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Abstract 
 

 

This paper proposes a new approach to servitization and business models Purpose: 

by understanding behavioural aspects of human interactions with technology, 

specifically, with “smart” devices, connected devices, autonomous systems, and 

internet of things (IoT) through understanding and interacting with data which these 

devices and systems generate. 

 

Proposed approach, Behavioural Human Data Design/methodology/approach: 

Interaction Hypothesis (Behavioural HDI Hypothesis), which differs from existing 

literature, leverages on research in behavioural science, data-driven business 

models, multi-sided markets, and Human-Data Interaction (HDI). 

 

Behavioural HDI Hypothesis can offer a new approach to future markets for Findings: 

data because it helps to (a) predict consumer choice of product and services; (b) 

suggest new and improved interaction mechanisms between consumers and their 

self-generated data; and (c) propose a new approach for building and evaluating 

business models. 

 

To date, very little has been known about whether and how Originality/value: 

consumers and households accumulate, review and use self-generated data about 

consumption decisions and how this affects market relationships between 

consumers and providers of goods and services. This paper shows how Behavioural 

HDI Hypothesis can make markets for data more efficient through better 

personalisation and servitization. It also has implications for data collection visibility, 

data ownership and structure, platform trade-off, security and other ICT-related 

challenges which negatively affect current business models in the digital economy. 

 

servitization, data as a service, Human-Data Interaction (HDI), new Key words: 

business models 

  



 

WMG Service Systems Research Group Working Paper Series – 05/15                                                   

 

5

1. Introduction 
The development of information and communication technology (ICT) in the modern 

economy has created opportunities for businesses to provide customised products, 

services and experiences to their customers. This customisation became possible due 

to large volumes of (personal) data which customers generate on a day-to-day basis 

and which businesses collect, store and analyse. For many businesses, the future 

relies on their ability to process the data in order to accurately predict consumer 

preferences and create personalised products, services and experiences in the most 

cost-effective way. 

 

Yet, at the moment, data-driven business models through personalisation are still in 

their infancy as even companies with access to large amounts of data struggle to 

create reliable forecasts of future customer wants and needs to quickly react to 

changes in market trends. One of the most notable examples of forecasting 

inefficiency are so-called recommendation systems (available via major retailers) 

which are supposed to make suggestions about what a customer might like to 

purchase in the future, but which are in fact rarely used. Furthermore, we also do not 

see a development of effective markets for data where consumers of goods and 

services (henceforth, users) would trade their self-generated data with producers of 

goods and services (henceforth, providers) which inhibits an effective use of data as 

a service. 

 

This paper first considers reasons for the current data market inefficiencies and then 

develops a model of market for data where users and providers interact to develop 

new business models utilising different types of data as well as different ways in 

which this data is perceived by the users. The proposed model – Behavioural Human-

Data Interaction Hypothesis – is based on Data-Driven Business Models approach 

which explains how business models can be developed using data (e.g., Hartmann et 

al. 2014); an open multi-sided markets approach which offers an account of how 

new markets with multiple players can be created in the digital economy (Ng 2014); 

as well as research in Human-Data Interactions (HDI) research which explains how 

users interact with data (Mortier et al. 2014). This new Behavioural HDI Hypothesis is 

also rooted in behavioural science literature and has significant implications for new 

business models in the digital economy as well as offering important solutions for 

the currently existing ICT-related servitization problems such as data collection 

visibility, data ownership and structure, platform trade-offs, and security. 

 

 

2. Markets for Data: Present And Future  
 

2.1 Current Market for Data: Value and Worth 

Let us first consider the current market for data. In this market, users supply data 

and providers demand data as described on Figure 1 below. For the purposes of this 

paper we will concentrate on user self-generated data which may include personal 

data (data reflecting behaviour of an individual user) or social data (the data for the 

whole household, etc.). Providers demand the data and are willing to pay the 

demand price PD for the data (this is how much the data is worth to providers). This 
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price is relatively high as it allows providers to offer better (more personalised) 

goods and services to users and increase providers’ profitability via better 

understanding user demand for goods and services as well as via increasing user 

value. We define providers broadly – this could be companies which trade data, data 

analysts, app developers and providers of goods/services. 

 

Users are willing to offer data at a supply price PS which is perceived by them as very 

low. On Figure 1 we choose a price level close to 0 in order to describe the level of PS 

(this is how much the data is worth to users). In practice, this price is not expressed 

in monetary terms, i.e., users do not directly receive any money from the providers. 

Instead, it reflects the “cost” of data to users in terms of, e.g., loss of privacy, etc. 

 

Abstracting from different types of data as well as from different ways in which the 

data is perceived by users and providers, the level of PD and PS (shown using the 

vertical axis) remains stable irrespective of the quality of the data as a service 

(shown using the horizontal axis). The data as a service variable depicts how 

effectively available data can be converted into meaningful business models 

(provision mechanisms). In other words, it reflects the value of the data for providers 

and users on the market. 

 

 
 

Figure 1 Current Model of Market for Data 

 

We assume that the value of data is the same for providers and users for the 

following reason. If providers receive valuable data about user behaviour, they will 

be able to provide better (more personalised) goods and services to the users. 

Therefore, data of higher quality which produces better predictions of behaviour and 

lead to an increase in user wellbeing and provider profitability should be valued 

higher by both sides of the market (users and providers). In practice, there is, of 

course, a lot of uncertainty as to the value of the data (see, e.g. Ng et al. 2015). Yet, 

this question requires a separate investigation and for the purposes of this paper we 

do not consider uncertainty about the data. 
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Figure 1 shows that the current market is inefficient: since the disparity between the 

supply and demand price for data is very large, the data is not traded. In principle, 

providers are willing to pay PD to obtain the data, but users are offering the data at a 

very low price PS which means that providers can either (a) obtain the data 

themselves at a very low (or even zero) price in which case they receive a profit 

margin of PD –PS > 0 (e.g., Google, Facebook, etc.); or (b) purchase the data from 

other providers (intermediaries) at PD in which case intermediaries receive a profit 

margin                   PD –PS > 0. Note that the obtained/purchased data can be of low 

or high quality as captured by the data as a service variable and the demand/supply 

price does not depend on it. 

 

2.2 Future Markets for Data Ignoring Behavioural HDI 

In recent years, various issues were raised with regard to supply price for data. 

Specifically, the development of new technologies (e.g., Eckl and MacWilliams 2009) 

resulting in concerns about data ownership (e.g., Evans 2011), data privacy (Itani et 

al. 2009), as well as the inequality between users and providers in terms of profit 

distribution from data usage. Under these circumstances, user perceptions of data 

markets have changed giving rise to scepticism about the potential of trading data 

with providers. This sceptical view which ignores the fact that people interact with 

different types of data in a different way is depicted on Figure 2. 

 

 
 

Figure 2 Future Model of Market for Data without Behavioural HDI 

 

According to this view, providers in the future will still be willing to purchase data at 

a demand price PD. At the same time, the supply price PS for users will range from 

very low for less valuable data to high for more valuable data. Therefore, users will 

only trade the data with providers at an equilibrium price PE at the intersection of 

supply and demand price functions on Figure 2. Effectively, this means that in order 

to trade, users would need to provide data of high quality, exert a significant amount 

of effort to accumulate the data, and engage with providers. This creates serious 

objections to direct user-provider markets for data since the potential logistical costs 

of users engaging with providers is very high and very few users would be able to 

engage with trading data. However, applying such a model of market relationships 
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would not be correct because it does not capture the complex human-data 

interactions within the digital economy. 

 

 

3. Behavioural HDI Hypothesis and Its Impact on Business Models 
 

3.1 Behavioural HDI Hypothesis 

The market structures presented in sections 2.1 and 2.2 do not take into account 

that different types of data which may be perceived by users differently. Yet, by 

applying Behavioural HDI Hypothesis we can show how different types of data (with 

different value to users and providers) can be successfully traded on the market for 

data. Behavioural HDI Hypothesis distinguishes between traditional data, invasive 

data, and inventive data (see Figure 3). 

 

 

 

 

 

 

 

 

 

Figure 3 Data Types according to Behavioural HDI Hypothesis 

 

The data types presented on Figure 3 differ by the amount of effort which a user 

needs to exert in order to engage with each type from low effort (traditional data) to 

high effort (inventive data). Due to the fact that users need to exert a different 

amount of effort to engage with each type of data, they will perceive the 3 types of 

data differently. 

 

Traditional data involves minimum/low user effort because it is accumulated by 

technology which exists in the households of the majority of users. The data 

generated by this technology is reviewed by users on a regular basis and all users can 

easily assess this data (e.g., data from electricity meters, water meters and other 

“traditional” devices). 

 

Invasive data involves medium user effort because it is accumulated by technology 

which is accessible and yet non-“standard”. For example, data from mobile 

applications (apps), smart home sensors, etc. requires for the user to install the apps 

or devises and learn how to read and understand self-generated data obtained 

through this technology. This type of data is called “invasive” because this data often 

influences human behaviour (e.g., fitness apps may make an individual exercise 

more). 

 

Inventive data involves maximum/high user effort because it requires for the user to 

add relevant content to existing data accumulated through Internet-of-Things (IoT). 

Particularly, inventive data may require for the user to add context to the data 

Low effort

•Traditional 
Data

•aggregated as 
Content Data

Medium effort

•Invasive        
Data

•aggregated as 
Content Data

High effort

•Inventive    
Data

•aggregated as 
Metadata



 

WMG Service Systems Research Group Working Paper Series – 05/15                                                   

 

9

collected through other devices. In other words, inventive data does not only tell an 

individual that electricity was used but also stores important information about who 

used it, when and which device was turned on. This type of data is called “inventive” 

because it requires the user to innovate or co-create together with providers in 

order to receive the best-quality informative data. 

 

While traditional and invasive data is used, aggregated and analysed by providers as 

Content Data (data which provides information about action events but gives no 

context about these events such as, e.g., Big Data or Connected Data), inventive data 

is accumulated as Metadata (data which provides information about events in 

conjunction with their contexts). 

 

3.2 Perceived Market for Data with Behavioural HDI Hypothesis 

Since different types of data under Behavioural HDI Hypothesis are not perceived by 

users in the same way, we can modify Figure 2 to introduce different types of data 

and show how future markets for data may be affected by these different 

perceptions.  

 

Previous research (e.g., Parry et al. 2015; Ng et al. 2015) shows that context-

dependent data provides important benefits for customisation, personalisation, and 

creating new business models. Therefore, it is likely that the quality of data as a 

service will increase from traditional to invasive data and then from invasive to 

inventive data. Users would demand a higher and higher price PS as they go from 

traditional to invasive and from invasive to inventive data because, according to 

Behavioural HDI, they have to exert more and more effort to obtain the data. At the 

same time, since under Behavioural HDI, users will not perceive traditional, invasive 

and inventive data in the same way, rational providers will anticipate this change in 

user preferences for data which will result in changes to demand function for data. 

Specifically, the demand function for data will follow a pattern, at first increasing and 

then stationary. Traditional data will become less valued by providers and the 

demand price will be flat on the region covering traditional data. However, for 

invasive and, especially, inventive data the demand price will be increasing 

intersecting with PS on an interval covering a large portion of inventive data and 

forming an interval of equilibrium prices PE. Such shape of PD function even allows 

for a small portion of invasive data to be traded if this data is of relatively high 

quality (see Figure 4).  
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Figure 4 Future Model of Market for Data with Behavioural HDI 

 

Overall, under Behavioural HDI, different user perceptions of traditional, invasive, 

and inventive data will result in large portions of data being traded on the data 

market which will be beneficial for both users and providers. After reaching its 

maximum, PD will be flat due to the fact that providers have budget constraints and 

beyond a certain point even extremely valuable inventive data will become too 

costly for providers. 

 

Behavioural HDI provides a system of market relationships through which providers 

can better fulfil users’ wants and needs by better understanding their preferences 

and offering better (more personalised) services. It also suggests new and improved 

interaction mechanisms between users and providers as they have an opportunity to 

directly trade data on the market. It also may offer new approaches for building and 

evaluating business models. Specifically, business models can be evaluated based on 

the user effort level necessary to engage with providers, the actual price at which 

the data is traded (top of bottom of the PE interval), etc. 

 

 

4. Implications of Behavioural HDI 
The proposed approach has several important implications not only for new business 

models but also for research and practice of data collection visibility, data ownership 

structure, platform trade-offs and security of data. 

 

Current ICT systems often collect data in ways which are subtle to users: many 

people do not realise that their supermarket or coffee shop club cards, smartphones 

or social media webpages constantly collect and accumulate their personal data. 

Even though providers seem to believe that users prefer subtle data collection to 

visible (judging, for example, from the caution around the deployment of Google 

Glass), it is not clear whether users actually prefer devices which collect their 

personal data in a subtle way to those which do it in a visible way. It is also not clear 
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whether users are more concerned about the visibility of data collection or about the 

possibility that a device maybe collecting information which is unknown to the user. 

Behavioural HDI allows us to study these issues systematically by eliciting user 

preferences over different types of data. 

 

Since the supply of data is dependent on the technology, the ownership of the data 

often remains with the technology owner. For example, Internet search data trends 

are owned by large corporations (e.g., Google) or supermarket data owned by large 

supermarkets (e.g., Tesco) and it is often difficult or even impossible for individual 

users to obtain their self-generated data. Furthermore, the data collection 

mechanism, structure, representation, storage and, therefore, the potential 

applicability of the data is dependent on the technology, i.e., the nature of how the 

data is collected affects how it could be used. Since such data often has a vertical 

structure, it is primarily beneficial to companies and not to individual users. 

However, it is not clear whether users would be interested in having access to their 

own data (should they be able to view their data in a different way through novel 

visualisation mechanisms) or prefer to outsource data management and analysis to a 

third party which would then present it in a meaningful way and communicate it to 

each user as a set summary statistics or recommendations. Understanding these 

individual preferences is very important and Behavioural HDI can provide novel data 

ownership solutions through increased user participation in data markets. 

 

All providers have platforms for their IoT devices such as “smart” sensors within the 

home, apps, and wearable devices. Increasingly, platforms emerge which offer 

reporting services across many of the same provider’s products. This causes “vendor 

lock-ins”. Consider an individual who owns a technology produced by a certain 

provider (provider A). When a user is next presented with a choice between two new 

technologies, of which one is made by provider A and another by a new provider 

(provider B), the “convenient” decision for the user is to opt for technology from 

provider A because it allows this user to stay with the current platform instead of 

using two different platforms or switching to a new platform. As a result, users may 

not always choose the best or cheapest technology or device weighing their decision 

more on their existing products and on how an additional technology benefits the 

overall platform than how it performs on its own. Behavioural HDI allows users to 

differentiate between data types and provider propositions on the market which can 

give users more information about how to make most effective decisions. 

 

Privacy, confidentiality, and trust issues of data, especially invasive and inventive 

data, can impact individual behaviour. While Behavioural HDI does not aim to 

influence the area of privacy directly, data protection mechanisms are significantly 

more manageable if the data is partitioned into different types. Inventive data is 

collected and shared by the users under their own control and, therefore, private 

information is unlikely to be shared again user’s will (e.g., Ng 2014). At the same 

time, traditional and invasive data, especially when combined through linking and re-

matching data from different sources, may pose challenges for privacy. Behavioural 

HDI may offer a systematic approach to policy regulation of traditional and invasive 
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data by identifying data types and market relationships with high risk of privacy 

infringement. 

 

Behavioural HDI is useful for business practice. The understanding of the types of 

data as well as different ways in which these data are perceived by consumers can 

allow businesses to (a) decrease uncertainty about the value of the consumer-

generated data; (b) simplify consumer-business interactions; and (c) motivate 

consumers to collect and supply high-quality data to businesses. By incorporating 

Behavioural HDI into their business models, companies can create systems which 

would allow them to quickly aggregate and use data to accurately anticipate 

consumer demand and produce customised products and services. Behavioural HDI 

can change recommendation systems (available via major retailers) to co-creation 

systems where instead of making recommendations to consumers, companies can 

collect data on features of products which consumers may need or want in the 

future and cater to consumer needs making full use of data as a service. 
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