat-dog digital economy. Instead of 

secretly and greedily hoarding data in the hopes of achieving a competitive advantage, Futurice 

could differentiate itself by serving as a transparent looking glass into the consultancy industry. 
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Radical transparency might open new business possibilities, showing competitors and clients 

alike that Futurice is ready to cooperate, not compete, on private data. Like any marriage or 

mutually beneficial relationship, Futurice and its partners can adopt an “AND Mentality” with 

the understanding that compromise is the key to profitable and enduring success (Lewis, 

Andriopoulos, & Smith, 2014).  

 

To accomplish this goal, Futurice must also address the “human challenge” of sharing (Tom 

S). Clients confessed that they err on the side of caution, not data sharing because of its 

mystifying nature, as well as its ownership rights. Essentially, current data sharing worries and 

inhibitors stem from a lack of total understanding (e.g. data is biased, tainting the whole truth) 

and gatekeepers. Clients are scared to disclose data for two reasons: (1) they fear competitors 

or customers can see things they did not; and (2) they fear losing the fashionable and lucrative 

position of gatekeeper, forbidding access to sensitive or profitable information. However, as 

the digital economy becomes more cohesive through various ecosystems, consultants, clients, 

and prospective partners need to grow comfortable working together, not apart.  

 

4.5 Firm and client benefits 

This section proposes numerous current and potential firm and client benefits related to 

Futurice-specific data and AI assets, as well as new business and growth opportunities. The 

difference (or gap) between perceived (intangible) and real (tangible) benefits is discussed, 

especially with respect to bold, yet abstract, visions and concrete CVPs in the realm of data 

and AI-enabled solutions.  

 

Essentially, benefits – whether real or perceived – determine the value of a product, service, or 

offering in terms of objective (e.g. usability, physical features, selling price) and subjective 

measures (e.g. desirability, willingness to pay). Tied to customer and business needs, as well 

as use cases, benefits can include a fulfillment of an expectation, resolution to a problem, or 

sense of confidence following purchase or implementation (Smart Business Plan, 2013). 

Deliverable value can range from concrete to abstract benefits, depending on how a particular 

product, service, or solution satisfies a given preference, circumstance, or requirement (Earley 

& Bernoff, 2020). In the context of consultancy, value and subsequent benefits are “created 

when the right knowledge is applied at the right moment to solve a specific problem or exploit 

a new business opportunity” (North & Kumta, 2014). Furthermore, some benefits are easily 
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recognizable (direct), while others are barely observable (indirect), but realized nonetheless; 

and in the digital age, these indirect benefits account for nearly half of technology return on 

investment (Yadav, 2004).  

 

Therefore, Futurice must actively communicate to its clients how marginal gains today will 

have significant impact tomorrow via a benefits-driven approach. As Futurice clients still do 

not yet know what is truly valuable in terms of data and AI, Futurice will have to showcase the 

main and additional benefits, stemming from their digital assets-based solutions.  

 

 
 

Figure 14. Current and potential Futurice and client benefits 

 

The above Venn Diagram attempts to illustrate the current and potential benefits for both 

Futurice and its clients in terms of commercialized Futurice-specific data and AI assets. 

Unfortunately, at present, the majority of these benefits remain hunches rather than proven, but 

demonstrable evidence continues to develop as use cases become clearer, and the dust veiling 

data and AI begins to settle.  

 

Besides realizing the current benefits of decreased expenses, enhanced processes and decision 

making, and boosted existing products and services, Futurice and its clients are still relatively 

far away from harnessing Futurice-specific digital assets for innovating new products, services, 
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and BMs, as well as generating and ultimately capturing additional revenue streams. In order 

to reap these potential benefits, Futurice will have to fixate its attention on data and AI 

opportunity areas, which encapsulate several of these benefits, killing 3-5 birds with one stone. 

Interestingly, nearly all interviewed clients mentioned how their organizations hope to achieve 

the benefits of: (1) data-informed culture; (2) new innovative avenues, BMs, and ecosystems; 

and (3) transformed business for the future in order to realize higher growth and additional 

revenue potential by Horizon 2. Before turbocharging these client data and AI initiatives and 

opportunity areas, Futurice needs to tackle the growing divide between perceived (intangible) 

and real (tangible) benefits, as well as bold visions and truthful CVPs.  

 

In the words of one client:  

You should always try to get the perceived benefits to be higher than the actual 
outcomes. It’s an easy sell if people feel good on it, but in order to get there - in terms 
of digital transformation – everybody expects to put the man on the moon and it never 
happens. (CA) 

 

As a result, Futurice needs to be cognizant of the difference between brave, yet abstract, visions 

and solid, targeted CVPs. It appears that every organization in the digital age has a cloudy, 

overarching vision with respect to data and AI, but are largely missing the easily visible bits 

and pieces, failing to properly manage firm and client expectations. While a Northern Star or 

a common aim is necessary in order to keep consultants and clients on relatively the same page, 

Futurice needs to develop and test tangible benefits for each proof of concept and eventual 

solution, so that outcomes are quantifiable and comparable, not simply lumped together. In the 

short-term, this will require substantial patience on behalf of clients who are largely aware that 

“data is the gold nugget,” but are unsure of how it can be applied to a problematic use case 

(CC). Therefore, Futurice must decipher which specific benefits are tied to certain outcomes, 

before, during, and after client engagements, so that tangible value is no longer guesswork, but 

real money on the table than can ultimately be leveraged and redeemed.  
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5 CRYSTALLIZATION 

This Chapter crystallizes the findings, prioritizing client problems worth solving and 

corresponding nascent concepts to implement, and supplies five Futurice-specific  

recommendations for different Horizons. Lastly, two Futurice-specific critical questions are 

briefly answered.  

 

 

Figure 15. Crystallization of findings, linking problems worth solving with potential solutions 

 

5.1 Recommendations 

Database > Portal: To enhance organizational memory and promote knowledge 

democratization, Futurice can boost data and value creation by means of implementing a 

formalized process, which aims to convert implicit knowledge into explicit, actionable insights 

through an internal database in Horizon 1 (Taminiau, Smit,  & de Lange, 2007; Kaplan, 2017). 

Consultants would not only dig up a substantial portion of the 3,000 projects delivered over 

the past 20 years, but also begin to input (sanitized) key takeaways following the completion 

of any future projects. This would allow Futurice to virtually unlock and harness both historical 

and contemporary treasure troves of data streams, which can eventually be used for  project 

success initiatives and an external commercial launchpad in Horizon 2, optimizing the 

consultant-client interface through efficiency, transparency, and security.  

 

Essentially, this consultant database turned client portal could represent some sort of radical 

transparency within a traditional industry characterized by relative opacity. On one side, clients 

would have to pay to gain different levels of visibility. On the other, consultants would expose 
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their experience, so that Futurice-specific data, methods, tools, and other assets and resources 

can be easily leveraged and understood.  

 

Additionally, this joint database-portal can be utilized as a benchmarking tool and lead 

generator, permitting consultants and clients alike access to a unified set of dashboards and 

calendars with search (e.g. 50-100 predefined tags) and people (e.g. CVs, availability 

monitoring) functions. This structure of knowledge management, combining qualitative and 

quantitative measures, would allow both parties to easily visualize and assess processes and 

practices driving performance fast and objectively to prioritize improvement opportunities with 

respect to internal operations and market orientations.  

 

Today, consultancy firms like Atea, Dbt, NetApp, and Red Hat utilize client portals or customer 

logins to move end users towards new and flexible procurement methods that spur greater 

accessibility and engagement. Depending on the user’s profile and preferences, they can 

schedule, deploy and visualize projects in real-time, as well as manage spending. Furthermore, 

this self-service portal allows the user to connect with the focal firm, other customers, and 

partners in order to acquire a variety of free and/or payable digital products, services, and 

licenses.  

 

Innovation Lab & Capabilities: According to BearingPoint’s 2019 Emerging Business 

Study, the majority of Finnish companies are looking to extend their current BMs in Horizon 

2 by: (1) attracting new customer segments; (2) introducing new products and services to 

existing customer base; (3) improving overall customer experience; and (4) ensuring future 

competitiveness. These innovation efforts and investments are fueled by the corporate goals of 

bracing for possible disruption of the industry, retaining competitive advantage(s), and 

enabling growth through accelerating product/service development and addressing scaling 

issues (Maunula, Loikala, & Mieskonen, 2019). To explore new technologies and business 

ideas, dedicated accelerator or incubator units have emerged at both start-ups and established 

firms, supporting the BMs of today and innovating the BMs of tomorrow.   

 

Opportunely, at a time marked by BMI in all sectors of the digital economy, Futurice is 

positioned for impact. With a strong cultural backbone and entrusted reputation as a cutting-

edge knowledge and technology consultancy firm, Futurice can act as a propeller of change, 
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facilitating cooperation on data and AI, not competition, which bears holistic interactions, 

implementations, and solutions between clients, friendlies, start-ups, and academics. For now, 

this fruitful, cross-fertilization of different people, technology, processes, and data can take 

place within the organizational boundaries of Futurice in the form of a physical or virtual 

innovation lab – a necessary prerequisite in ultimately reaching and realizing the full 

synergistic benefits associated with the sharing economy/digital ecosystem.  

 

Via a relationship-building and value-based approach, Futurice can seek “co-pilots for 

advantage,” assembling a passionate and purposeful “unusual bunch” whom embody 

(complementary and opposing) intuitive and analytical mindsets and capabilities 

(Gryszkiewicz, Toivonen, & Lykourentzou, 2016). Whether virtual or physical, a Futurice-

specific innovation lab can:  

 

• Empower intrapreneurs and entrepreneurs to think and work differently, streamlining 
collaborative networks, resources, and learnings (Green, 2019).  
 

• Attract and retain talent by means of a fast-paced, forward-thinking workspace, playing 
off the feeling of exploring a new frontier together – not only as a paid consultant or 
paying client, but also as a passionate hobbyist.   
 

• Lower risk and uncertainty through specialist know-how and validated assumptions, 
providing legitimacy and confirmation via research, governance, and applying best 
practices (Back, Parboteeah, & Nam, 2014; Jarrett, 2019). 

 

As a proverbial steppingstone, a Futurice-specific innovation lab can both whet the feet and 

increase the appetite of cautious and unambitious clients, progressing them from today’s moon 

shoots to tomorrow’s breakthroughs. Hand-in-hand, Futurice and its clients can wallow in 

complexity, uncovering invisible problems and amplifying silent knowledge, so that mutual, 

high-hanging fruit can perpetually drop lower and lower. Instead of focusing on incremental, 

Horizon 1 activities, Futurice can guide clients through radical exploration, development, and 

experimentation aimed at Horizon 2 and 3 data and AI initiatives.  

 

The depth and scope of these innovative sessions and pilots can range in timeframe, depending 

on level of commitment and investment. For example, Futurice can provide inspirational 

speakers for a day, offer week-long data and AI workshops, or deliver a more permanent, 
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customizable experience (e.g. innovation audits, portfolio development, cultural renewal). 

Before long, Futurice’s isolated innovation cells and encounters can proliferate, rewiring the 

organization’s DNA, as well as altering how its clients operate, compete and, most importantly, 

cooperate.  

 

Today, innovative consultancy firms understand the need to balance a strong theoretical 

underpinning with fluid practical experience. As a result, consultancies like Aureolis, Ortec, 

Reaktor, and Teradata offer free and cost-effective education and training programs through 

various ‘Academies,’ coaches, and courses.  More specifically:  

 
• The ‘Aureolis BI Academy’ offers concrete lessons and training packages for anyone 

interested in knowledge management best practices. Topics include data storage, data 
modeling, data quality, BI tools and techniques, advanced analytics, data visualization, 
and leading with knowledge. (Aureolis, 2021).  

 
• ‘The Analytics Academy’ at Ortec helps clients build capabilities at each stage of the 

data-driven transformation, particularly in data science and business analytics for 
different types of organizational and user personas in a wide variety of sectors. Ortec 
hopes to refresh minds and retrain skills through either ready-made programs or end-
to-end solutions, covering the latest thinking, knowledge, and technology. (Ortec, 
2021).  

 
• ‘Teradata University’ allows customers to maximize and expand their investments by 

designing, developing, and delivering education that builds on project-specific skills 
and capabilities. By means of subscription options, public classes, and certifications, 
Teradata’s online content and instructor-led training is easily accessible and 
personalized. (Teradata, 2021).  

 

Whereas, consultancies like DAIN, Fulcrum Digital, Inspirient, TIBCO, VMware supply more 

hands-on experiences, allowing “customers and partners to actively participate and collaborate 

in the next wave of digital business capabilities” through physical or virtual innovation labs 

(TIBCO Labs). More precisely:  

 

• The Fulcrum Digital Innovation Lab manages the innovation process of clients in a safe 
and risk free environment to be more predictable and successful. With a Managed 
Innovation Methodology deeply rooted in an understanding of customer journeys, 
human behavior, and social dynamics, Fulcrum Digital touts the ability to 
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simultaneously run incremental innovations, “enabling multiplied innovation and 
create space for disruptive innovation” (Fulcrum Digital, 2021).  
 

• Inspirient Agile Data & AI Workshops assists clients in: (1) prioritizing AI use cases 
(e.g. impact versus effort); (2) estimating automation potential (e.g. efficiency gains & 
ROI); and (3) discovering new insights in data (e.g. business opportunities and threats 
via internal as well external data sources). Moreover, Inspirient’s productized 
Automated Analytics Engine, in tandem with years of experience, promise the highest 
quality service with unparalleled agility. (Inspirient, 2021).  

 
• The VMware Learning Platform is a powerful virtual lab that can be accessed from 

anywhere at cloud scale, eliminating costly lab environments and infrastructure 
management. Furthermore, students or customers can train software and reference 
materials anytime, increase exposure by opening hardware, software, and content to 
even more potential users, and improve products and services using feedback loops. 
(VMware, 2021) 

 
To recap, Futurice can effectively and successfully capture and monetize the interest of data, 

AI, and technology enthusiasts through a physical or virtual innovation lab supplemented by 

data and AI learning materials and references, such as White Papers, blog posts, coaches, 

webinars, courses, and certifications. Whether in person or online, the objective remains the 

same – collaboratively explore, test, develop, validate, launch, and learn, reducing time to value 

while shortening experimentation and feedback loops.  

 

Hackathon(s): If the Futurice-specific innovation lab represents a universal incubator, solving 

big business challenges, then Futurice-specific hackathons or challenge boards can exemplify 

discrete accelerators, which foster greater creativity, transparency, and relevancy within well-

defined constraints in Horizon 1.  

 

In the words of Grijpink, Lau, and Vara (2015):  

 

“[H]ackathons aren’t just for the start-up tech crowd. Businesses are employing the 
same principles to break through organizational inertia and instill more innovation-
driven cultures. That’s because they offer a baptism by fire: a short, intense plunge that 
assaults the senses and allows employees to experience creative disruption in a visceral 
way.”  
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These same authors also point out that hackathons drive new business value by means of speed 

and agility, and should be viewed as a mindset tool, ‘hacking’ away at old ways of thinking 

and working. For Spaulding and Caimi (2016), hackathons, or intense brainstorming and 

development sessions, “lead to concrete ideas for new products and processes that can improve 

the customer experience and increase growth” while stoking the creative mindset, forcing 

participants to step outside normal roles and skillsets. Consequently, this so-called ‘baptism by 

fire’ transforms into a surge of enthusiasm and energy beyond the official conclusion of 

hackathons, energizing iterative and continuous learning well into the future (Grijpink, Lau, & 

Vara, 2015) 

 

Therefore, Futurice can host and pose clear, but open-ended discrete goals and concise problem 

definitions at physical hackathons or virtual challenge boards to encourage rapid prototyping, 

quick feedbacks, and small, yet tangible and focused reveals and deliverables (Telio, 2015; 

Ahuja, 2019). After defining the What and Why, Futurice can give a small, but cross-functional 

group limited time to figure out the HOW (Telio, 2015). By placing experienced or aspiring 

business and brand professionals, project managers, data scientists and engineers, graphic 

designers, and customer journey and user-experience specialists in a pressure cooker, 

simmering from a few hours to days, Futurice can orchestrate and observe the process of 

creating and learning (Grijpink, Lau, & Vara, 2015; Telio, 2015). Furthermore, these 

participants can be exclusively Futurice consultants, Futurice clients, Futurice prospects from 

start-ups and academic institutions, or a mix of all.  

 

With fewer people and more skills, Futurice can foster even greater trust (when compared to 

the larger scale innovation lab), appropriately managing the trade-offs between risk and 

opportunity, so that participants grow more comfortable sharing data and business ideas to 

achieve synergistic benefits. While new ideas are cheap, hackathons or challenge boards can 

be leveraged as a platform, which continually nurtures and expands innovative business, 

product, and feature development until proven valuable. In short, focused and concrete output 

from hackathons or challenge boards can benefit Futurice and its clients via added value and 

insights, blazing the trail in commercializing new ideas and technologies for others.  

 

Productized Services: To prepare for the disruptive future of consulting, Futurice can partially 

adopt and incorporate asset-based or self-service features into their BM to maximize reusability 
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in Horizon 2. Put differently, Futurice can become more dynamic, digital, and data-driven by 

unbundling a few of their services, matching capabilities to recurring client problems, through 

productization (Palay, 2017; Jarrett, 2019). In this sense, productization involves converting a 

service or skill that has been fully tested and utilized internally, and then pivoting, packaging, 

and marketing it for commercial sale externally (Kenton, 2019b).  

 

Interestingly, although the hackathons or challenge boards fundamentally start from scratch, 

sidelining traditional notions, these mindset tools can still serve up either half-baked or fully-

edible products and services, waiting to be developed and deployed. To further overcome 

organizational inertia while simultaneously increasing speed, creativity, and agility, Futurice 

can modularize their current delivery method and offerings to better meet emerging client 

needs that now revolve around convenience, flexibility, and control. As Bhartiya and Bhartiya 

(2019) stress, “Whether you call your offering a product or service, the need of the hour is to 

be able to deliver value that is sustainable, scalable, and measurable.” Thus, asset-based or self-

service consulting requires the understanding that productized services fall between product-

centric and service-centric approaches, borrowing elements of both (Zipursky, 2021). 

 

Regardless, identifying a common pattern in customer needs will allow Futurice to not only 

decrease time to value with faster market penetration, but also secure additional revenue at 

lower marginal costs (e.g. reduced customer acquisition and resource dependency overheads) 

(Devpura, 2019). In turn, Futurice can serve more clients at the same time with a higher degree 

of efficiency and predictability through repeatable and demonstrable outcomes fixed in scope, 

price, and timeline (Stone, 2016). Undeniably, moving past the existing billable hour BM might 

not be what Futurice wants, but it is the relevant and resilient medicine Futurice needs to gain 

a scalable and sustainable competitive advantage. Consequently, Futurice must remove the 

non-essentials of several of its repeatable processes and launch a “cookie-cutter” type solution 

for a wider audience (Zipursky, 2021).  

 

Broadly, Futurice can implement a series of productized services, which directly “plug and 

play” into client environments with little to no customization (Devpura, 2019). More precisely, 

to borrow Alazy Calhoun’s (2015) analogy, Futurice can package their services and present 

them like a box of pre-made cake mix on the shelf at the supermarket: 
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• Front: End result with matching title (business impact)  
• Back: List of instructions (expectations) and ingredients (tools)  
• Left side: Serving size (project size) and nutritional value (benefits)  
• Right side: Qualitative and quantitative benchmarking, as well as client testimonials  

 

Modernization & Migration: If productization means unbundling consulting services then 

modernizing core technology means recycling and (re)bundling technology-based tools and 

digital products to heighten client visibility and connectivity, starting in Horizon 1, but gaining 

momentum in Horizon 2 (Bhartiya & Bhartiya, 2019). By utilizing product, as a service (aaS), 

and platform strategies, as well as leveraging its strategy, design, and engineering competences, 

Futurice can rejuvenate outdated core technologies, modernizing and migrating client content, 

data and operations to the cloud. This would allow internal and external stakeholders to access 

real-time information in a simple, secure, and seamless manner (Sass, 2020).  

 

As of now, traditional methods and process of sharing, managing, and storing organizational 

knowledge is no longer efficient nor effective. However, “the amount of time, energy, and 

effort required to modernize legacy technology is massive,” requiring a “rock solid 

understanding” of data, technology, and people (McMillan, Sheridan, Yu, & Harakas, 2017). 

Additionally, perceived fears and hurdles surrounding cloud migration have kept businesses 

from realizing the capability to harness insights to “redefine experience and reinvent using 

[modernized] data, digital, and cloud” technologies (McMillan, Sheridan, Yu, & Harakas, 

2017). Sass (2020) from OpenText found that organizations, on average, experienced three 

main benefits – namely increased security, improved usability, and heightened customer 

satisfaction – when modernizing core technologies and undergoing cloud migration, so that 

eventual data manipulation and monetization could be achieved.  

 

Similar to data analytics aaS, Futurice can provide data literacy, data migration, and data 

governance aaS. With industry knowledge and hands-on experience (e.g., Inari), Futurice can 

boost legacy client logics and structures with data, advanced analytics, and AI, especially in 

terms of data acquisition, transfer, and utilization. Moreover, Futurice can jointly tackle firm 

and client high hanging fruit through in-depth data discovery and augmentation (e.g., paid and 

open external databases), untangling and enabling concrete and profitable use cases along the 

way.  
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Today, consultancies like Accenture, Pythian, and Veritis recognize the growth potential in 

exploring and exploiting cloud-native capabilities, which accelerate the digital transformation 

journey of their clients. While the current discourse around cloud migration remains 

moderately topical due to the complexity of the phenomenon, these consultancies are still 

taking advantage of the fact that cloud migration is an on-going process that can span multiple 

years. Therefore, selecting the right architectures and ecosystems partners of today will be 

paramount for tomorrow, regarding feasible, scalable, and profitable data and AI commercial 

opportunities.   

 

Although not extremely detailed, the above five recommendations should be enough to crudely 

ignite and exercise Futurice’s creative imagination in terms of  improving and innovating 

products, services and, most importantly, BMs. The days of a single delivery system for client 

projects are quickly drawing to an end. To become more solution-oriented and value-based 

instead of project- and hourly-based, Futurice should generate a spiderweb of delivery 

alternatives, which not only protect against imminent disruption, but also supplies various 

options for clients to acquire and capture valuable data, technology, insights, and even people.  

 

As the future is does not wait, Futurice should act now rather than later, scanning other market 

offerings for lateral innovation potential (as seen in Appendix 5).  

 

5.2 Horizons  

Figure 15 depicts a generic roadmap for Futurice to follow in evolving, innovating, and 

revamping its BM(s) over the course of three Horizons, which range from 6 months to 1 year, 

1-3 years, and 3-5 years, respectively. Viewed in halves, these Horizons can also more easily 

highlight and divide both the proposed short-term and long-term perspectives, goals, and 

objectives for Futurice when building the core, innovating the BM(s), and facilitating purpose-

driven ecosystems. Moreover, firm and client value increases as data and AI become further 

embedded into organizational processes and commercial offerings – with vision and ambition 

for harnessing data and AI assets gradually shifting and increasing from second-leg to 

standalone opportunities in each Horizon.  
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Figure 16: Horizons defined by progressively heightened data and AI implementations 

 

Horizon 1 represents incremental data and AI reconfigurations and improvements, which 

support and complement Futurice’s existing billable hour BM and current service-oriented 

offerings. Taking an aggressive digital first approach to every new project and engagement, 

Futurice can start to bundle data and AI into consultant workflows (e.g. optimized 

communication procedures and data storage, transfer and utilization), as well as client 

touchpoints (e.g. hackathons, challenge boards). This small, yet impactful process begins with 

a collaborative, transparent, and secure internal database that aims to simplify enormous arrays 

of historic and contemporary data through categorization and predetermined quantitative and 

qualitative tags on the basis of project, team, and innovation success. Eventually, smart 

algorithms can be developed to predict, not merely describe, which data and AI capability gaps 

may potentially unlock, enable, and sustainable additional value and growth. Benchmarking 

internal operations before client processes will afford Futurice a head start on pertinent 

learnings that can be later packaged and sold as either productized data and AI services or 

services powered by data, advanced analytics, and AI-enabled platforms, permitting Futurice 

to stay one step ahead.  

 

With an ever-growing and endlessly-updated internal knowledge library that feeds ML and 

project success initiatives, Futurice can also continuously expand and deepen its data and AI 

asset pool via physical hackathons and virtual challenge boards. Coupled with a rock solid data 

and AI foundation in the form of an internal database, these events can not only act as spring 
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board for product, service, and BM development, but also as a bridge between firm and client 

ways of thinking and doing, which promote, not inhibit, synergistic benefits. Experimenting 

and learning side-by-side will naturally, rather than forcefully or even awkwardly, instill a 

sense of trust and loyalty between Futurice and its clients. Together, each party can test, iterate, 

and launch new business ideas that propel data manipulation, monetization, and sharing into 

future commercial opportunities.  

 

During this time, spanning 6 months to 1 year, hopefully Futurice grows closer to its clients – 

hypervigilant and responsive to their emerging data and AI needs. By directly and indirectly 

observing how its own organization and clients approach and solve problems worth solving in 

the data and AI realm, Futurice can shorten feedback loops, glean actionable insights, and 

execute decisions based on universal truths or hard facts, not just intuition. While Futurice has 

yet to fully modernize their core technology, operations, and content to the cloud, at least 

Futurice can be ready to embark on a journey hand in hand with its clients, instead of apart.  

 

Horizon 2 signifies experimental modifications aimed at extending, and even partially 

disrupting elements of Futurice’s existing BM, moving away from billable hours towards 

value-based, totally new offerings. If Inari is the strategic, innovative heart of Futurice then the 

internal database turned commercial launchpad – otherwise known as the client portal – can be 

the functional arteries, delivering convenient, flexible, and personalized Futurice-specific data, 

enterprise-grade technology, and insights, as well as productized services. At this point, the 

singular avenue of information exchange once reserved for consultants now explodes into a 

multi-lane highway, fast tracking Futurice-specific data and AI assets both inside and out the 

organization into the hands and digital tools of clients.  

 

While Horizon 1 meant bundling, Horizon 2 can see the unbundling and re(bundling) of 

Futurice-specific assets to support productized services, which also complement and enhance 

the maturity of data, AI, and cloud modernization and migration. To further differentiate itself 

from the competition, Futurice’s innovation lab or ‘brain’ can help discover the future, pushing 

the boundaries of what is currently possible and absorbing new knowledge with every 

step/misstep. Innovation drives Futurice’s culture and, therefore, should take on a palpable 

form either in person or online. Establishing a dedicated physical or virtual location can help 

Futurice in showcasing trivial, but tangible value in new data and AI assets, methods, processes 
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and tools, so that clients see and believe instead of remaining blind and doubtful. Assuming 

the position of demonstrable agents of change, Futurice can assist clients in more easily 

visualizing what goes in and, consequently, what comes out in terms of business impacts and 

commercial benefits. To borrow from the 1989 film Field of Dreams “If you build it, [they] 

will come.” In this case, ‘they’ are passionate consultants, clients, friendlies, and academics 

looking to congregate in their free time when these data and AI initiatives are largely being 

advanced. If Futurice can tap into consultant and client buy-in the result will yield dividends, 

demystifying the process of creating, delivering, and ultimately capturing value from data and 

AI assets and resources.  

 

Following 1-3 years, Horizon 3 denotes new business and subsequent growth opportunities, 

which embrace disruption and eventually spin off from Futurice’s core BM via asset and 

platform-based consulting strategies and tactics. Becoming more platform-, product-, and 

profession-driven will allow Futurice to offer productized derivatives and value added 

expertise, which not only reinforces their new and innovative BM(s), but also recycles 

organizational knowledge, maximizing the reusability, visibility, and connectivity of Futurice-

specific data and AI assets. As Futurice transitions from walking to running in their own data 

and AI transformation journey, accelerating and strengthening new business and growth, as 

well as scalable and sustainable avenues of delivery and additional revenue, Futurice can also 

help raise client ambitions and investments aimed at data, technology, and insight manipulation 

and monetization, securing access to a bigger share of knowledge and wallet.  

 

Having had ample time to explore and experiment alongside industry peers, clients, and 

academics, Futurice can radically reinvent the ways people and machines harness data and AI 

and blaze the trail for commercializing free, payable, and/or tradeable assets in purpose-led 

ecosystems that act as catalysts for potential, synergistic benefits. If Futurice can continue to 

challenge dominant logic, using themselves as a guiena pig, and farm and nurture internal and 

external talent then trapped value in terms of data and AI will be unleashed in Horizon 3, 

especially if Futurice and its clients combine assets and think big.  

 

However, Futurice needs to recognize the urgency of the impeding wave of disruption now, 

outlining and tracking their motivations and outcomes related to data and AI initiatives before, 

during, and after each Horizon because:  
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“The days of consultants relying on individual experience to execute complex projects 
are waning. The best consultancies are increasingly using reusable assets in the form 
of templates, best practices, data, and software to leverage expertise, speed up projects, 
improve margins, document intellectual property, and deliver superior service. Long 
term, reusable assets will change consulting, threatening the revenue streams of 
traditional consulting models and altering consultancy/client relationships” (Cecere, 
Burris, LeClair, & Birrell, 2015). 

 

By proactively taking the plunge into the unknown ahead of competitors and clients, diving 

headfirst rather than feet-first in each Horizon, Futurice will undoubtedly realize a myriad of 

tangible benefits in and around data and AI, which hopefully outweigh the inherent risks. As 

they say, ‘the bigger the risk, the bigger the reward.’  

 

5.3 Answers to critical questions   

Critical Question #1: Can the Futu brand be viewed as not only a relevant player in delivering 

consultancy services, but also a credible provider in generating data, technology (i.e. 

applications), and insights?  

 

Yes - given that Futurice addresses the previously mentioned obstacles, particularly with 

respect to brand myopia, organizational mindset, and the chicken or egg dilemma, as well as 

value and privacy issues surrounding data and AI.   

 

In the eyes of both consultants and clients, Futurice is already a highly esteemed and relevant 

player in delivering traditional consultancy services. At the same time, whether or not Futurice 

can be perceived as a credible provider in generating modern data, technology, and insights is 

still largely up in the air. Luckily, Futurice’s road from traditional consultancy firm to digitally-

enabled provider of data and AI assets in tandem with value added expertise would be “way 

less bumpy” than other competitors who lack Futurice’s imaginative and tenacious culture, 

which has formerly spoken dreams into existence, unlocking new business and growth 

opportunities.   

 

With a density not yet written on the wall, Futurice is free to strategically mauver any which 

way it desires regarding data and AI-powered new business and growth. Determining the 
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trajectory and overall alignment of future data and AI initiatives should only come after 

Futurice takes a long, hard look at itself in the mirror:  

 

• If Futurice likes what it sees then it should stay on pace with current business ventures, 
brushing aside any radical makeover possibilities.  
 

• If Futurice believes that the reflection does not fit with its own perception then BMI 
should be placed at the top of the corporate agenda, so that Futurice’s perceived image 
better aligns with its real personality and intended goals. Like a phoenix arising from 
the ashes of its predecessor, Futurice can shed its past self in the hopes of becoming a 
new and improved version.  

 

Perceptions – whether inwardly or outwardly – are meant to be changed, not stay constant. 

Accordingly, Futurice should opt for the latter with the understanding that good endings make 

even better beginnings. To draw another film reference, in Game of Thrones, Aemon Targaryen 

counsels Jon Snow advising him to “kill the boy” inside him to become the man. Similarly, 

Futurice should trust its instincts to prepare for the future of consulting rather than live another 

day in denial. While it is daunting to leap towards a new chapter without knowing how it 

concludes, Futurice can be the author of its own narrative, writing and rewriting as both the 

expected and unexpected unfold.  

 

To remain agile, flexible, and resilient to Futurice’s own growing needs, emerging client 

requirements, and changing business environment, Futurice must grab the bull by its horns. In 

this sense, the ‘horns’ characterize Futurice’s internal strife over what BM to pursue in the 

future – either product- or service-based. Instead of viewing them as mutually exclusive, 

Futurice can employ both/and thinking, incorporating elements from either side of the coin. 

This middle way will protect Futurice the best against imminent disruption as ‘branching out’ 

promises more avenues for Futurice-specific data and AI monetization and provision. Although 

the results might not be immediately noticeable, the innovative seeds will unquestionably take 

root, sprouting new and innovative BMs on the basis of a versatile data and AI foundation.  

 

Critical Question #2: Would the client benefit from receiving Futurice-specific data and AI 

assets and, if so, in which commercial mode or format?  
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Yes – but only if the egg (Futurice) comes before the chicken (client). Like Futurice, clients 

suffer from myopia, preventing them from being open to alternative delivery modes and 

formats, and fogging their vision in terms of something new and innovative. In the eyes of 

clients, data and AI promise faster horses, yet nothing more until it is directly in front of them. 

Consequently, Futurice needs to showcase tangible benefits every step of the way as 

consultants and clients walk hand in hand towards a data and AI monetized future.  

 

For now, clients seem to prefer anything data and AI related bundled into existing project 

delivery offerings. As a result, Futurice must start small, augmenting internal knowledge with 

external data to increase potential use cases and benefits, as well as enhance analytic 

capabilities that generate novel insights. Presently, Futurice provides insights centered around 

the topics of mobility, energy, health, lean service creation, technology trends, and data and 

AI. To radically expand this field of knowledge and current way of doing business, Futurice 

can not only source external data and AI assets (e.g. paid and open) for client needs, but also 

introduce clients to new delivery methods, using partner or even competitor offerings and BMs 

as a baseline reference for lateral innovation. This would show clients that a market already 

exists in and around these alternative commercial modes and formats, and adoption should no 

longer be met with resistance.  

 

To accelerate Futurice and its clients transformation journey towards data and AI-enabled 

delivery options,  Futurice can handpick several front running clients to personalize offerings, 

noting any universal patterns, and develop beta versions that incrementally (then radically) 

reinvent the way clients access Futurice-specific project information and digital assets. From 

digitally productized services (e.g. recurring problems) to data and AI-powered services which 

build analytics-embedded products and intelligent platforms, fostering two-way co-creation 

between consultant and client. By shortening feedback loops with a few trusted clients, 

Futurice can quicken its pace in commercializing data and AI assets for  big business challenges 

rather than discrete client problems, heightening impact and scalability potential that move 

beyond low-hanging fruit, and reconfiguring how consultancy firms create, capture, and most 

importantly deliver value.  
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6 DISCUSSION AND CONCLUSIONS 

 

The ultimate goal of this study was to both deepen and extend the theoretical and practical 

understanding of data and AI in consultancy, and how these strategic digital assets can be 

converted into deliverable value – not only for the firm, but also for the client through various 

direct and indirect monetization pathways (e.g. commercial delivery modes and formats), as 

well as current and potential benefits. This research also highlighted why and how consultancy 

firms are strategically focusing on the fundamental elements and interactions of a BM to 

generate scalable and sustainable value in the form of relevance and resilience despite 

everchanging market conditions and client expectations.  

 

More specifically, this Chapter tackles the aforementioned research gap by answering the sub- 

and main-research questions of the study, detailing several commercial aspects related to how 

an innovative consultancy firm can operate and compete today, and prepare for the uncertain 

future in the realm of data and AI. Subsequently, theoretical contributions and managerial 

implications will be set forth to fill the void in the current academic and practitioner discourse, 

concluding with limitations of the study and recommendations for future research.  

 

6.1 Theoretical contributions  

 

In tandem with an extensive literature review, the answers to the research questions were 

gathered through an exploratory qualitative case study method, which collected primary data 

via semi-structed interviews that accounted for internal and external perspectives (i.e. 6 

consultants and 6 clients), and then analyzed by means of TA. Before the main research 

question is addressed, the sub-questions will be answered separately to aid overall digestion of 

this complex topic.  

 

Sub-question 1: What are the data and AI assets of the consultancy firm?  

 

Previous studies have disclosed that the best consultancies are increasingly using organization-

wide reusable assets like proprietary data, software, methods, and tools, breaking away from 

individually-based experience and knowledge (Cecere, Burris, LeClair, & Birrell, 2015). In the 

beginning, these digitally-enabled assets were only seen as valuable to firm operations, such as 
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identifying savings or risk; but nowadays, these same assets are being pivoted externally to 

explore and exploit competitive new offerings and untapped revenue streams, which promise 

unrivalled growth and new business opportunities amplified by data and AI (Ruokonen, 2020). 

For Werth and Greff (2018), this optimization at the consultant-client interface allows for 

greater efficiency, independence, flexibility, and speed, enhancing data and AI creation, and 

quickening time to value. As the collective knowledge and digital assets of a consultancy firm 

become more accessible and transparent, the emerging needs of client will be satisfied more 

easily and securely, establishing a new relationship founded on mutual trust and control.  

 

However, extant literature surrounding data and AI assets in consultancy has been vague and 

limited, requiring a deeper dive underneath the contextually naïve surface. While the findings 

of this study attempt to paint a clearer picture, “assets” in this context still remains a fuzzy and 

slippery concept to fully grasp and apply (similar to BM and data monetization). Generally, the 

findings indicated that data and AI assets are unique to each organization because what is 

deemed valuable or at least seen as a point of differentiation largely varies from (internal) 

perspective to (external) perspective.  

 

More precisely, there appears to exist a two-sided view of firm-specific data and AI assets, 

slightly differing from consultant and client standpoints, but largely overlapping. Regardless, 

each side acknowledges both human and digital elements in terms of data and AI assets – 

namely, innovative culture and specialized expertise (e.g. mentality and values), coupled with 

data and infrastructure. However, these strategic assets or even competences remain trapped in 

historical structured and unstructured proposal/project data, waiting to be unleashed for 

predictive and prescriptive analytics.  

 

To close this data value gap, consultancy firms must take an integrated approach to rapidly 

evolving IT, business, and client requirements by connecting the presently disconnected. In 

this sense, the disconnected represents slow data – otherwise known as siloed data – in 

fragmented legacy sources, applications, and systems. As a result, consultancy firms are 

challenged with repurposing and restructuring their data infrastructure, so that consultants and 

clients alike can eventually access and transfer knowledge via a single point of verified truth 

usually in the form of a firm-specific data lake or platform – the gestalt of a connected 

enterprise.  
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Unfortunately, modernizing workflows is heavily dependent on a consultancy firm’s level of 

data and AI maturity, which effects leveraging capabilities and commercial readiness. Existing 

on a spectrum, data and AI maturity can represent various stages at the same time due to the 

interplay between specific assets or aspects of the firm, such as culture and technology. The 

findings of this study indicated that these two elements do not progress equally, with culture 

outpacing technology. This can be seen with enhanced work processes and decision making, 

and even boosted existing products and services. Yet, the high-hanging fruit of new and 

innovative avenues, BMs, and ecosystems are still relatively out of reach.  

 

With respect to commercializing new ideas and technologies, especially data and AI assets, 

consultancy firms even today lack the technical know-how and business understanding to 

convert raw data into valuable insights. Opportunely, consultancy firms can look to real ‘jobs 

to be done’ at the intersection of firm and client problems worth solving for inspiration and 

validation when developing, testing, and eventually launching new data and AI-enabled 

products, services, and BMs. Prioritizing these problems worth solving will afford consultancy 

firms a logical starting point for growth and new business.  

 

In summary, internal and external participants of this study more or less struggled with data 

and AI asset-based thinking, viewing it as either limiting or confusing. The findings showed 

that data and AI assets are powered by technology, but harnessed by people. In this context, 

consultants are data-driven because they leverage different data sources, applications, and 

systems, using personal experience to bridge the gaps in available knowledge (Larsson et al., 

2020). Undeniably, the road to data and AI monetization and provision is time-intensive, 

requiring significant trial and error as consultancy firms and their clients grow comfortable 

with reconfiguring both physical and digital assets, as well as embracing new ways of thinking 

and doing.   

 

Sub-question 2: How should the data and AI assets be delivered to clients to effectively scale 

and sustain?   

 

Previous studies have labelled consultancy firms as “early adopters” and “agents of change,” 

encouraging them to be a propeller of sorts in terms of blazing trails in commercializing new 

ideas and technologies through alternative delivery modes and formats (McLarty & Robinson, 
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1998; Jeronimo et al., 2019). Acutely conscious that their industry is facing imminent 

disruption, forward-thinking consultancy firms recognize BMI as an underutilized source of 

future value, proactively reinventing in and around the BM dimensions of: (1) value creation 

in the form of CVP; (2) value capture or the profit formula; and (3) value delivery by means of 

key resources and processes (Johnson, Christensen, & Kagermann, 2008; McAfee & 

Brynjolfsson, 2012; Christensen, Wang, & van Bever, 2013). As analytics capabilities mature, 

consultancy firms have also extended their commercial focus to the entire value chain, 

particularly when augmenting or selling data and AI assets at different maturity levels (Tallon 

et al., 2015; Thomas, 2019; Ruokonen, 2020, Faroukhi et al., 2020). Consequently, the 

mobilization of these digital assets outside of firm boundaries has risen to the top of the 

corporate agenda.   

 

In regard to scalability and sustainability potential, the chosen vehicle or avenue of data and 

AI monetization and provision determines the level of economic return (Chesbrough, 2010). 

Furthermore, the extent to which a chosen BM may achieve its desired value creation and 

capture targets is related to delivery modes aimed at either discrete client problems or big 

business challenges, which represent different amounts of end users (Zhang, Lichtenstein, & 

Gander, 2015). Traditionally, consultancy has been poor at scaling due to its human-intensive 

delivery method, but digitally-enabled processes and BMs promise higher growth at lower 

costs, seamlessly connecting clients to products and services without direct consultant 

intervention (Christensen, Wang, & van Bever, 2013; Werth & Greff, 2018). While it is easier 

to scale than sustain, consultancy firms can ensure profitable and enduring growth and new 

business by staying relevant to existing or prospective clients, and resilient to any current or 

newcomers in the digital economy (Gambardell & McGahan, 2010; Engelbrecht et al., 2016; 

Bashir & Verma, 2018; Ruokonen, 2020). 

 

The findings of this study align with the extant literature, revealing that consultancy firms must 

walk before running in delivering innovative data and AI assets. Presently, any new 

modifications to value delivery methods will complement, not replace the current BM, meaning 

that data and AI monetization and provision will be incrementally achieved, instead of 

radically. During this learning period, consultancy firms can experiment internally with 

product and service orientations (or a mix of both like productized services) and broaden 
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external relationships, so that digital assets are continually improved, transitioning from 

second-leg extensions to standalone opportunities.  

 

To hone the commitments and capabilities needed to advance novel data and AI asset delivery 

initiatives, consultancy firms should think in Horizons or at least in short- and long-term goals. 

For the short-term, consultancy firms can bundle data and AI assets into existing project 

delivery offerings while simultaneously assembling internal technology enthusiasts and 

external passionate hobbyists (e.g. partners, academics) to seek and test new preferences in 

terms of digitally-powered delivery options. Incremental, systemic change today will lay the 

ground work for radical innovations tomorrow, so that overtime data and AI assets can be 

unbundled and (re)bundled to maximize reusability, increasing predictability and efficiency, 

and decreasing time to value. By identifying repeatable processes, consultancy firms can match 

modularized data and AI asset offerings to recurring client problems no matter the scope, size, 

or price. Lastly, mainstreaming proof of concepts, ranging from half- to fully-baked, can 

proliferate the daily work of both consultants and clients, facilitating widespread adoption and 

shortening feedback loops. This will not only spur market creation, which is becoming riper 

by the day, but also generate consultant understanding prior to launch. 

 

Sub-question 3: What are the current and potential firm and client benefits? 

 

Previous studies assert that chasm between current and potential benefits related to data, 

analytics, and AI continues to widen rather than narrow despite the uptick in investment 

(McAfee & Brynjolfsson, 2012; Kiron, Prentice, & Ferguson, 2014; Atker et al., 2016; 

Alharthi, Krotov, & Bowman, 2017; Davenport & Mittal, 2020). Even ambitious consultancy 

firms have yet to fully realize a myriad of benefits, stemming from their data and AI assets. 

However, steadfast dedication in acquiring new technical know-how and business acumen is 

gaining traction and slowly paying off, increasing productivity and profitability by roughly 5 

percent (Barton & Court, 2012; Bean, 2017; Fruhwirth, Breitfuss, & Pammer-Schindler, 2018).  

 

The findings of this study build upon extant literature, adding that consultancy firms must 

showcase benefits at every touchpoint, so that consultants and clients can more easily imagine 

and digest possible outcomes. By tracking progress before, during, and after product, service, 

process, or BM development, consultancy firms can better understand where their offerings 
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fall on the data and AI assets continuum – ranging from indirect returns (i.e. benefits) to 

tangible value (i.e. revenue). Today, most current and potential benefits revolving around data 

and AI still largely remain hunches over proven. Fortunately, marginal gains now are peeling 

back layers of mystery tied to data and AI monetization and provision, accelerating the learning 

curve of consultancy firms, as well as the transformation journey of clients.  

 

The findings also indicate that within the foreseeable future consultancy firms can enjoy 

significant impact if they pursue certain data and AI opportunity areas, which encapsulate main 

and complementary benefits. For instance, the interviews exposed that clients are interested in 

obtaining benefits associated with a data-informed culture, transformed business for the future 

(e.g. BMI), and new and innovative avenues and ecosystems. Cognizant that game-changing 

ideas do not come in a vacuum, consultancy firms are looking to not only partner with visionary 

clients, but also frontrunning (friendly) competitors in the hopes of jumpstarting a digital 

community, which facilitates synergistic benefits through shared knowledge, resources and, 

most importantly, data and AI assets. The more consultancy firms can increase the appetite of 

their employees and clients in terms of data and AI initiatives, the greater the implementation 

potential, unlocking previously trapped value and unforeseen benefits. By doing so, 

consultancy firms and its clients can learn, grow, and even fail to ultimately succeed together.  

 

The main research question: How can a consultancy firm commercially harness data and AI 

assets for growth and new business?  

 

The findings of this study indicate by working both backwards and forwards from desirable 

and feasible use cases – starting with identifying current data and AI assets and problems worth 

solving, experimenting with BMI and data and AI monetization and provision initiatives 

concurrently, and finally visualizing potential benefits – a consultancy firm can harness their 

data and AI assets for growth and new business (as seen in Figure 1).  
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Figure 1. Conceptual framework 

 

To eventually convert data to dollar, consultancy firms must take a holistic approach to BMI, 

and their strategic digital assets, transforming core operations while simultaneously scaling 

new business opportunities. Previous findings have suggested that modern firms should “look 

at the forest, not the trees,” in terms of BMI, as well as sensing and seizing internal and external 

pathways to data and AI monetization and provision, specifically the avenues of (1) improving 

core business resources and process using data; (2) “wrapping” analytics around offerings; and 

(3) selling insights to existing and new markets (Amit & Zott, 2012; Wixom & Ross, 2017; 

Wixom & Farrell, 2019). Therefore, in the context of consultancy, firms should understand 

how the steady invasion of data, analytics, and technology changes the value added role of 

consultants and their deployable frameworks and tools, noting overall IT, business, and client 

designs and interfaces before optimizing the details.  

 

According to the client interviews, consultancy firms should leverage data and AI assets for 

services (or at least in utilize them in the background), not sell them as products. Put differently, 

improving and “wrapping” firm-specific data and AI assets seem to be more attractive in the 

eyes of clients than selling insights. While analytics-enabled digital products might be further 

away than asset-powered consulting services, firms can still attempt to heighten visibility 

through an internal database, which can eventually be accessed by clients to purchase available 

talent, capabilities, and productized services. Moreover, this database can double as a lead 

generator and benchmarking webtool, serving as an internal knowledge library and external 

client portal to build and acquire new and innovative data and AI-enabled services.  
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Additionally, consultancy firms should view strategy and the BM as separate and distinct, 

accounting for different time horizons and objectives, with dynamic capabilities interlinking 

short- and long-term aims, guiding the perpetual renewal of data and AI assets (Casadesus-

Masanell and Ricart, 2010; Clauss, 2017; Foss & Saebi, 2018). With respect to innovation in 

the BM domain, consultancy firms should also explore and exploit growth and new business 

opportunities in and around the four areas of: (1) CVP; (2) operational value; (3) human capital; 

and (4) financial value as proposed by Ramdani, Binsaif, and Boukrami (2019). This will allow 

consultancy firms to preemptively map out emerging firm and client needs, as well as emerging 

digital technologies, that enhance data and AI-powered value creation and delivery.  

 

As BMI and data and AI monetization are not completely demystified, findings of this study 

suggest consultancy firms should proceed with a dash of patience and acceptance, perpetually 

searching for dollars buried in and between the data, as well as evaluating capability gaps, so 

that data maturity, technological infrastructures, and commercial readiness endlessly improve 

(Kugler, 2018; Gandhi et al., 2018; Hanafizadeh & Nik, 2020). As a result, high-hanging fruit 

will continually drop lower and lower, solidifying a digital bedrock that can later serve as a 

commercial launchpad for data and AI assets in various delivery formats and modes. Although 

Wixom and Ross (2017) suggest that firms identify and pursue a singular best opportunity 

when monetizing and provisioning data and AI assets, findings of this study indicate that firms 

should develop a series of nascent concepts, building a spiderweb of alternative commercial 

options at various maturity levels to best protect against disruption. In the event a newcomer 

cannibalizes one or more new data and AI offerings, at least the consultancy firm will have 

other strands to keep them intact rather than be rendered obsolete. Only repeated, varied 

attempts will carve out a set of differentiated and valuable data and AI capabilities, allowing a 

consultancy firm to gain competitive advantages over industry peers regarding growth and new 

business (Iansiti & Lakhani, 2020).  

 

6.2 Managerial implications  

 

Along with several theoretical contributions, this study provides a few managerial implications. 

Holding that data and AI present the ultimate challenge, as well as the ultimate opportunity, in 

terms of management, scholars and practitioners argue that there is no magic recipe to follow, 

even though the proverbial cake is bigger whenever digital assets are added to the mix (McAfee 
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and Brynjolfsson, 2012; Ruokonen, 2020). At the same time, top- and middle-level managers 

should be creative in the face of this complex interplay between innovation, and data and AI 

assets and BM elements.   

 

First, managers should recognize the value of ‘good’ at their disposable versus the illusive 

‘perfect’ when harnessing their data and AI assets, placing a strategic importance on these 

novel initiatives, which have been previously deemed high risk, low profit ventures (Spijker, 

2014; Mohasseb, 2015). Instead of sucking the oxygen out of new ideas before they even leave 

the ground, managers need to act as champions and orchestrators, keeping data and AI at the 

forefront of mindsets and actions, and reallocating talent and resources outside of core business 

practices to enrich and connect data, technology, and human capital streams. Essentially, 

managers should incorporate business and technology angles into every decision, prioritizing 

efforts that close capability and value gaps, so that compelling value propositions are supported 

by scalable and sustainable digital offerings and BMs sooner rather than later.  

 

Second, managers should clearly and concisely communicate visions and expectations to spur 

efficient and effective data utilization. Rather than blindly following the hype surrounding data 

and AI and spraying and praying, managers need to sort out anticipated benefits and carefully 

pull the trigger one target at a time. This will keep both consultants and clients on the same 

page, minimizing organizational blind spots or short-sightedness. Through coordinated efforts, 

all participants can remain properly informed and on pace to develop, test, and launch new 

products, services, and BMs in a continuous and synchronized manner.  

 

Third, managers should actively build a culture that celebrates failure, as well as incremental 

steps as much as radical leaps on the BMI and data and AI continuum. Learning by doing is 

the name of the game when challenging dominant logic, which personifies inflexibility to 

change with respect to firm structure and decision-making. As a result, managers need to 

encourage, not punish, inconvenient outcomes. The ability and capacity to undergo significant 

trial and error will breed a workforce characterized by fast-learners, good-listeners, and open-

mindedness, attracting and retaining exceptional talent – a sought after resource in the digital 

age. Furthermore, managers should keep their head on a swivel, looking outside the 

organization for ideation, and seeing how it can be applied to any ongoing or planned data and 

AI firm initiatives.  
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6.3 Limitations and possibilities for future research  

 

Given the topic, breadth, and context of the study, this research has certain limitations, setting 

boundaries for the generalizability of results.  

 

First, this study only investigates the phenomenon of data and AI from a European consultancy 

point of view, excluding other industry and regional perspectives across the business world. 

Unlike other professional services, the BMs of consultancy firms tend to be notoriously 

difficult to innovate, making this a unique or extreme context to study.  

 

Second, this study examined a single case firm rather than multiple, narrowing the scope and 

generalizability for even other companies operating within the same industry. Moreover, 

Futurice represents an incumbent firm, instead of an entrepreneurial one, due to the fact the 

case company has existed for 20 years. During this time, Futurice underwent BMI, transitioning 

from a product-based company, which developed and sold code and software codes, to a 

consultancy firm that specializes in lean service creation.  

 

Third, the proposed conceptual framework that illustrates the continuous interactions between 

the input (i.e. current firm assets), key concepts (i.e. data and AI monetization and provision, 

BMI) and outcome (i.e. potential firm and client benefits) of the case study firm may not 

perfectly align with other industry peers nor fully encapsulate the fuzzy notions of data 

monetization and BMI.  

 

Finally, this study is qualitative in nature, meaning the data is based on semi-structured 

interview questions and responses, which sometime carry undesirable biases from the 

participants who represent various roles inside and outside of the case firm.  

 

As this study primarily focused on potential value creation approaches and commercial 

delivery mode and formats within the context of consultancy, it would be interesting for future 

research to explore different value capture methods, as well as measure overall willingness to 

pay. This beckons another pressing question yet to be answered: who values data – the firm, 

market or customer? In terms of mitigating the chicken or egg dilemma, what methodologies 

can be employed to foster co-creative interactions between consultancy firms and clients to 
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better match new and innovative offerings with understanding? Lastly, future research could 

determine whether data and AI-driven BMI in consultancy necessitates an eventual spin-off or 

not, and how a firm can successfully reposition itself in the minds of clients.   
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APPENDICES  

 

Appendix 1. Selected definitions of BM 

Author Definition (Ordered Chronologically) 

Johnson, Christensen, & 
Kagermann (2008)  

“consist of four interlocking elements, that, taken together, 
create and deliver value”  

Teece (2010) “management’s hypothesis about what customers want, 
how they want it, and how an enterprise can best meet 
those needs, and get paid for doing so.”   

Osterwalder & Pigneur (2010) “describes the rationale of how an organization creates, 
delivers, and captures value”  

Amit & Zott (2012)  “interconnected and interdependent activities that 
determines the way the company ‘does business” with its 
customers, partners, and vendors”  

Baden-Fuller & Haefliger 
(2013)  

“a system that solves the problem of identifying who is (or 
are) the customer(s), engaging with their needs, delivering 
satisfaction, and monetizing the value”  

Chaudary et al. (2015)  “schematic representation of all processes involved in real-
time situation.”  
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Appendix 2. Selected definitions of BMI 

Author Definitions (Ordered Chronologically 
Gamardella & McGahan 
(2010)  

“Business model innovation occurs when a firm adopts a 
novel approach to commercializing its underlying assets”  

Amit & Zott (2012)  Business model innovation can occur in a number of ways: 
(a) by adding novel activities (‘content’); by linking 
activities in novel ways (‘structure’); and by changing one 
or more parties that perform any of the activities 
(‘governance’).  

Abdelkafi, Makhotin, & 
Posselt (2013)  

“A business model innovation happens when the company 
modifies or improves at least one of the value dimensions” 

Casadesus-Masanell & Zhu 
(2013)  

“At root, business model innovation refers to the search for 
new logics of the firm and new ways to create and capture 
value for its stakeholders; it focuses primarily on finding 
new ways to generate revenues and define value 
propositions for customers, suppliers, and partners” 

Khanagha, Volberda, & 
Oshri (2014)  

“Business model innovation activities can range from 
incremental changes in individual components of business 
models, extension of the existing business model, 
introduction of parallel business models, right through to 
disruption of the business model, which may potentially 
entail replacing the existing model with a fundamentally 
different one”  

Cucculelli & Bettinelli 
(2015) 

“The action of modifying the firm’s existing activity system 
and renewing its core business logic, to enact and exploit 
opportunities”  

Sorescu (2017) “BMI – a change in the value creation, value appropriate, or 
value delivery function of a firm that would result in a 
significant improvement in the firm’s value proposition” 

Clauss (2017)  The three dimensions that form the metaconstruct of BMI 
are (1) value creation; (2) value proposition; and (3) value 
capture. More accurately, value creation consists of four 
sub-constructs (new capabilities, new technologies, new 
processes, and new partnerships); value proposition consists 
of four sub-constructs (new offerings, new customer 
segments, new channels, and new customer relationships); 
and value capture consists of two sub-constructs (new 
revenue models, new price/cost structures).  

Ramdani, Binsaif, & 
Boukrami (2019)  

“Alternative business models can be explored through 
modifying a single business model element, altering 
multiple elements simultaneously and/or changing the 
interactions between elements of a business model”  
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Appendix 3.  Internal interview questions  

Firm perspective 
• Please describe your role in the firm and any involvement with data and AI up to now. 
• Does your firm have a coherent, organization-wide data and AI strategy, accounting 

for multiple perspectives? Is it aimed more at key business questions, pipe dreams, 
incremental improvements, or curiosities? 

o What are its anticipated customer benefits? 
• Presently, what are the data and AI assets of your firm? Do you feel ill-equipped, 

meaning there is a gap between what you have versus what you want? 
o At this time, what assets provide the most value (or at least focal strengths)? 
o In the future, what unique assets (e.g. game changers) do you hope to improve, 

build, or possess? 
• Do you have the needed physical (e.g. data infrastructure), human (e.g. skills, 

capabilities) and organization (e.g. cultural mindset, ambition level) capitals to 
effectively support the development of your data and AI assets? 

• How are you leveraging your firm’s current data and AI assets? 
• What is the overall readiness for your data and AI assets to be commercialized? 
• What are your strategic problems worth solving? Are they the same for your existing 

or potential customers? Can they be solved with your data and AI assets? 
• How do you assign value to both your internal and external data and AI assets? (e.g. 

ability and willingness to pay, value drivers, financial impact). 
o Do you find this to be an easy or difficult task? 

• What obstacles prevent you from harnessing the full value/benefits of existing or 
potential data and AI assets? 

 
Customer/Partner perspective 

• In the context of data and AI, what is your process of exploring and understanding 
end user groups, their needs, and their business perspective? 

• Do your current data and AI assets effectively satisfy the immediate needs of your 
customers? 

o What specific customer jobs to be done (e.g. functional benefits) are/are not 
fulfilled? 

• Are your customers largely aware or unaware of their emerging needs (e.g. nature and 
size of opportunity) involving potential data and AI enabled solutions? 

• In terms of new data and AI offerings, who will be your focal customer or user 
persona? 

• How realistic is transforming data relationships into synergistic benefits characterized 
by intertwined data and AI assets (e.g. mutually enhanced competences) that generate 
something new and valuable for both parties? 

o Are you tapping into customers who are not only willing but also eager to 
share more information with your firm? 
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Future perspective 
• What is a sensible path forward in balancing your legacy business model(s) with 

novel data and AI initiatives? 
• What should be your firm’s ambition for data and AI monetization and provision? 

o More of an industry leader or laggard? 
• What are future avenues for data and AI monetization and provision? 
• What is your intended roadmap for scaling and sustaining innovative data and AI 

assets? 
• Any final words? Did we forget to discuss something important? Who else should I 

talk with either at your company or at another firm? 
 
Appendix 4. External interview questions  
Current situation  

• Please describe your role in the firm and any involvement with data and AI up to now.  
• What level of maturity regarding data, analytics, and AI has your firm achieved thus 

far?  
o Are you ahead, on pace, or behind when compared to your respective 

industry/competitors?  
• Presently, what are the data and AI assets of your firm? Do you feel ill-equipped, 

meaning there is a gap between what you have versus what you want?  
o At this time, do your data and AI assets effectively satisfy your immediate 

needs? 
o In the future, what unique assets (e.g. game changers) do you hope to possess?  

• How can a consultancy firm with more advanced physical (e.g. data infrastructure), 
human (e.g. skills, capabilities) and organization (e.g. cultural mindset, ambition 
level) capitals effectively support the development of your own data and AI assets?  

o What specific competences or assets are you looking to be enhanced or built?  
• What are your strategic problems worth solving? (e.g. items of discussion) Can they 

be solved with data and AI assets? More specifically, can they be solved with 
Futurice’s data and AI assets? 

• In terms of your needs, how do you actively communicate them?  
o What type(s) of data (e.g. relevancy) or format(s) (e.g. usability) would best 

supplement your current and potential jobs to be done in order to create added-
value?  

• How are you either: (1) leveraging or (2) planning to leverage your own data and AI 
assets or data and AI assets provided by Futurice?  

• In your opinion, does the market for commercialized data and AI assets fall closer to 
ripe or immature?  

o Are you in follow or attack mode?  
• What obstacles prevent you from realizing the full value/benefits of existing or 

potential data and AI assets?  
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Future perspective  
• What is your vision and ambition for harnessing data and AI assets?  
• What is a sensible path forward in balancing your legacy business model(s) with 

novel data and AI initiatives?  
• Are you more interested in (1) building, (2) buying, or (3) taking a blended approach 

to your data and AI assets?  
• What future avenues for data and AI monetization and provision would best meet 

your potential needs?  
• What factors affect your willingness to pay concerning data and AI assets?  
• Do you believe there is a disconnect between perceived and actual benefits regarding 

data and AI assets?  
o What do you find most valuable or overrated?  

• How can synergistic benefits with respect to data and AI assets be achieved between a 
provider and your firm?  

• How can a consultancy firm increase your appetite for novel data and AI assets, 
making you reach higher than low hanging fruit?  

• What are your current and potential fears surrounding data and AI?  
• Any final words? Did we forget to discuss something important? Who else should I 

talk with either at your company or at another firm?  
 

Appendix 5. Pioneering examples for lateral innovation in terms of asset-powered 

consulting  

Product-based as a Service Platform-driven Cloud Solutions 

Ateryx  
Dbt 
Sisense  
Informatica 
NetApp 
OpenText  
TATA Consultancy  
ThoughtSpot  
VMware 
Yellowfin  
 

BDO Insight 
BearingPoint  
Blast Analytics  
Bloomberg 
Intelligence  
Enquero  
Hatchworks 
Hitmetrics.io  
IBM  
Trasers  
Trianz  
 

Bain Vector  
BCG Omnia  
DataRobot 
Deloite Catalyst  
McKinsey Wave  
Qlik Sense  
Sumo Logic  
Tableau  
Teradata Vantage  
TIBCO Connected 
Intelligence  

Atos OneCloud  
Domo Business 
Cloud  
IBM Cloud Pak  
OpenText Cloud  
Snowflake Data 
Cloud  

 

 

 


