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Data-driven begins with DATA; Potential of data assets 

Abstract. The objective of this study is to analyse the potential of company data 

assets for data-driven, fact-based decision-making in product portfolio 

management (PPM).  Data assets are categorised from the PPM standpoint, 

including (product/customer/…) master data, transactional data, and interaction 

data (e.g., IoT data). The study combines literature review and qualitative 

analysis of eight international companies. The findings underline the crucial role 

of corporate-widely combined and governed data model. Company business IT is 

adjusted against the corporate-level data model. The order of importance is data 

first, and the technology second. The data-driven mindset and culture creation are 

also important. The implications include understanding the role and potential of 

combined data assets that form the basis for data-driven PPM. Facts based on 

company data assets are essential for decision-making instead of “gut feeling” 

and emotions. The utilisation of the unused potential of data assets is promoted in 

the transformation towards data-driven PPM. 

Keywords: product portfolio management; master data; transaction data; 

interaction data; data governance; data assets 

Subject classification codes:  

1. Introduction 

Organisations are increasingly dependent on data and information; they are crucial in 

every operation, from customer insights to product development and future directions 

[37, 53]. According to Fisher [21], “data can be the difference between business success 

and business failure.” Regardless of the industry, companies need consistent, accurate, 

and reliable data to get the best out of their businesses. [21]. The pure data are not 

enough, but their value must be realised. The wisdom hierarchy (data-information-

knowledge-wisdom, a.k.a. DIKW hierarchy) [1] is often and variously referred to in 

information/information systems and knowledge management literature to contextualise 

the transformation from data to wisdom [55]. 



 

 

The amount of digital data has been growing exponentially for years. According 

to Reinsel et al. [54], a Zettabyte (ZB) era is underway; the size of global digital data is 

estimated to reach 175 ZB1 by 2025 being 33 ZB in 2018. The amount of data is 

doubling in size every year, 90% of it created during the past two years and 98% of it 

stored in digital form [18]. Concurrently, 80% of organisational data are either 

redundant, obsolete or trivial, which is an obvious risk for poorly leveraged 

organisational resources [3]. The roles of data and analytics are increasingly becoming 

mission-critical in every industry [13, 37, 53]. Thousands of data scientist roles are 

currently involved in both start-ups and well-established companies since companies 

have an enormous and growing amount of data in volume and in variety [17]. However, 

the extant literature provides quite little support for how data should be utilised for data-

driven decision-making.  

All company transactions in business IT solutions rely on master data that relate 

to products, customers, or suppliers, setting high-quality goals for consistent master data 

throughout the entire product lifecycle [28, 57, 58, 59]. Nevertheless, the reality often 

means inconsistencies in data definitions, data formats and values causing negative 

impacts and inefficiencies in organisations [4, 23, 59, 60]. According to Walker and 

Moran [71] “new business opportunities will be missed without an expanded focus to 

connect datasets to master data – in order to realise the 360-degree view”. Based on 

Porter and Heppelman [51], a whole new customer relationship mindset is needed with 

smart and connected products, which gain a wide range of customer data and insights 

from product usage for sophisticated market segmentation as well as product and 

 

1 One ZB = Billion Terabytes (TB) = Trillion Gigabytes (GB) = 1,000,000,000,000,000,000,000 

bytes 



 

 

service tailoring and thereby for alternative pricing models. The extant literature focuses 

much on technology and less on how to turn data assets to a competitive advantage. 

Product portfolio management is vital for companies as it has a role in tackling 

challenges that relate to product management, and the range of offering by attempting to 

optimise and allocate the scarce resources between projects to reach objectives that 

relate to products and technology [14]. However, the earlier narrow approach on 

research and development fails to address the challenges with the existing active 

products and their management, which has been realised by few studies [35, 67, 68]. 

Nevertheless, the data-driven approach has not been considered adequately in the 

context.  

This study focuses on the potential of company data assets – master data, 

transactional data, and interactional data – in data-driven product portfolio management 

(PPM) decision-making. Focus is also on how data should be governed to realise their 

maximum benefits. In this study, the context and the role of data assets are approached 

as a combined source of providing value and meaning in the form of information and 

knowledge for PPM decision-making, i.e. to present how the value of data is generated 

and realised in a company’s decision-making. The following research questions frame 

this study: 

• RQ1: What is the role of company data assets for data-driven PPM? 

• RQ2: How are data assets modelled, owned, and utilised in companies? 

• RQ3: How should the company data assets be organised to support data-driven 

and fact-based PPM? 

RQ1 is based on a literature review of data-driven culture and decision-making, 

corporate data assets and their role as fact-based support for decision-making, and in 



 

 

relation to data governance. This is truly important since PPM decisions in companies 

are still made based on emotions and feelings, and the insights of the growing amount 

of company data are not realised and utilised for fact-based decision-making. Support is 

sought from the extant literature to understand how company data assets should be 

utilised as a raw material in fact-based decision-making. RQ2 focuses on an empirical 

analysis of eight international companies to figure out the current state of data 

governance and the companies’ current ability to utilise data assets for fact-based 

decision-making. Analysing eight international companies and their practises should 

provide an adequate sample to understand the phenomenon. RQ3 proposes a framework 

as a practical solution on, how data assets should be combined and governed to support 

fact-based PPM. RQ3 aims to fulfil the gap between the best practises and the current 

state based on the extant literature. Also, the structural nature of the data is clarified to 

cover structured, semi-structured, and unstructured data. 

2 Literature review 

The literature review aims to compile relevant areas of the current literature to clarify 

the role of company data assets for data-driven product portfolio management (PPM) 

(RQ1). This necessitates to understand the data-driven culture and decision making 

(section 2.1). However, when aiming to data-driven PPM it is also necessary to 

understand the characteristics of corporate data assets (discussed in section 2.2), and the 

role of data assets in data-driven, fact-based PPM (discussed in section 2.3). Also, the 

discussion on data governance cannot be ignored when aiming for data-driven 

(discussed in section 2.4). The construction of company-widely governed data model 

for fact-based product portfolio management decision-making is synthesised in section 

2.5. 



 

 

2.1 Data-driven culture and decision-making 

Data volumes are growing exponentially, and companies desire more and more data-

driven these days [72]. One of the most critical foundations in the transition to data-

driven is to start trusting data and establish a data-driven culture, which often requires 

also organisational changes [52]. Organisations have to rethink all their data 

management practises [2]. “Gut feeling” and “experience” can be supported and 

supplemented by advanced data analytics [21]. However, to get data utilised to support 

company targets is not easy [72]. Companies are not necessarily aware of the value of 

their data and information silos, and they must also understand that the (IT) technology 

is not an elixir that should be trusted blindly [21]; efforts are needed to get balanced 

with people, processes, and technology [2]. The role of technology is support by people 

in decision-making [72] and yet, the data must be systematically governed at a level 

beyond the (IT) technology [2, 3, 21, 52]. Data form an asset that should show on the 

balance sheet, like other assets [26 p643]; the company’s strengths and weaknesses are 

in assets and skills compared with its competitors [50]. According to [21], “one of the 

biggest mistakes that organisations make is to approach data as a technology asset, 

which it is not.” Data is also often seen as a cost rather than a strategic asset [2, 21]. 

The single version of the truth is lost when information is managed in silos [21, 

58]. The paradigm shift is necessary for the transition from “analogue” to “digital” 

through data and analytics. Enterprise reporting based on siloed data, business 

applications, data warehouses, and analytics applications is played-out – instead of this, 

the data must be seen enterprise-widely as a raw material for any decision. [37]. Also, 

massive data feeds cannot be handled by the traditional data management systems [22]. 

LaValle et al. [39] bring out three levels of analytics capabilities in 

organisations; 1) Aspirational companies are focusing on efficiency or automation of 



 

 

existing processes, searching for ways to cut costs. Not all necessary capabilities 

(people, processes, or tools) exists to collect, understand, incorporate, or act on analytic 

insights. These companies are the furthest from the analytical goals. 2) Experienced 

companies have some analytic experience, and are looking to go beyond cost 

management, developing better ways to optimise their organisation by analytics. 3) 

Transformed companies have a competitive advantage based on substantial experience 

using analytics through the organisation, and the ability to optimise people, processes, 

and tools. They also focus less on cutting costs compared with aspirational and 

experienced organisations through effective use of insights. Transformed companies are 

also most focused on driving customer profitability and making targeted investments in 

niche analytics. Higher levels of analytics adoption provide them performance 

advantage; transformed organisations perform more likely three times better than 

aspirational organisations within their industry [39]. 

Thusoo and Sharma [65] highlight guidelines in the transition to a data-driven 

company, which starts to identify, combine, and manage all sources of data, and to 

eliminate data silos. Secondly, analytics models are needed to predict and optimise 

outcomes based on all transactions and interactions necessary to get better insights. 

Thirdly, the culture to trust data as an enabler for better business decisions must be 

adopted. [65]. 

2.2 Characteristics of the corporate data assets 

In the 1990s, most data in companies was transaction data created by business 

applications (e.g., ERP and CRM) in business processes, and related data infrastructures 

were built accordingly. Since the Internet, a growing amount of interactional data is 

generated by interactions between people or machines, webpages, and social media, and 

in a different structural format. [65]. 



 

 

Data assets of a company are classifiable based on their nature as structured, 

semi-structured, and unstructured. An online tech dictionary [8] explain these as 

follows: 1) Structured data is stored, processed, and accessed based on the data model. 

Storing format is typically in tables in a database and managed using Structured Query 

Language (SQL). 2) Semi-structured data is a type of structured data but lacks the 

strict data model structure. 3) Unstructured data is information that does not reside in 

a traditional row-column database and often includes text and multimedia content. 80-

90% of enterprise data is estimated to be unstructured. [8]. Unstructured data is often 

associated with big data first described by Laney [37], who provided three dimensions 

of high V’s; volume (the size of the data), velocity (changing rate of the data), and 

variety (different data formats and types, structured and non-structured). Afterwards, 

some other V dimensions have been provided, such as veracity, variability, and value 

[22]. Big data is also often referred to as semi-structured data, such as XML standard or 

corresponding or unstructured data, such as Weblogs, social media data, and real-time 

data, such as event data, spatial data, data generated by machines. [26 p642, 45]. 

In this study, we focus on the role of master data, transactional data, and 

interactional data in the decision-making of product portfolio management (PPM). 

These data assets are classified in Table 1. Master data is a glue between business IT 

applications and business processes [33] and ideally, remains the same and unaltered 

through the entire product lifecycle [58]. All transactions in business applications 

necessitate master data [33, 57, 58, 59, 63]. Today’s products have not only got 

tremendously smart with sensors, microprocessors, and software, but they are getting 

connected with other products, production equipment, people and ecosystems providing 

a wide variety of usage and connectivity data about the behaviour of the product. This 



 

 

all generates a massive amount of data (e.g., IoT data) [11, 51], which provides whole 

new analytics and business intelligence opportunities for companies. 

Table 1. Characteristics of the company data assets discussed in this study; master data, 

transaction data, and interactional data. 

 

 

Internet of things (IoT) is currently spread everywhere; consumer electronics, 

domestic appliances, wearables, cars, aeroplanes, autonomous vehicles, and 

manufacturing devices to mention a few, are all equipped with a variety of sensor 

technology connected to the Internet. From a manufacturer perspective, this provides an 

opportunity to close the loop back to product-related business data and product lifecycle 

phase information and activities [27]. The combination of Big Data, IoT, cloud 

capacity, and distributed processing techniques provide an enormous potential for 

decision support throughout the entire product lifecycle [40]. According to Economist 

Intelligence Unit [19], IoT technology has created innovations due to data, which gives 

whole new insights and new revenue opportunities from products and services and is 

enabler towards whole new markets and industries. Companies can create and capture 

customer value in a different way than in the past. [19]. Smart, connected products are 



 

 

reshaping competition within industries, and have the potential to expand the industries 

to a whole new level [51]. 

2.3 The role of data assets in data-driven, fact-based product portfolio 

management 

This chapter focuses on the role of data assets in product portfolio management (PPM). 

The data assets included are master data, transactional data, and interactional data. The 

actuality in many organisations is that data on business objects is siloed in several 

systems,  inconsistent with conflicting versions and definitions, and with incorrect 

values [10, 25, 38, 53] which make data and related information unreliable [21, 42, 61]. 

Without timely, relevant, and trustworthy data, decisions cannot be made based on facts 

[5]. 

All company transactions are performed against consistent master data [6]. 

Transaction data, such as orders, invoices, payments, deliveries, storage records [24, 13] 

are necessary for almost all business processes and interlinked with master data, and for 

that reason the quality of master data is in a vital role [28, 57, 59]. Several issues have 

been reported because of poor quality of master data, such as inconsistencies [4, 60], 

and missing data management strategy resulting in poorly utilised data assets [21, 46]. 

Internet of Things (IoT) has brought manufacturers very close to the end-users 

increasing product data exchanges [20]. Operational characteristics of products can be 

widely utilised for design, marketing, customer care and whole new sales opportunities 

[11, 51]. The business concept and business requirements reflect uniquely on the 

company data structure, making the data a strategic asset [4], where master data 

represents the DNA of the company’s business [9, 59], and thus must be managed at 

strategic, tactical, and operational levels [30, 59, 47]. 



 

 

PPM process is defined as the top management’s strategic analysis and decision-

making tool on how to manage and renew product offering through the entire product 

lifecycle to avoid product portfolio explosions and cannibalisation between existing and 

new products. [66, 67]. From the practical standpoint in companies PPM relates to the 

question of how to strategically and financially renew and balance the product offering. 

This is; how to design, manufacture, market and sell, deliver, care, and finally ramp-

down company products to resonate with the tree cornerstones of PPM; strategic fit, 

value maximisation, and portfolio balance [14, 15, 56, 67]. As an example, when a 

company launches a new product, they must consider which product(s) need to be 

removed from the product portfolio to avoid cannibalisation and product portfolio 

explosion as well as to keep the product offering strategically, technically and 

financially balanced. The foundation for PPM is created by the general commercial and 

technical product structures of company products through the product portfolio aligned 

with the company strategy and accordingly standardised, corporate-widely integrated 

product master data (PMD). Examples of PMD are such as item codes, item names, 

product structure, life-cycle status, and product classification by its nature for hardware 

(HW), software (SW), or service, or any combination. [30, 31, 32]. The role of PMD is 

to connect and synchronise data, business IT solutions and related processes. [23, 33, 

58]. The majority of PMD is created during the new product development process [58], 

but regardless of the life-cycle phase, the product-related data is interlinked with the 

product structure [16, 35]. 

The data-driven, fact-based PPM necessitates reliable data and information from 

all data sources. This is inevitable since PPM decisions are typically made based on 

emotions and gut feelings [14, 41, 43], and today’s decisions determine the business 

performance in the coming several years [14], whereas wrong decisions can result in 



 

 

destructive consequences [15]. From the company’s financial perspective, this is 

inevitable since 20% of company products bring typically 80% of sales volume [68]. 

2.4 Data governance 

Real-time business intelligence has become a competitive advantage for companies. 

[65]. Nevertheless, the literature has been focusing much on IT systems and algorithms, 

while data analytics and data governance have gained less attention despite growing 

data volumes in companies [12, 34]. Surviving in complex environments requires well-

integrated processes, disciplined data architecture, and consistent data and information 

management [13]. 

Data governance emerged as a topic in the early 2000s (Figure 1). The previous 

topical issue a decade earlier was enterprise information management (EIM) in 

connection with structured data management in data warehouses and data mart 

technologies. In the 1990s, structured data was easy to model, store, and transfer by 

custom-written stored procedures in relational database management systems (such as 

Oracle, SQL Server, and DB2) and later automated by extract-transfer-load (ETL) 

process. [13]. Today, when 80% of organisations’ data is semi-structured or 

unstructured [45], the role of information management has changed, and whole new 

technologies and processes are required to govern data and to ensure the quality of data 

[13]. 

The explosion of data has resulted in a need for data governance [12] which has 

started to gain attention also in the literature over the past decade (Figure 1). 

Waddington [70] and Fisher [21] define data governance as a process to standardise 

business data and related metrics through the organisation, including data definition, 

propagation, ownership, and quality. In other words, it is to ensure consistent, high-

quality, and relevant data through the organisation [9]. 



 

 

Figure 1. Yearly published articles and conference papers including the term “data 

governance” in Scopus. 

 

Historically business applications (e.g., Enterprise Resource Planning (ERP), 

and Customer Relationship Management (CRM) systems) have been responsible for the 

data quality to support application-specific transactions, which will, however, not work 

for analytics because of whole different requirements for the data and related attributes 

[64 p535]. The final quality of the data is a sum of each step from data capture to 

analytics and decision-making [62]. Data governance is a company-specific activity 

based on the uniqueness of the company data [12]. Several scholars have proposed a 

company-level data management practises [22, 30, 48, 57, 59] to differentiate [4] and 

survive with competitors [56, 61, 63]. 

2.5 The construction of company-widely governed data model for fact-based 

product portfolio management decision-making 

This study analyses the potential of company data assets (master data, transaction data, 

and interaction data) in data-driven product portfolio management (PPM) decision-



 

 

making, and the role of company-wide data governance and data model in this context. 

The framework in Figure 2 suggests a conceptual, corporate-level data model for fact-

based product portfolio management combining data owners, master data, transaction 

data, and interactional data. Master data, whether they are the product, customer, or 

supplier master data, connect business applications and reflect the DNA of a company’s 

business, and is ideally created only once to ensure one single source of the truth [28, 

33, 58, 59]. All company transactions in operations are created against the master data 

[33, 57, 63]. The fundamental objective of this model is to connect all data assets from 

different data sources (e.g., from Electrical/Mechanical Computer-Aided Design 

(E/MCAD), Product Data Management / Product Lifecycle Management (PDM/PLM), 

Human Resources (HR), Finance & Control (F/C), Manufacturing Execution System 

(MES), ERP, CRM, Internet of Things (IoT) to the same backbone via master data. This 

is an enabler to realise further the full potential of company data assets for data-driven 

decision-making, where reporting and analytics can be adjusted based on, and through 

several data sources, concurrently. 

Figure 2. A company-widely governed conceptual data model for fact-based PPM to 

system independently connect data producers and data consumers of a company to the 

related business IT systems. 

 

Data owners, whether they are data producers (like for example new product 

development, NPD, where the majority of product master data is created) or data 



 

 

consumers that are thus operating with the same data assets. The other data owners in 

Figure 2 are representatives from different functions of the company, such as product 

portfolio management (PPM), finance and control (F/C), human resources (HR), 

service, supply chain (SC), sales and marketing (S&M), and the company CEO. Since 

companies’ organisational structures vary, and the data model of a company is unique 

[12], a one-size-fits-all framework is not appropriate, but the framework can be 

established by the elements presented in this framework in Figure 2. 

3 Research process 

Companies are having a vast and rapidly growing amount of data and information but 

lack the ability to analyse and govern them, which weakens their ability in the 

transformation to data-driven decision-making and culture. Data assets are one of the 

most unused assets in companies. This study examines the potential of company data 

assets and data governance from a practical perspective supplemented by the existing 

literature aiming to ensure the scientific and managerial applicability. 

3.1. Research objective and strategy 

The research objective of this study is to reduce a managerial gap and to complement 

earlier research related to data management, precisely focusing on the role of data assets 

and data governance for product portfolio management (PPM) decision-making. Three 

research questions (RQ) frame the research. The RQ1 is based on extant literature and 

aims to answer what are the role of company data assets for data-driven decision-

making in PPM. The RQ2 - how data assets are modelled, owned, and utilised in 

companies – is answered through an empirical analysis of eight international 

companies. The RQ3 aims to provide baselines on how the company data assets should 

to be organised to support data-driven and fact-based PPM. 



 

 

The research is a qualitative multiple case study aiming to bring out relevant 

awareness from several cases. To get strong and reliable evidence, and to understand the 

similarities and differences between several cases, multiple case study was used [7]. 

This study is exploratory by nature, examining the current state of data management and 

proposing a framework, which combines data owners, master data, transactional data, 

and IoT data in organisations to gain data-driven and fact-based support for PPM 

decision-making. The existing literature forms the basis for company data assets and 

data management regarding data assets and data governance. 

3.2 Data collection  

Semi-structured in-depth interviews [44] complemented by company internal and 

publicly available materials to gather empirical data were used to obtain a 

comprehensive understanding of the phenomenon. Informants represented theoretical 

and practical expertise in the subject to guarantee information-rich in-depth 

understanding and insights instead of an empirical generalisation. [49 p230]. Company 

internal quality and process documentation were utilised for triangulation. 

The roles and responsibilities of the informants represented business domains, 

such as sales and marketing, supply chain and manufacturing operations, product 

development (R&D), product management, product data management, product lifecycle 

management, and finance. A variety of roles were included to gain perspectives 

comprehensively, to reduce bias, and to get the best knowledge in the subject within the 

companies. Companies were from several industrial sectors, headquartered in Finland, 

from a few million to several billion in euros measured by company turnover. Half of 

the companies design, manufacture and sell configurable, modular smart products 

involving HW, SW and service, for varying industrial sectors. Two of the companies’ 

products are preconfigured HW sales items including SW for business-to-business 



 

 

(B2B) customers and business-to-customer (B2C) consumers. From PPM perspective 

their challenge is to find a balance with the optimum number of sales items to maximise 

the number of pieces sold and to avoid low selling sales items. One company has a 

niche, competitive technology providing highly customised HW products and services 

to their original equipment manufacturer (OEM) customers. Their PPM challenge 

relates to productising their service and technology offering instead of always starting 

from scratch. One company provides a wide variety of HW and SW (i.e. SW updates) 

spare parts in parallel with quite standardised after sales services for highly complicated 

products with a long lifecycle. The overall PPM challenge for all the companies is to 

productise and standardise their offerings to make possible to strategically renew their 

product offering, to maximise the value of the product portfolio and to optimise the 

number of sales items and configurable components as a part of master product. The 

service is described in this study as a combination of processes, e.g. service program 

including the various stages of maintenance steps.  Overall, 47 informants were 

interviewed in 14 interview sessions. The size of the company and its organisational 

structure influenced the size of the interview group, varying from 2 to 13 informants. 

The informants were interviewed by a group of two to four researchers. Each 

interview session was documented by participating researchers. Interviews were 

recorded when allowed, which provided support for the data analysis in the later phase. 

Informants got interview questions before the interviews. Informants were split into 

organisational groups they represented, or in some smaller companies, the whole group 

was interviewed in one session. 

3.3 Data analysis 

The data collected was first summarised and analysed by each researcher individually 

followed by group analysis by four researchers to obtain a consensus and to achieve a 



 

 

deeper understanding of the phenomenon in companies. The following methods were 

carried out in data analysis: 

• Inductive thematic analysis 

• The second source documentation (i.e., the company internal and external 

documentation) for triangulation to ensure the trustworthiness 

• Familiarisation to recognise themes and patterns. 

After the interview sessions in participating companies, a validation workshop was 

arranged to discuss the findings. The research group presented the findings, and both 

oral and written feedback was collected from the participants. The target of the 

validation workshop was to ensure that company representatives agreed with the 

findings. 

4 Results and analysis 

The companies were asked about the company data model, data ownership, and whether 

they utilise IoT technology in their products and if they have found ways to make use of 

the data the IoT technology provides. The aim was also to recognise how data is 

governed in companies. This study explores the status quo of the existence of company 

level data model related to business IT solutions and whether the IoT data is connected 

to the same model or not. Data ownership goes hand in hand with data model, so the 

definition of data ownership in companies was also explored. The characteristics of 

companies and key findings are summarised in Table 2. 

None of the companies had a consistent, corporate-level data model 

implemented, half of them did not have data model(s) at all. The other half had defined 

their data models on the IT solution level, typically for PDM/PLM, ERP, or PIM 



 

 

system, or a combination. Companies that did not have a company data model defined 

did not have defined data ownership either. Similarly, companies that had data model 

defined for some IT solution seemed to be considering data ownership as well. 

The type of products in all companies consists of HW, SW and service, except 

one company which provides only a combination of HW and service. IoT technology 

was a part of the product in seven out of eight companies. IoT is utilised, e.g., to get 

information from product installations, monitor the use of products, for predictive 

analysis related to maintenance, and to gain insights about how products are commonly 

used. One of the companies had monetised the IoT data to sell it to the customers. Some 

of the companies were in early phases seeking for opportunities to utilise the identified 

future potential of IoT data in their business. However, none of the companies currently 

connect IoT data to other data assets – such as master data or transactional data – in 

terms of PPM. However, combining data was recognised to have the potential to 

provide new business opportunities, by one of the companies. 

Common for all companies, regardless of whether they had defined the data 

model and data ownership or not, the company-level data governance was not 

recognised clearly if at all. Separate business units were operating in their silos, without 

any consideration of relation to master data, transaction data, or IoT data. Very much 

time was used by all the companies for more or less manual, time-consuming data 

analysis and reporting, especially for cost calculation of products. 

Table 2. Characteristics of companies and the summary of key findings. 



 

 

 

As a tangible example of the potential of better utilising the company data assets, case 

companies have been considering the potential of IoT data in several ways. In one 

company the potential of IoT data was considered as a part of service delivery to 

enhance quality and accuracy of the service and close the loop for the business data to 

optimise the cost of service delivered. In another company, the IoT data is already 

widely utilised to simulate the product usage and predictive maintenance needs, and the 

future potential was seen to lie in connecting this data to the related business data of the 

service. Some companies were considering utilising an electronic serial number of the 

product for the marketing support, or to recognise additional sales potential as a part of 

sales channel analyses based on product or device registrations and insights they 

provide from the field. Almost all companies that had IoT as a part of their products had 

explored the possibility for new business opportunities by monetising their IoT data one 

way or another; either by selling the data to the customers or monetising the insight the 

data provides, not only for the company itself but also for customers or third parties. 

Overall, the companies found connecting IoT data to other data assets useful and 

supportive from the business perspective. The interviewees saw vast potential for 



 

 

variety of opportunities in the future. 

5 Discussion 

A data-driven approach to make fact-based decisions on company products and the 

entire product portfolio, instead of individual opinions, emotions or gut feeling, begins 

with data. The potential of company data assets, master data, transactional data, and 

interactional data are currently underutilised. The current focus emphasises too much 

the technology (Information Systems) over the possibilities of converting the data assets 

to a competitive advantage. The order of importance should be seen as data first, and the 

technology second. The data-driven mindset and culture creation are also vital. 

This study constructed a company-widely governed data model for fact-based 

product portfolio management decision-making. The role of data assets in this study is 

approached as a combined source of master data, transaction data, and interaction data 

to prove value and meaning in the form of information and knowledge for PPM 

decision-making. The data owners are also acknowledged as data quality necessitates 

responsibilities. The aim was to present how the value of data is generated and realised 

for a company’s decision-making. A data model can help in addressing the adverse 

effect of siloed business, data and applications, that prevent the effective data-driven 

and fact-based approach. A company-widely governed data model enables application 

independent approach to master data, transaction data and interactional data. All 

company transactions in business IT solutions rely on master data that relate to 

products, customers, or suppliers, but siloed business, data and applications prevent the 

true data-driven approach.  Necessary data consistency for fact-based decisions over the 

product portfolio can be reached by product structure and related master data. Also, the 

company business IT should be adjusted against the corporate-level data model. The 

business IT technology is useless in terms of data-driven approach if it does not support 



 

 

the efficient use of enterprise data assets. It appears that companies are currently in very 

early stages of utilising a data model and understanding its benefits. Also, the ownership 

of data assets and the effective utilisation of the data assets require efforts. Combining 

data; master data, transaction data, and interaction data may have the potential to 

provide new business opportunities aside supporting the data-driven fact-based 

approach and providing a guideline for organising company data assets. 

5.1 Scientific implications 

This study supports the earlier literature by highlighting the fundamental role of the data 

as a strategic asset of the company [2, 3, 21] which must be consistently governed [21] 

a level beyond the technology [2]. The existing PPM literature is elaborated and 

extended by combining all company data assets to realise the highest potential of data-

driven and fact-based support for PPM decision-making. 

The transition for data-driven necessitates trusting data as raw material for any 

decision [37] and creating a data-driven culture and organisation [52], which is in line 

with this study. This study is also in balance with previous studies of data management 

practices, which must be reconsidered to get balanced with people, processes, and 

technology [2]. Also, data must be governed a level beyond and separated from the 

technology [2, 3, 21, 52], while the role of the technology is supportive [21, 72]. 

This study provides a new contribution for PPM by combining master data, 

transaction data, and interactional data as a company-widely governed, combined data 

source for data-driven decision-making. This is required to remove data silos and to 

realise the full potential of data assets for decision-making in PPM. This supports the 

earlier literature suggesting consistent master data management practices to ensure 

high-quality transactions [6, 33, 57, 58, 59, 63]. This study provides contribution by 



 

 

using this basis to form a company-level data model that enables connecting 

interactional data to the same data model. 

Based on existing literature, PPM decisions are made based on emotions and gut 

feelings [14, 41, 43]. These decisions have very far-reaching effects [14], while wrong 

decisions can result in negative consequences [15] such as product portfolio explosions 

and cannibalisation between existing and new products. [66, 67]. Also, since 20% of 

company products bring 80% of sales volume [68] the right decisions are required 

today. This study provides new contribution and extends current literature by providing 

a framework to support PPM decisions based on company data assets that are 

highlighted as an enabler for data-driven decision-making in PPM. 

The current literature has gained marginal attention for data analytics and data 

governance and been much focusing on IT systems and algorithms [12, 34]. This study 

expands the literature by introducing the company-widely governed data model. 

5.2 Managerial implications 

Managers should understand that data should come first, and the technology should 

follow data. Even an average, medium size company’s business IT costs easily rise over 

10 million € as a result of poorly leveraged organisational resources, both people and 

business IT while both data and business IT are fragmented and siloed, and reporting is 

based on functional silos via spreadsheets causing a constant debate about whose Excel 

file contains the correct data, and how the data should be predicted. Noteworthy is that 

this study should not be read from a CIO perspective or from business IT technology 

perspective. The novelty of this paper lies in providing a data-driven approach where 

company executives are encouraged and justified to begin to trust their strategic data 

assets as a raw material for any decisions. Managers need to understand, that the 

transition for data-driven decision-making begins with data-driven culture creation and 



 

 

requires belief in the data as a raw material for decision-making. This is the first step 

which company executives need to adopt. This often requires changes in data 

management practices and organisational structures. Also, the value of data as a 

strategic asset must be understood. At least as necessary is to understand to get rid of 

data silos and begin to govern data company-widely and beyond the business IT 

technology – data is not a technology asset. 

Today’s smart, connected products provide whole new opportunities for 

companies based on the wide variety and a massive amount of interactional data, such 

as usage and connectivity data. This study provides the data-driven PPM decision-

making support for company executives in the form of a company-wide data model, but 

this is not limited to PPM only. With right analytics and business intelligence methods, 

interactional data provides endless opportunities not only within industries but also 

create whole new industries.  

5.3 Limitations and future studies.  

The limitation of this study involves the fact that none of the involved companies deal 

with data governance exceptionally well, making this study to lack of an excellent 

reference. However, this deficiency is well complemented by extensive literature, and 

provides new research opportunities. This study was deliberately limited to cover data 

assets, which have a role in PPM. From this perspective, the metadata – data and 

information about data – was excluded as not being relevant from the data-driven PPM 

perspective. The technology was also deliberately excluded from the study since the 

framework provided is approached technology-independently. In general, the sample 

size could be bigger, but eight case companies provide an extensive enough coverage 

for the purpose of this study. Future research could study a company-wide data model 

as part of a larger entity, including layers of business processes, reporting and analytics, 



 

 

to conceptualise the entire company ecosystem, for which this study provides the basis 

from a data asset perspective. 

6 Conclusions 

Data-driven begins with the “DATA”, data that are currently poorly utilised, but form a 

strategic asset for companies, and hence should be treated like other assets to gain their 

highest potential. This study focused on the role of master data, transaction data, and 

interactional data in connection with fact-based and data-driven PPM. The paradigm 

shift is taking place in companies in the form of growing amount of data, which requires 

a new mindset to deal with data and analytics in transformation towards data-driven 

decision-making culture. 

A very topical question is why there are few or no corporate wide data models in 

companies. There is much literature about siloed data and interoperability challenges 

between business IT systems, but the literature is lacking on how to break system 

boundaries. Companies seem to be lacking in awareness of the value of their data assets, 

and understanding that the data must be governed systematically, and separately from 

IT technology. This paper tackles these challenges based on three research questions by 

1) specifying the role of company data assets in data-driven PPM, 2) analysing the 

current state of data governance in companies, and 3) by providing a model on how the 

company data assets should be organised to support data-driven and fact-based 

decision-making in PPM. 

During this study the authors started to discuss about “data damagement” as “a 

combined outcome of spreadsheet effect and (data) silo effect”, i.e. how much company 

resources are wasted, and damage caused as a result of poor data management. Even 

though this came from a light debate, it was soon realized that this is the culmination of 



 

 

the central essence of this study, which must be taken seriously. This truly serve as a 

point of departure for future research. Data-driven begins with data! 
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