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ABSTRACT
Organisations are increasingly striving to become more data-driven by embedding data into decisions, interactions and processes 
and by leveraging advanced AI technologies to unlock innovative use-cases. However, many remain unprepared to meet the ris-
ing demands for data, analytics and AI. A data product mindset—combining, packaging and delivering data as a product—has 
emerged as a promising approach to meet the needs of an expanding user base. Despite their popularity, data products are often 
seen as a purely technical concept, with suitable methodologies and tools for designing them still underdeveloped. This paper 
introduces the data product canvas, a visual and versatile tool that helps cross-functional teams—comprising business, data, 
analytics and IT experts—collaboratively design new data products and assess existing ones. The canvas ensures that critical 
themes are addressed: desirability from the customer perspective, feasibility from the technical perspective and viability from the 
economic perspective. The practical application at SAP illustrates how the data product canvas supports its data democratisation 
initiative, showcases real-world examples and offers practical insights to guide future adopters: (a) tailoring designs to different 
data product types, (b) periodically refining data products to increase their value and (c) systematically assessing requests to 
build a cohesive data product portfolio.

1   |   Introduction

We have loads of data that we can really leverage for 
bigger goals […] but the problem is consistency in its 
creation and management […], which is not helped by 
the fact that we are such a huge company. The only 
way is to find some sort of structured way to do it. 

(Team Lead Democratised Governance, SAP)

As the volume of data continues to grow exponentially and 
analytics becomes increasingly pervasive, many organisations 
are striving to become more data-driven (Bean  2022). They 
are aiming to embed data into every decision, interaction and 

process across the enterprise (Assur and Rowshankish 2022), 
whereas leveraging advanced AI technologies to unlock novel 
use-cases. However, the rising importance of data confronts 
organisations with significant challenges, and many are not 
fully prepared to meet the growing demands: First, most com-
panies operate with centralised data and analytics teams that 
typically address individual user requests one at a time. For 
instance, if a vendor dashboard is requested to conduct tail-
spend analysis, the central team must locate, stage, clean and 
prepare the necessary data, upload it into an analytics plat-
form and then develop the dashboard. Now imagine rinsing 
and repeating this for every single-data request coming from 
different functions! The sheer volume of requests overwhelms 
the central team, making it impossible to handle them reliably. 
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This practice also fails to scale because a dedicated pipeline 
must be built for every incoming demand, making this ap-
proach slow, expensive and unsustainable (Desai et al. 2022). 
Second, various business teams within the same enterprise 
build their own tailored solutions to address specific use-
cases. As these solutions are typically not shared across teams, 
they cannot be widely reused to drive other use-cases in the 
firm (Davenport and Kudyba 2016). This lack of visibility and 
coordination leads to redundant efforts, with similar solutions 
being created repeatedly and often underestimating the ef-
fort required for ongoing maintenance. Third, creating value 
from data requires collaboration among different stakeholders 
from business, data and IT teams, responsible for preparing, 
delivering and using data within the organisation. However, 
diverging expectations and a lack of communication between 
these groups often leads to a mismatch between capabilities of 
data providers and expectations of data consumers (Schulze 
and Tiwary 2024).

In response to these key challenges, companies are increasingly 
adopting a product mindset towards data (Davis et  al.  2020). 
Similar to how a firm manages physical products—from raw 
materials to final consumption—a comparable approach is ap-
plied to data (Wang  1998). Under this data product approach, 
data is industrialised, packaged and delivered in such a way that 
users can rapidly identify and access the right insights fitting 
their purpose (Assur and Rowshankish 2022). This comes with 
several advantages: On one hand, combining, packaging and 
delivering data as a data product allows them to effectively ad-
dress information needs of targeted end user segments (Hasan 
and Legner 2023a). On the other hand, packaging data in a more 
standardised fashion allows providers to leverage existing capa-
bilities to embed reusability across multiple use-cases. As such, 
organisations can deliver analytics to users 90% faster, lower 
their cost of ownership by 30% and productise data to align with 
various consumption patterns (Desai et al. 2022). Therefore, it 
is no surprise that frontrunners have already built and imple-
mented data products within their organisations to generate 
and capture value, both in the short and long run (Davenport 
et  al.  2024). As an example, Vista, the Dutch online printing 
firm, has globally unlocked around $100 million in incremen-
tal profit with their 120+ data products covering eight domains, 
including channel marketing, pricing and promotion and prod-
uct and personalisation (O'Neill  2023). Regions Bank, a retail 
and commercial banking giant in the United States, has saved 
over $1 million in annual payments to vendors using just their 
‘Regions Voice of the Customer’ data product (Davenport and 
Bean 2022).

Despite these promising prospects, however, companies still 
face many open questions when putting data products into 
practice. The concept remains nascent, and it is often unclear 
what a well-defined data product entails and how data prod-
ucts differ from existing datasets or assets (Davis et al. 2020). 
With the advent of the data mesh (Dehghani 2021), many com-
panies are exploring and experimenting with data products. 
However, the concept is primarily regarded from a technolog-
ical perspective, whereas suitable tools and methodologies for 
designing data products remain underdeveloped. Without in-
tegrating business and economic aspects into product design, 
organisations will waste resources and end up with ineffective 

data products, failing to generate value from their data (Desai 
et al. 2022).

This paper addresses these challenges by outlining how organi-
sations can effectively design and assess data products to generate 
sustained value from enterprise data.

To this end, we propose the data product canvas, a visual in-
quiry tool that supports cross-functional teams—comprising 
business, data and analytics and IT experts—in collaboratively 
designing new data products and assessing existing ones. The 
practical application at SAP's internal data democratisation ini-
tiative, led by the Chief Analytics Officer, showcases concrete 
examples of data products and offers practical insights to guide 
future adopters. In doing so, we show how companies can de-
sign suitable data products to accelerate their data-driven proj-
ects and initiatives and foster sustained value creation from 
enterprise data.

2   |   Towards the Creation of the Data Product 
Canvas

With the increasing importance of data and the advent of data 
mesh, many companies are actively exploring and experiment-
ing with data products. Reflecting this trend, data products have 
also been a central focus in the Competence Center Corporate 
Data Quality, an industry-research collaboration with Fortune 
500 companies across various sectors, including automotive, 
pharma, retail and consumer goods industries, over the past 
3 years. Through our joint research activities and regular ex-
changes with data experts from 20 firms, we found that many 
of them struggled with the same fundamental questions: What 
constitutes a well-defined data product? And how can data prod-
ucts be designed effectively? A major challenge lies in the gen-
eral tendency to view data products purely as a technical topic, 
often overlooking their alignment with key organisational goals 
and the specific business challenges they aim to address.

To help these companies in their data product journeys, we first 
analysed their emerging data products and derived a working 
definition and typical categories of data products (Hasan and 
Legner 2023a). Building on this foundation, we developed a 
visual inquiry tool, namely the data product canvas, to assist 
practitioners in designing data products. The canvas was cre-
ated following a design science research (DSR) process (Peffers 
et  al.  2007), in collaboration with 30 experts representing 15 
firms. Although the initial version of the canvas was grounded 
in a comprehensive literature review on data products and in-
corporated established design principles for visual inquiry tools 
(Avdiji et al. 2020), it was iteratively refined based on practitioner 
feedback. This involved discussions in focus groups, demonstra-
tions on real-world data products and expert evaluations, re-
sulting in a stable version of the data product canvas after three 
iterations (Hasan and Legner 2023b). To showcase the use of the 
canvas, we built a data product library, documenting the design 
of 22 data products from 17 organisations, both in the public and 
private sector.

Since mid-2023, the data product canvas has been publicly 
available under a creative common licence (link). It has been 
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taught in several training programmes on data products at 
executive and graduate levels, with an increasing user base 
across various types of organisations, including small and 
medium-sized enterprises. Several companies have adopted 
the canvas to conceptualise, develop and evaluate their 
emerging data products. A large European food manufactur-
ing company integrated the data product canvas into their 
‘Data Product Management’ training programme where 60 
practitioners were trained on the canvas and subsequently 
documented 10 emerging data products. Convinced of its ef-
fectiveness in guiding data product ideation and design, the 
data product canvas became part of their standard operating 
procedure (SOP). At a large software vendor, the data manage-
ment team used the data product canvas to support the design 
of their initial data products, including a data quality dash-
board (‘Data Quality Mission Control Center’) and a smart 
matching model (‘Function and Department Engine’). The 
feedback was highly positive, emphasising its intuitive and 
interactive nature. This led to the broader application of the 
canvas as part of the data democratisation initiative, led by the 
Chief Analytics Officer, which we will present later. Figure 1 
provides the timeline on the development of the data product 
canvas, and Appendix 1 provides more details on the research 
activities.

3   |   Data Product Canvas

The data product canvas supports organisations in their jour-
ney to become more data-driven by facilitating the design and 
assessment of data products. It broadens the predominantly 
technical perspective on data by encouraging stakeholders 
to adopt a business-oriented view and focus on addressing 
end user needs. It does so by first bringing together cross-
functional teams—composed of business users who consume 
data products, data and analytics teams who develop them 
and IT experts who deploy them—to collaborate on data prod-
uct ideas and discuss relevant design aspects. As such, a valu-
able dialogue is established where experts from diverse roles 
can share their perspectives and reach mutual understanding 
of key questions underpinning the data product. Second, the 
canvas makes this exercise interactive so that participants not 

only reflect on critical questions surrounding data products 
but also discuss and have fun with their colleagues from other 
parts of the organisation while doing so. Third, the canvas 
aims to simplify the process of designing and assessing data 
products for any practitioner, regardless of their work profile 
and level of knowledge. Hence, the canvas is made intuitive 
by using colours, simple questions and possible examples to 
guide the thought process of any individual.

3.1   |   Desirability, Feasibility and Viability: The 
Tri-Perspectives

The data product canvas builds on core ideas of design thinking 
methods and innovation tools, drawing particular inspiration 
from the business model canvas (Osterwalder and Pigneur 2010). 
Conceptualising a suitable business model allows firms to offer 
the most appropriate product that meets consumer needs, 
whereas considering the required resources and economic vi-
ability. Similarly, the data product canvas outlines the critical 
elements for designing data products that ensure a strong fit 
with the recurring information needs of the consumers, and en-
sures the technical capabilities needed to build and deliver the 
product. The nine building blocks are organised around three 
key perspectives (see Figure 2): desirability (in red) that gauges 
the consumers' requirements for the data product; feasibility (in 
yellow) that underscores various technical capabilities and tasks 
needed to address those requirements, and viability (in green) 
which addresses the economic suitability of investing in the 
data product akin to similar assessments made during product 
development.

These themes play a vital role in highlighting the main aspects 
of a data product. First, they help identify the specific people 
who are needed as experts to outline the details in each of these 
themes. For instance, one may need delegates from the business 
functions where the data product will be used to address the de-
sirability theme, the data and analytics and IT experts to address 
the feasibility theme and managers who also have authority for 
sponsorship or funding to address the viability theme. Second, 
these themes intuitively harmonise the key concepts sur-
rounding data products. They illustrate that data products are 

FIGURE 1    |    Design science research process for the data product canvas based on (Peffers et al. 2007).
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designed to address the needs and solve the issues of business 
users (desirability theme), leverage the most suitable resources 
( feasibility theme) to generate tangible value for the company 
(viability theme).

3.2   |   Value Proposition—The Focal Point for Data 
Product Design

As it comes with being part of a software company, 
we are very solution-oriented and love to think 
about technical problems, but not many of us try to 
understand the business value. 

(Team Lead Democratised Governance, SAP)

Designing data products with a technical mindset is a common 
pitfall, often resulting in solutions that are technically sound 
but fail to address real business problems or meet user needs. 
To emphasise the potential value generation of a data product, 
the canvas places a critical block at the centre: value proposition. 
This ensures the design process starts with a clear understand-
ing of the value the data product aims to deliver by addressing 
consumers' information needs. The value proposition is pur-
posefully positioned in the middle of the canvas to accentuate 
its influence on the surrounding blocks as it helps identify the 
key stakeholders who will use and generate value from the data 
product (desirability theme), specify exactly what data and re-
sources are required ( feasibility theme) and estimate the returns 
that will substantiate this value (viability theme). This central 
block prompts practitioners to reflect on the specific problems or 
needs and then outline the expected value that will result from 
addressing them. This assessment is crucial for linking data 
products to broader business objectives and evaluating whether 
they are aligned with consumer needs. For instance, a data qual-
ity dashboard for vendor data can help purchasing managers re-
solve issues such as vendor duplication or incomplete address 
information, which are critical for contracting and accurate in-
voice processing. Additionally, answering the questions in this 

block makes participants recall whether similar data products 
already exist within the firm, not only helping to avoid duplica-
tive efforts but also reflecting on new possibilities to augment 
existing data products. As such, resource concerns can be em-
bedded into their thought process from the very beginning.

3.3   |   Desirability—‘Who Are the Consumers 
and What Are Their Information Needs?’

So, how many times have you seen that a fancy new 
dashboard initially generates a lot of interest, only for 
that fascination to quickly die down? That is because 
the solution does not properly address consumer pain 
points and the consumers realize this sooner than 
you expect. 

(Data Scientist, SAP)

One of the challenges accompanying the rapid growth of data 
and analytics in enterprises is the tendency to create dash-
boards, reports, machine learning models and other artefacts 
quickly for specific use-cases, often without a long-term vi-
sion for the broader information needs they are meant to ad-
dress. The desirability perspective emphasises the importance 
of addressing consumers' core information needs and ensures 
that, like any other product, data products are designed to be 
desirable to the consumers. As different types of users have 
varying backgrounds, purposes, skills and preferences in how 
they consume data products, understanding who these data 
product consumers are and how they seek to use data products 
is paramount. The data product consumers block helps with 
this. First, it outlines the future users, whether they are inter-
nal or external and their primary information requirements, 
based on the use-cases they support. For instance, a pharma-
ceutical scientist may require minute-to-minute readings of 
the temperature of a newly created drug product, which can 
be addressed by a real-time dataset, whereas a marketing 
manager may need to understand why their campaigns fell 

FIGURE 2    |    The data product canvas (Hasan and Legner 2023b).
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short in generating leads, postulating the need for a proper 
dashboard with marketing KPIs per region or customer seg-
ment. These details, therefore, hint towards the emerging 
consumption patterns and also prompt reflection on how the 
intended data product should be governed.

To support consumers in consistently accessing and using the 
data products, the data product consumer relationship block cap-
tures how consumers can discover available data products and 
what support is needed for effective use. An example could be 
using a data catalogue to skim through the list of available data 
products, or a data marketplace could enable users to purchase 
a data product. Additionally, a dedicated data product team can 
provide the necessary support to facilitate adoption. Building on 
the consumer profiles outlined above, the data product delivery 
block then captures the most fitting way to deliver the product. 
Specifically, it defines the format and channels through which 
the product should be offered so that it aligns with the consum-
ers' aptitude level and preferences. This is part of the packaging 
of the data product—just like one would package and deliver a 
physical product in a specific way for a specific customer—in 
order to fulfil the need of the consumer in the way they desire. 
For instance, the pharmaceutical scientist may require the data 
through an API call for further analysis, whereas the marketing 
manager may need to access the dashboard on their company 
smartphone at all times.

3.4   |   Feasibility—‘Can We Deliver What 
the Consumers Want?’

To enrich a data product, at SAP we try to capture 
and prepare data from various sources such as our S/4 
HANA systems or internal data centers […] allowing 
us to get a consolidated picture of the business 
problem in question. 

(Data Product Owner, SAP)

One of the key questions in creating successful data products 
is whether the appropriate data exists to meet their needs. 
Consequently, the feasibility perspective shifts from emphasis-
ing user requirements to addressing the data requirements es-
sential for building the data product. The key data objects block 
enables the data, analytics and IT experts to specify all the data 
required to develop the product. This is an important exer-
cise because it facilitates a gap analysis between existing data 
and the data required. It thereby expedites discussions about 
whether, for instance, currently available data are sufficient or 
additional data need to be collected or purchased from third-
party sources. These decisions, however, carry implications for 
finances, timelines for building and deploying data products as 
well as data security and governance—all of which can now be 
reflected on and aligned during the ideation phase.

Having identified the data needs, participants reflect on how 
data must be transformed from its original state into a usable 
data product. For this, the key activities block captures the se-
quential steps needed to transition the data product from its 
design phase towards its development, deployment and con-
sumption. Such a lifecycle view can show the current state of a 

data product and illustrate its lineage, enabling business users to 
see how the data product came into being—instilling confidence 
in the data product. To effectively organise these activities, natu-
rally, companies must then consider the key resources required, 
especially in terms of systems and personnel. Such reflection 
facilitates the revaluation of the firm's resource allocation strat-
egy, helping to determine whether existing resources are suffi-
cient or if additional support—such as consultants, new hires, or 
emerging technologies—needs to be acquired.

3.5   |   Viability—‘Does It Make Sense to Commit?’

It is always a significant challenge to secure funding 
for any sort of data-related project as we have to 
demonstrate that we can tangibly generate returns 
from data […] which is often quite hard to estimate. 

(Data Product Owner, SAP)

The viability perspective underscores a critical aspect: the dif-
ficulty of building a strong business case and securing invest-
ments in data products. Here, the cost structure focuses on 
identifying development costs and potential areas where fixed 
or variable cost may arise during deployment and consumption. 
This will, first, help pinpoint key cost areas and provide an es-
timation based on historical data for each cost area. The benefit 
structure deliberates the concrete advantages that could poten-
tially occur. These benefits may be either monetary, such as cost 
savings or revenue generation, or non-monetary, including fac-
tors like brand image, culture and mindset within the organisa-
tion. Understanding these different areas helps teams perform 
an assessment between the expected versus actual cost/benefit 
to estimate the performance of the data product. Moreover, such 
discussions remain critical to ensure transparency on who will 
bear the cost and who will fund future investments—questions 
that many organisations struggle with. Aligning on these as-
pects during the design phase ensures early commitment and 
lowers the possibility of cross-functional conflicts.

4   |   Data Democratisation at SAP

Our vision is to enable AI-powered, data-driven 
decision making by every SAP employee. 

(SAP's Chief Data and Analytics Officer)

With SAP's data democratisation initiative, a clear objective 
has been laid out: take the data from the hands of a few to the 
hands of many. The primary goal is to decentralise data across 
the company to generate novel insights through AI for driving 
informed decisions. The interest in leveraging data and AI is 
very high at SAP, and over time more than 1000 data assets—
such as dashboards or AI models—have been created: ‘As a 
software company, the analytical skill level existing within 
SAP is exemplary and people are always willing to do amaz-
ing things with data’ (Team Lead Democratised Governance, 
SAP). However, certain challenges around data access and 
usage hinder the realisation of the full potential. For one, as 
a large organisation, SAP employees struggle to locate the ap-
propriate data needed for their analysis. This difficulty often 
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leads to the use of low-quality data from unreliable sources, 
compromising the quality of insights generated for critical 
use-cases. Moreover, thousands of data assets are built by em-
ployees for specific needs, which remain siloed and unusable 
for other purposes, eventually becoming costly to maintain 
for the company. Furthermore, employees still often rely on 
central IT to support them, quickly culminating in serious 
bottlenecks due to the sheer number of requests that pour in. 
Lastly, the focus on cross-functional processes requires data 
to be accessible from different domains—indicating a need to 
open up data across the entire enterprise.

To leverage this strong analytical skillset, SAP identified data 
products as a critical enabler for their data democratisation ini-
tiative. As the company's Chief Strategy & Operating Officer 
explained: ‘Data products pave way for standardized and well-
governed access to and sharing of data assets, ensuring a cer-
tain level of control on the data, while promoting its diffusion 
throughout the entire organization’. With the data democrati-
sation initiative, SAP aims to enable employees to request and 
retrieve the needed data product quickly and accurately, allow-
ing them to perform analytics for various use-cases. Moreover, 
data products will reduce the cognitive load on data consumers 
by eliminating the need for time-consuming tasks, such as pre-
processing and cleaning the data. Employees can focus more on 
building meaningful analytics and generating valuable insights 
for the enterprise.

To drive this vision across the entire enterprise, SAP has defined 
13 domains, each representing critical business capabilities to 
be enriched by AI and data insights. These domains are de-
signed to group, enable and manage key data assets for the key 
business capabilities in a consistent manner, ensuring the suc-
cessful delivery of SAP products and services on a global scale. 
SAP has committed to building data products in each of their 
13 domains, not only to serve internal needs but also to support 
cross-domain processes. To guide the design of effective data 
products across all domains, SAP has identified four common 
aspects: mindset change to align varying perspectives (mainly 
among business stakeholders, data and analytics teams and IT 
experts), catalogue to find the available data products, semantics 

to ensure a coherent understanding of data products and con-
sumption to expedite reusability across various use-cases.

The data product canvas was identified as a tool that integrates 
all four key aspects into the design of data products. By address-
ing the desirability and feasibility aspects of the data product, 
the business users, data and analytics teams and IT experts can 
align their perspectives early in the design. For instance, the 
data product consumer relationships block defines standardised 
modes of access for data products, that is, using a catalogue as 
a discovery tool for existing data products. The key data object 
block, on the other hand, captures all data sources and types 
required to build the data product, simultaneously outlining its 
definition and primary purpose as a way to improve semantics. 
Finally, the data product consumers block captures the different 
(or similar) use-cases where the data product could be (re)used, 
and the data product delivery block highlights how such reus-
ability would be made possible from a provisioning perspec-
tive. Figure  3 summarises key SAP challenges and how the 
data product canvas plays a role in their data democratisation 
initiative.

4.1   |   Setting Up to Work With the Data Product 
Canvas at SAP

Currently, SAP is in the exploration phase with data products. 
Over the past few months, numerous data product requests have 
been collected from the different domains. However, not all data 
product ideas can be realised, posing the key challenge of decid-
ing which ideas to pursue. The head of each business unit from 
which the requests came evaluated the proposals based on their 
alignment with the organisation's broader strategic goals.

For the prioritised data products, the design process was facil-
itated by a team called Democratised Governance. This team 
brought together representatives from the responsible domain 
(business areas), as well as from the data and analytics and 
IT teams, to collaboratively complete the data product canvas. 
To accommodate participants located across different SAP of-
fices worldwide, separate MS Teams meetings were organised 

FIGURE 3    |    The role of data product canvas in SAP's data democratisation initiative.
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and supported by a Miro board. On average, completing each 
canvas took approximately 1 h. Afterward, the team conducted 
a ‘reflection round’ to discuss the challenges faced during the 
exercise and their key implications. Table 1 presents four exem-
plary data products that have been designed and assessed using 
the data product canvas and were eventually developed and de-
ployed within SAP for practical use. They are:

•	 Account master data (DP1): A dataset containing informa-
tion on SAP's customer accounts, which is critical for most 
of the processes existing within the company. This data 
product is highly reusable as it is offered in a foundational 
form, that is, ready-to-use dataset. By productising account 
master data, it is expected to feed into various descriptive 
and prescriptive analytics use-cases.

•	 Customer support case (DP2): A dataset containing infor-
mation on various support cases registered by customers at 
the support centre. This data product would be required to 
support use-cases in multiple areas: such as customer ser-
vices to quickly resolve pending issues, operations to im-
prove efficiency of ticket resolution and sales to offer new or 
updated products or services.

•	 Data quality mission control centre (DP3): A dashboard to 
monitor and control the quality of customer address data, 
which can be sourced from the account master data product 
(DP1). Hence, this product is relevant for several domains, 
such as finance, for sending invoices to the correct location 
and sales, for ensuring products are delivered to the right 
address.

•	 Function and department engine (DP4): A machine learn-
ing model that matches job titles with their respective 
departments in order to help with creating targeted mar-
keting campaigns. Despite being more use-case specific, 
at the very least, this data product must be shared with 
the marketing domain as well as the data management 
team.

4.2   |   Designing Data Products With the Data 
Product Canvas—The Experiences at SAP

The starting point of the exercise was the value proposition block. 
Here, two key questions were discussed: What is the business 
problem the data product is intended to address, and what value 
is expected to be generated in return? Hence, the participants had 
to reflect on the main business issue(s) and possible outcomes 
from solving them. They found it more challenging than expected: 
‘Normally, we don't think about, for instance, what a dataset could 
bring in for the business. But I guess we need to do some brain-
work from now on’ (Domain representative for DP2, SAP). ‘Well, 
this is hard! Let me think of some possible indicators to report 
value’ (Domain representative for DP1, SAP).

This reflected the difficulty practitioners experience in an-
swering the ‘why’ question. Being able to outline why their 
data product is needed will first accentuate its alignment 
with vital business objectives, highlighting a potential busi-
ness case for its existence. One could think of it as an elevator 
pitch, where domains succinctly outline the key value of their 
data products to secure funding from senior management. Not 

only will this help key stakeholders see what concrete prob-
lems could be addressed by the data product but also make the 
case for its further adoption by new users across the enterprise 
stronger. The exercise eventually proved useful because it trig-
gered creativeness among the participants: ‘As a standalone 
data product, I think DP2 would have minimal contribution 
but now that I think about it, may be its interesting to actu-
ally aggregate this with the ticketing data to get a much richer 
picture of customer cases’ (Domain representative for DP2, 
SAP). As such, the participants were able to detach themselves 
from their ‘own little world’ and reflect broadly on why their 
suggested data product makes sense from an enterprise-wide 
perspective. This aspect of value blending sparked engaging 
discussions and inspired participants to consider collaborat-
ing with colleagues to ‘combine forces.’ This approach not 
only promotes reuse of existing resources within SAP but also 
facilitates cross-domain conversations—an essential first step 
in bridging data silos.

Naturally, the next question from the desirability perspective is: 
Who is going to generate this value? A list of data product con-
sumers was compiled, categorised mainly by their role and team, 
to identify those expected to regularly interact with the data 
product. Additionally, the consumers were classified as either 
internal or external to SAP. This distinction is critical, as it de-
termines how access, security and privacy are configured, even 
for internal consumers. Subsequently comes the ‘how’ question. 
The obvious use-cases were captured first, but the participants 
were further encouraged to ponder additional use-cases that the 
same data product could address. The more usage scenarios a 
data product can handle, the higher its potential for reusabil-
ity—a critical aspect for any data product (Blohm et  al.  2024; 
Desai et  al.  2022). For instance, during the exercise on DP4, 
the participants uncovered that the same matching algorithm 
could possibly be trained in order to map titles and departments 
in languages other than English. This extension could enable 
SAP to tap into potential leads in other countries, expanding 
opportunities for higher sales. For data product customer rela-
tionship and delivery, the Collibra data catalogue has become 
the de-facto platform at SAP for discovering data products. The 
primary reason for this choice is its stable connectors with the 
SAP technology stack. Regarding support services, the partici-
pants agreed that the level of support required depends on the 
specific data product types. As a dashboard, for instance, DP3 
was guaranteed to have a 99% uptime, whereas as a dataset, DP1 
was promised 100% accuracy and completeness. For more de-
tailed questions on the data products, their respective owners 
remained available.

Next, the participants shifted their focus to the central ele-
ment of building the data product—the data itself—and the 
feasibility perspective. For the key data objects, most of the 
data for the products came from internal SAP systems, such as 
SAP S4/HANA or SAP Master Data Governance. As a result, 
data acquisition remained a fairly simple process. However, 
depending on the use-cases supported by the data products, 
significant portions of data had to be sourced from external 
sources. For instance, with DP4, a large amount of unstruc-
tured data was collected to fine-tune the parameters, despite 
possible quality challenges: ‘We collected data from on-
line forms as well as from marketing events to train the ML 
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model properly, expecting it would do better matching’ (Data 
Scientist, SAP).

Given the diversity of data, it must be cleaned, modelled, aggre-
gated and transformed into the desired data product. Hence, 
there was strong consensus among the participants on adher-
ing to the SAP data product lifecycle to guide these activities. 
Consisting of six steps, it provided a good framework to struc-
ture the key activities across specific phases. It also ensures that 
consumers are aware of the current stage of the data product and 
the expected timeline to go-live. When outlining tasks based on 
the lifecycle phases, we observed a natural discussion on the 
key resources required for each phase, categorised in either tech-
nical or personnel resources. Additionally, some participants 
took the opportunity to reflect on their own role in this context: 
‘Although I am taking the owner role for DP4 now, but it is sec-
ondary to my main job and I think we should probably acquire 
some additional resources to support us as the number of data 
products will grow’ (Data Scientist, SAP). Based on such reflec-
tions, the participants also managed to identify and ponder on 
current resource gaps or possible scarcities that may impede the 
successful implementation of the data product. Overall, the most 
frequently mentioned technical resources included the Collibra 
data catalogue, which is critical for making data products more 
findable and accessible. Platforms such as Microsoft Azure were 
required for storage and analytics, particularly for DP4 that 
leveraged Azure's machine learning capabilities. Additionally, 
SAP Datasphere was also identified as a key platform. In terms 
of personnel, platform specialists (from IT department) were 
required to manage the Collibra data catalogue, data owners/
stewards for providing access to the required data, as well as 
data architects to build consistent and high-quality data models 
to be used by everyone (from data and analytics team).

Eventually, it came down to demonstrating tangible returns from 
the data product, addressing the viability perspective. Simply put, 
the participants had to define the expected costs and benefits. In 
particular, the discussion of the cost structure led to lively debates 
on who is going to pay for it. Although the domains normally cre-
ate or capture the data, the data and analytics team is responsible 
for transforming it into data products and the IT team is responsi-
ble for storing and delivering it to the entire organisation. Hence, 
a shared approach is probably more suitable. The usage of the 
canvas does not resolve this debate but rather opens up the possi-
bility to further discuss and create a costing model that all parties 
can agree on. The costs associated with the data products arise 
from personnel costs for employees dedicated to various stages 
in the data product lifecycle, expenses for hosting and licenc-
ing needed to store and access the data product and monitoring 
costs to perform continuous health checks on the data product. 
With regard to benefits, the participants shared both monetary 
and non-monetary factors that would act as key selling points 
to obtain sponsorship for the data product. The most commonly 
identified benefits included savings in manual work, increased 
data product adoption rate—a critical indicator for SAP's data de-
mocratisation initiative—and improvements in data quality. To 
put some numbers to it, DP3, for instance, significantly reduced 
the processing time for creating a report on address data dedupli-
cation from 7 h to 2 min by connecting the dashboard to the data 
source and refreshing the data periodically. Similarly, DP4 led to 
operational cost savings of 80 K EUR per year.D
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5   |   Recommendations to Practitioners for 
Applying the Data Product Canvas

The strength of the data product canvas lies in its visual, easy-
to-understand format, making it a practical tool that helps cross-
functional teams—comprising business, data, analytics and IT 
experts—collaboratively design data products. Product-thinking 
around data is broadly applicable across industries and a wide 
range of organisational contexts, including small and medium-
sized enterprises. As a versatile tool, the data product canvas 
guides the development of successful data products by empha-
sising consumer-centricity (desirability), the alignment of con-
sumer requirements with provider capabilities (feasibility) and 
the formulation of a compelling business case to secure funding 
(viability). Based on our experience, firms of any size or type can 
therefore leverage the canvas as a de-facto tool to instantiate and 
embed product-thinking, whether as part of enterprise-wide data 
initiatives or in targeted data, analytics and AI-related projects.

Through applying the data product canvas in SAP's data democ-
ratisation initiative, we identified three important recommen-
dations related to its use that offer valuable guidance for future 
adopters. Table 2 summarises the recommendations, including 
their rationale and practical guidelines for effective use of the 
data product canvas. Each recommendation is further illus-
trated with examples from the SAP case.

5.1   |   Recommendation 1: Tailoring the Design to 
Different Data Product Types

Data products can take various forms—such as datasets, dash-
boards, or machine learning models—and must be shaped, 
packaged and delivered in the most fitting way to fulfil end-
users' information needs effectively. To address this diversity, 
we recommend tailoring the design to the specific type of data 
product and propose two patterns for applying the data product 
canvas in this process, as illustrated in Figure 4.

For the most basic form of data products (e.g., SAP's DP1 and 
DP2), practitioners should start the design from the left side of 
the data product canvas, namely, the feasibility theme. These 
data products are source-aligned, meaning they are closely tied 
to their originating data sources and are intended to make data 
reusable for different types of data consumers and across mul-
tiple use-cases. Starting with feasibility, practitioners should 
assess how existing data is provisioned and whether it can be 
integrated into comprehensive, ready-to-use datasets for wider 
organisational use. Next, they should deliberate on the desir-
ability theme and identify opportunities to increase reuse across 
different teams and their use-cases. By uncovering these pros-
pects, they can ensure discussions on how to appropriately 
package the data product and integrate it into numerous down-
stream systems that have varying technical capacities. For ex-
ample, DP2 aggregates ticketing data that is originally stored 
in ServiceNow and scattered in other legacy systems, where it 
had been captured inconsistently. A data product offering an 
easy-to-understand overview of the customer cases can support 
multiple customer-facing teams and help enhance issue resolu-
tion, enable operational efficiency and drive customer service 
improvements.

For analytical and advanced analytical data products (such as 
SAP's DP3 and DP4), practitioners are advised to begin the design 
on the right side of the data product canvas, that is, the desirabil-
ity theme. These data products are consumer-aligned, designed 
to fulfil specific information needs of end-users and must be built 
to create direct business value. Here, the practitioners should 
prompt critical questions such as: Who are the key data prod-
uct consumers? What use-cases will the data product support? 
How do consumers prefer the data product to be delivered and 
supported? Having a clear idea about the key use-cases, includ-
ing any overlaps and knowing how the consumers want the 
data product delivered from the onset is essential for designing 
a value-creating data product. After clarifying these questions, 
the focus should shift to how the data product can be efficiently 
developed and delivered with high quality—corresponding to 
the feasibility theme. If the practitioners realise that there are 
too many similar data products or the key consumers cannot be 
identified, they may decide against investing in the data prod-
uct—even if it is feasible and accurate and reliable data exists for 
it. For instance, with DP3, the initial concern was whether an 
additional customer dashboard would be worthwhile, given the 
presence of similar dashboards. Upon further exploration, it be-
came clear that the time and effort for creating a dedicated data 
quality dashboard focusing on customer address data would be 
well spent due to compelling business reasons, such as correct 
invoicing.

5.2   |   Recommendation 2: Reassessing 
and Redesigning Data Products

Data products naturally evolve over time, as underlying data 
sources, processing methods and analytical models are subject 
to continuous change. These changes are further accelerated 
by technological advancements, emerging demands for novel 
insights and evolving functional and non-functional require-
ments. Hence, data products must be designed with adaptability 
and scalability in mind. To support practitioners in navigating 
rapidly evolving requirements and technological capabilities, we 
recommend using the data product canvas not only during the 
initial design phase but also as a tool for periodically reassessing 
and, if necessary, redesigning data products once they have been 
deployed and are in use.

To do so, practitioners should revisit the data product design 
using the canvas and revise the relevant blocks to reflect any 
changes—resulting in an updated version of the data product, 
along with corresponding updates to its documentation with 
the canvas. Reassessing data products periodically initiates a 
learning process and encourages a reflection on how data prod-
ucts can be further improved and scaled to increase their value. 
This is specifically important as many data products begin as a 
proof of concept with a restricted scope and, if proven success-
ful, are gradually expanded and rolled out to a larger user base. 
Moreover, it ensures that evolving business needs, technical ca-
pabilities and quality standards are reflected in the design, en-
abling data products to remain relevant, valuable and scalable 
over time. Figure  5 illustrates the evolution of DP4, originally 
developed as a local solution (Version 1.0) for marketing teams 
focused on lead generation and later expanded into a global 
solution (Version 2.0). The initial version used an ML model for 

 13652575, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/isj.12603 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [21/06/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



11 of 15

T
A

B
L

E
 2

    
|    

R
ec

om
m

en
da

tio
ns

 fo
r a

pp
ly

in
g 

th
e 

da
ta

 p
ro

du
ct

 c
an

va
s.

R
ec

om
m

en
da

ti
on

s 
(w

ha
t)

R
at

io
n

al
e 

(w
hy

)
G

ui
de

li
ne

s 
(h

ow
)

E
xa

m
pl

es
 fr

om
 S

A
P

Ta
ilo

ri
ng

 th
e 

de
si

gn
 to

 d
iff

er
en

t d
at

a 
pr

od
uc

t t
yp

es
•	

D
at

a 
pr

od
uc

ts
 h

av
e 

di
ffe

re
nt

 d
ri

ve
rs

 a
nd

 
co

m
pl

ex
iti

es
 w

hi
ch

 im
pa

ct
 th

e 
de

si
gn

 
pr

oc
es

s
•	

C
on

su
m

er
s o

pe
ra

te
 in

 d
iff

er
en

t d
om

ai
ns

 
re

qu
es

tin
g 

di
ffe

re
nt

 ty
pe

s o
f d

at
a 

pr
od

uc
ts

, s
uc

h 
as

 d
at

as
et

s,
 m

et
ri

cs
, 

da
sh

bo
ar

ds
, o

r m
ac

hi
ne

 le
ar

ni
ng

 m
od

el
s

•	
Fo

r b
as

ic
 d

at
a 

pr
od

uc
ts

, s
uc

h 
as

 a
 d

at
as

et
, 

st
ar

t f
ro

m
 ‘f

ea
si

bi
lit

y’
 to

 d
is

cu
ss

 h
ow

 th
e 

da
ta

 p
ro

du
ct

s s
up

po
rt

 m
ul

tip
le

 u
se

-c
as

es
. 

A
t t

he
 n

ex
t s

te
p,

 sh
ift

 fo
cu

s t
ow

ar
ds

 
‘d

es
ir

ab
ili

ty
’ f

ol
lo

w
ed

 b
y 

‘v
ia

bi
lit

y’
•	

To
 a

dd
re

ss
 sp

ec
ifi

c 
ne

ed
s w

ith
 a

na
ly

tic
al

 
in

si
gh

ts
, s

ta
rt

 fr
om

 ‘d
es

ir
ab

ili
ty

’ t
o 

be
tte

r g
ra

sp
 th

e 
us

er
 p

er
sp

ec
tiv

es
 a

nd
 

re
qu

ir
em

en
ts

. T
he

n,
 th

e 
pr

ac
tit

io
ne

r 
sh

ou
ld

 d
el

ib
er

at
e 

on
 th

e 
‘fe

as
ib

ili
ty

’ a
nd

 
th

en
 ‘v

ia
bi

lit
y’

•	
D

P1
 a

nd
 D

P2
 a

re
 b

as
ic

 d
at

a 
pr

od
uc

ts
 

bu
ilt

 o
n 

da
ta

 c
om

in
g 

fr
om

 se
ve

ra
l 

in
te

rn
al

 so
ur

ce
s. 

H
en

ce
, t

he
 fi

rs
t 

ch
ec

k 
w

as
 d

on
e 

on
 th

e 
av

ai
la

bi
lit

y 
an

d 
qu

al
ity

 o
f t

he
 d

at
a 

(f
ea

si
bi

lit
y)

•	
Fo

r D
P3

 a
nd

 D
P4

, t
ha

t p
ro

vi
de

 m
or

e 
ag

gr
eg

at
ed

 a
nd

 sp
ec

ifi
c 

in
si

gh
ts

, t
he

 
fir

st
 ta

sk
 w

as
 to

 u
nd

er
st

an
d 

th
e 

us
er

 
ba

se
 a

nd
 h

ow
 a

 d
at

a 
pr

od
uc

t c
ou

ld
 

su
pp

or
t t

he
ir

 n
ee

ds
 (d

es
ir

ab
ili

ty
)

R
ea

ss
es

si
ng

 a
nd

 re
de

si
gn

in
g 

da
ta

 
pr

od
uc

ts
•	

D
at

a 
pr

od
uc

ts
 a

nd
 th

ei
r o

ut
pu

ts
 m

us
t 

ev
ol

ve
 to

 a
cc

om
m

od
at

e 
co

nt
in

uo
us

 
ch

an
ge

s i
n 

th
e 

un
de

rly
in

g 
da

ta
 so

ur
ce

s,
 

pr
oc

es
si

ng
 m

et
ho

ds
 o

r a
na

ly
tic

al
 m

od
el

s
•	

Bu
si

ne
ss

 p
ri

or
iti

es
 a

s w
el

l a
s t

ec
hn

ic
al

 
ca

pa
bi

lit
ie

s c
ha

ng
e 

ov
er

 ti
m

e 
w

hi
ch

 
im

pa
ct

s t
he

 w
ay

 d
at

a 
pr

od
uc

ts
 a

re
 

m
an

ag
ed

 a
nd

 u
se

d

•	
R

ea
ss

es
s t

he
 d

at
a 

pr
od

uc
ts

 p
er

io
di

ca
lly

 
ba

se
d 

on
 th

e 
ca

nv
as

 a
nd

 th
en

 u
pd

at
e 

th
e 

do
cu

m
en

ta
tio

n 
w

ith
 th

e 
la

te
st

 c
ha

ng
es

•	
C

re
at

e 
up

da
te

d 
ve

rs
io

ns
 o

f t
he

 d
at

a 
pr

od
uc

t c
an

va
s a

s n
ew

 re
qu

ir
em

en
ts

 a
re

 
in

co
rp

or
at

ed
 a

nd
 th

en
 im

pl
em

en
t t

he
se

 
ch

an
ge

s i
nt

o 
th

e 
de

si
gn

 o
f d

at
a 

pr
od

uc
ts

•	
D

P3
 fo

cu
se

s o
n 

26
 a

tt
ri

bu
te

s f
or

 
ad

dr
es

s d
at

a 
cu

rr
en

tly
 b

ut
 th

e 
ne

xt
 

ve
rs

io
n 

ai
m

s t
o 

in
co

rp
or

at
e 

th
e 

ne
w

 
de

ta
ils

 fr
om

 th
e 

ac
co

un
t d

at
a

•	
Fo

r D
P4

, a
n 

up
da

te
d 

ve
rs

io
n 

of
 th

e 
ca

nv
as

 is
 p

ro
du

ce
d 

w
ith

 e
ve

ry
 a

gi
le

 
ite

ra
tio

n,
 h

el
pi

ng
 c

re
at

e 
a 

tr
an

sp
ar

en
cy

 
of

 th
e 

m
od

ifi
ca

tio
ns

 m
ad

e

Bu
ild

in
g 

a 
co

he
si

ve
 d

at
a 

pr
od

uc
t p

or
tfo

lio
•	

A
n 

in
cr

ea
si

ng
 n

um
be

r o
f n

ew
 u

se
-c

as
es

 
re

qu
ir

e 
th

e 
cr

ea
tio

n 
of

 n
um

er
ou

s d
at

a 
pr

od
uc

ts
•	

H
ig

h 
de

m
an

d 
fo

r l
im

ite
d 

re
so

ur
ce

s 
po

se
s c

ha
lle

ng
es

 in
 su

pp
or

tin
g 

al
l d

at
a 

pr
od

uc
ts

 w
ith

in
 th

e 
or

ga
ni

sa
tio

n
•	

En
su

ri
ng

 a
lig

nm
en

t o
f d

at
a 

pr
od

uc
ts

 
w

ith
 k

ey
 b

us
in

es
s g

oa
ls

 is
 e

ss
en

tia
l f

or
 

su
st

ai
na

bl
e 

va
lu

e 
ge

ne
ra

tio
n

•	
U

se
 th

e 
ca

nv
as

 to
 d

oc
um

en
t a

nd
 re

gi
st

er
 

da
ta

 p
ro

du
ct

 re
qu

es
ts

 (n
ew

 d
at

a 
pr

od
uc

ts
, 

en
ha

nc
em

en
ts

 o
f e

xi
st

in
g 

on
es

 a
nd

 
pr

od
uc

tis
at

io
n 

of
 e

xi
st

in
g 

da
ta

 a
ss

et
s)

•	
D

er
iv

e 
de

ci
si

on
-m

ak
in

g 
cr

ite
ri

a 
di

re
ct

ly
 

fr
om

 th
e 

ca
nv

as
 b

y 
dr

aw
in

g 
on

 it
s t

hr
ee

 
ce

nt
ra

l t
he

m
es

: n
um

be
r o

f c
on

su
m

er
s a

nd
 

us
e-

ca
se

s,
 sy

ne
rg

y 
be

tw
ee

n 
us

e-
ca

se
s 

(d
es

ir
ab

ili
ty

), 
nu

m
be

r o
f d

at
a 

so
ur

ce
s a

nd
 

av
ai

la
bi

lit
y 

of
 re

so
ur

ce
s (

fe
as

ib
ili

ty
), 

co
st

 
vs

. b
en

ef
it 

es
tim

at
es

 (v
ia

bi
lit

y)

•	
SA

P 
bu

si
ne

ss
 u

se
rs

 c
o-

cr
ea

te
 th

e 
ca

nv
as

 w
ith

 d
at

a,
 a

na
ly

tic
s a

nd
 IT

 
ex

pe
rt

s t
o 

do
cu

m
en

t i
ni

tia
l r

eq
ue

st
s

•	
Va

ri
ou

s c
ri

te
ri

a 
ar

e 
de

ri
ve

d 
ba

se
d 

on
 th

e 
ca

nv
as

 b
lo

ck
s t

o 
m

an
ag

e 
po

rt
fo

lio
 se

le
ct

io
n:

 (a
) I

s t
he

 d
at

a 
pr

od
uc

t r
eq

ue
st

 a
ss

ig
ne

d 
an

 o
w

ne
r?

 
(f

ea
si

bi
lit

y)
, (

b)
 W

ha
t a

re
 e

xp
ec

te
d 

co
st

s a
nd

 b
en

ef
its

? (
vi

ab
ili

ty
), 

(c
) W

ill
 

it 
su

pp
or

t e
no

ug
h 

us
e-

ca
se

s t
o 

be
 

va
lu

ab
le

? (
de

sir
ab

ili
ty

)

 13652575, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/isj.12603 by Schw

eizerische A
kadem

ie D
er, W

iley O
nline L

ibrary on [21/06/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



12 of 15 Information Systems Journal, 2025

mapping job titles and departments in English, with data col-
lected from customer contact forms and events. In Version 2.0, 
the data product will be transformed into a standardised global 
solution to be deployed in other SAP local offices worldwide. This 
global expansion requires mapping job titles and departments in 
non-English languages and involves purchasing and integrat-
ing third-party contact data to enhance coverage and accuracy. 
As the number of contact data increases, the data management 
team could emerge as a new user group, responsible for ensuring 
data quality and enabling reusability across other teams.

5.3   |   Recommendation 3: Building a Cohesive Data 
Product Portfolio

As the number of data products created and utilised across the 
enterprise grows, it is critical to manage them in a structured 
and controlled manner, ensuring they remain relevant, effective 
and capable of consistently delivering the expected value. To 
build a cohesive data product portfolio, we recommend system-
atically using the canvas to manage the data product idea funnel 
and to collect, assess and prioritise data product requests. This 
approach comprises three steps, as illustrated in Figure 6.

As a first step, registering and documenting the incoming 
requests with the canvas ensures that all critical perspec-
tives—desirability, feasibility and viability—are comprehen-
sively considered. Typical requests may involve creating new 
data products, enhancing existing ones, or productising existing 

data assets, ultimately generating a pipeline of ideas for poten-
tial investments, either immediately or at a later point in time. 
As requests are submitted to the data product idea funnel inde-
pendently from different teams, some of these ideas may over-
lap, closely resemble one another, or even be duplicates.

In a second step, the standardised documentation enables a 
structured comparison of incoming requests and facilitates the 
identification of opportunities for consolidation. Using the data 
product canvas documentation, requests are assessed against a 
set of criteria that reflect the three core dimensions and simi-
lar or overlapping data product requests can be combined into a 
unified data product (as shown as the intersecting dotted lines 
in Figure  6). This consolidation minimises redundancies be-
tween data products and enhances resource utilisation during 
their creation, whereas enhancing the reusability of the result-
ing data products. Under the desirability theme, we recommend 
evaluating the expected number of users for the data product, 
the number and range of use-cases it addresses and the syn-
ergies between those use-cases. These criteria help gauge the 
business value the data product will contribute to the portfo-
lio. Under the feasibility theme, the availability and number of 
required data sources must be considered, as they determine 
the type and number of input ports needed to ingest data into 
the data product and highlight major technical dependencies. 
Additionally, the availability of key resources, both systems and 
personnel, is a key criterion to determine whether the data prod-
uct can be effectively managed throughout its lifecycle. Finally, 
under the viability theme, practitioners should estimate the costs 

FIGURE 4    |    Using the data product canvas for different data product types.
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and benefits and evaluate whether the requested data product 
will result in a net gain or loss.

As the final step, practitioners should consolidate the assessment 
results into a prioritised list of final requests, ready to advance 
to the subsequent development and deployment stages. Through 
this structured approach, the most appropriate data products 

are selected for the portfolio—ensuring they provide the highest 
value for business users (as data product consumers) while en-
abling efficient development, delivery and maintenance by data, 
analytics and IT teams (as data product providers). Unselected 
requests are archived for future consideration, creating a well-
documented pipeline of forward-looking data product ideas for 
the organisation.

FIGURE 5    |    Incremental enhancements of a data product—function and department engine (DP4).

FIGURE 6    |    Managing the data product idea funnel using the data product canvas.
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6   |   Conclusion and Future Direction

As companies strive to become more data-driven and democ-
ratise data, they must establish a standardised and scalable ap-
proach to provisioning data, whereas addressing the evolving 
information needs from an increasing number of users. Data 
products play a crucial role in this by combining, packaging 
and delivering data and insights into a consumable form so that 
they can be easily accessed and (re)used across the organisation. 
The data product canvas addresses the lack of methodological 
guidelines and tools to effectively develop data products, and as 
a visual and versatile tool, it enables cross-functional teams to 
collaboratively design and assess data products while ensuring 
consideration of three critical themes: desirability to evaluate 
the business need for the data product, feasibility to assess the 
data requirements and technical capabilities needed for its cre-
ation and delivery and viability to estimate the potential returns 
from the data product. Thereby, the canvas brings data consum-
ers and data providers together, harmonising their perspectives 
on data products and ensuring alignment of requirements and 
capabilities. It facilitates vital early-stage conversations—clar-
ifying key questions around its business purpose, potential im-
plementation approaches and required resources—and helps 
achieve consensus about the data product vision between im-
portant stakeholders, particularly in business, data and analyt-
ics and IT.

From the experiences at SAP and other companies, applying the 
canvas not only supports experts in collaboratively designing well-
defined data products but also facilitates enterprise-wide data 
initiatives by highlighting underlying capabilities. As the canvas 
helps identify various organisational elements of a data product, 
such as roles and responsibilities (key resource block), lifecycle-
related tasks (key activities block) as well as literacy and training 
needs (data product consumer relationships block), practitioners 
can organise these aspects to steer effectively the creation and 
consumption of data products. For managers, the insights provide 
valuable inputs for addressing weaknesses and help scale data, 
analytics and AI across the organisation. To succeed in this en-
deavour, managers must also recognise that a data product mind-
set requires the development of data product management at two 
levels: the single-data-product level and the portfolio level. The 
canvas serves as a starting point by facilitating the assessment of 
individual data product requests, whereas supporting portfolio 
decisions and guiding the organisation's shift from a single-data-
product towards a multi-data-product perspective. However, its ef-
fective application must be complemented by additional processes, 
guidelines and new responsibilities: data product managers to 
oversee the lifecycle of individual data products, and a domain or 
portfolio manager to manage the data product portfolio within a 
specific business domain. This underscores the transformational 
nature of adopting a data product approach.
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Appendix 1

Development of the Data Product Canvas

The design of the data product canvas started in late 2021 as part of 
the Competence Center Corporate Data Quality, an industry research 
consortium working in the field of data management. For this project, 
we collaborated with 30 practitioners from 15 global companies from 
different industries who are members of this consortium. These prac-
titioners are highly experienced in the topic of data and analytics, typ-
ically with 5–10+ years of experiences in the field and represent firms 
that are currently experimenting with or implementing data products. 
Furthermore, they were also willing to share concrete details about 
their organisational context, challenges and expectations with re-
gards to data products. Leveraging our initial focus group conducted 
on February 2022, we collected various challenges currently persisting 
within the organisations related to data products. They are as follows:

•	 Data products have been primarily viewed as a technical topic, 
overlooking its alignment with key organisational goals and the 
specific business challenges they are expected to address.

•	 Data consumers across the enterprises build their own tailored 
solutions to address each of their use-cases, underestimating the 
effort required to maintain them and undermining the potential of 
reusability which data products can bring.

•	 Data product providers and consumers often have different percep-
tions and understanding of what a data product entails, mainly in 
terms of its functionalities and implications, leading to conflicting 
views on how it should be designed.

•	 Persisting challenges in estimating ROIs from data products to 
demonstrate their tangible value, impeding the opportunities to se-
cure funding from organisational sponsors.

With these challenges in mind, the practitioners agreed that the poten-
tial solution should aim to bridge the primary gaps around the concept 
of data products and support its proper design. Hence, the solution was 
decided to be a canvas that would support the design of data products by 
bringing together business users (who will consume the data product) 
and data, analytics and IT experts (who will provide the data product).

To develop the data product canvas, we conducted three design itera-
tions in May 2022 (conceptual design), September 2022 (refinement of 
building blocks) and November 2022 (instructions for using the canvas). 
We built the canvas by incorporating the design principles for visual 
inquiry tools into its design. To ensure alignment with practitioner 
needs, we adopted the design science research (DSR) method (Peffers 
et al. 2007) and conducted multiple iterations including focus groups, 
demonstrations and expert evaluations by following the guidelines pro-
vided by the authors. The focus groups were conducted both onsite and 
online (using MS Teams and were recorded by getting permission from 
the participants), running roughly for 1.5–2 h. It focused on the vari-
ous design aspects of the canvas and how they can be further improved 
to address existing challenges. During the design, the canvas was also 
used for documenting a variety of data products, initially from three 
different companies and at later stages with 22 data products from 17 
other companies that are both within and outside our research setting. 
Furthermore, we conducted expert evaluations with not only the study 
participants but also with external audiences (consultants from a data 
management firm and participants at a data product-related industry 
summit), using surveys where they rated various design elements of the 
canvas and also provided their reflections, allowing us to gain further 
credibility. Based on this feedback, a stable version of the canvas was 

established (Hasan and Legner 2023b) and has been publicly available 
under a creative common licence at the following link. Since 2023, it 
has been taught in several training programmes on data products at ex-
ecutive and graduate levels, with an increasing user base across various 
types of organisations, including small and medium-sized enterprises. 
It has been adopted by several large companies who use it in their data 
product initiatives and have made it an integral part of their standard 
operating procedures for data product design.
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