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The Digitalization Paradox
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The fourth Industrial „Revolution“



data innovation alliance

Servitization of Manufacturing Bsp. „power-by-the-hour“
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Servitization Business Models

Bsp. Flottenmanagement
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Example for Predictive Maintenance, Railway

□ Condition-based / predictive 
maintenance for trains

□ For diverse components, like 
traction or doors

Remote data:
• Sensors on the train
• Remote access to sensor data (connectivity)

Data collection:
• Central server

Remote diagnosis:
• Software-supported analysis in the data center
• Generation of work instructions for workforce
• Collection of typical patterns to improve the system

Support of the train operator:
• Working instructions
• Control of logistics for workforce and spare parts
• Optimized performance (less downtime)

Predictive Maintenance



data innovation alliance

Datenvolumen

Customers
Products

ProcessesSocial 
Media Open

Data

Web

IoT

DATA



data innovation alliance

Considering the industry as a service provider?
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Product or Service?

Source: Mobility Genossenschaft
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Managing the transition

Relative 
importance of 
service

Relative 
importance of 
tangible goods

Current
position

Target
position
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Value mainly in 
product

Value mainly in 
service

Pure 
Product

Pure 
Service

• Product related
• Advice and consultancy

• Product lease / renting / 
sharing

• Product pooling

• Activity management
• Pay per service unit
• Functional result

Adapted from: Rogelio Oliva Robert Kallenberg, (2003),"Managing the transition from products to services", International Journal of Service Industry Management, Vol. 14 Iss 2 pp. 160 - 172.
and
Tukker A., eight types of product– service system: eight ways to sustainability? Business Strategy and the Environment, Bus. Strat. Env. 13, 246–260 (2004)
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Customer

Where Technology meets Business

Technology

PullPush
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Needs-Driven Approach

14

Data Insight „... to provide benefits to others.“ 

Pull
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Understand: Who is the Customer, the 
Beneficary?

Company A

Company B
CEO

CEOOps MgrPurchasing
Mgr

Sales Mgr
Service 
Mgr

actor
value flow

e.g., Intermediary
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Value Creation with Smart, Connected Products

Product - Service 
Provider

Customervalue creation by 
smart service

value creation by 
(IoT) data and payment



data innovation alliance

Hierarchy of Value Creation

Monitoring

Control

Optimization

Autonomy

Based on: Michael E. Porter and James E. Heppelmann: "How Smart, Connected Products Are Transforming Competition”, November 2014, Harvard Business Review
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From Input- to Output-Oriented Services

Traditional Service-
Models

Bring into service, maintenance, repair, spare parts  

New Service-Models

Consulting, customization, condition monitoring, predictive 
maintenance, performance optimization

simplified from: Kowalkowski, C., & Ulaga, W. (2017). Service strategy in action: A practical guide for growing your B2B service and solution business. Service Strategy Press.

input

output

Monitoring

Control

Optimization

Autonomy
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Quantitative Model for Value Creation and 
Capture in Service Interactions

Provider Custo-
mer



data innovation alliance

What do customers need?

based on Osterwalder et al., 2014
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Value Exchange Model

data from 
equipment & 
processes

data 
models

Provider Customervalue for customer VC

value for provider VP

i = 1 2 3 4

VP ≦ VC
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Value Creation Model – The Value of Solving 
Pains

based on: Meierhofer, J., Benedech, R., & Heitz, C. (2022, forthcoming). On the Value of Data: Multi-Objective Maximization of Value Creation in Data-Driven Industrial Services. 2022 9th 
Swiss Conference on Data Science (SDS), IEEE Xplore.

data from 
equipment & 
processes

data models

Provider Customer

service value for 
customer VC

value for provider 
VP

VC,i = frequency x 
impact of pain

Note: the pain and its value 
can be economic or 

ecological
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Results
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TABLE II
PARAMETERS NUMERICAL MODEL PHASE 3, STABILIZE

Service Capacity

increase

additional fee

customer

CServiceFee

additional

cost provider

CServiceCosts

D3 = 5 0.1 5000 10000
D3 = 4 0.05 500 8000
D3 = 3 0.05 1000 200
D3 = 2 0.01 100 1000
D3 = 1 0 0 0

the 40 points in the scatter plot shown in Fig. 4. Extending
the discussion of [1], we can now specifically indicate for
each point of the scatter plot by which service constellation
of TABLE I these values are created.
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Fig. 4. Selected operating points and Pareto front for VP and VC .

The numerical lables of the points indicate the data-
intensities [D1, D2, D3, D4]. For the sake of visualization, the
points in the scatter plot are connected along increasing data
intensity D3 in phase 3 (stabilize) by (dotted) dash lines.
For each of these trajectories, the data-intensities in the other
phases remain unchanged. Apparently, the points with D3 = 5
and D3 = 4 are at the top left end of these lines, i.e., creating
high value for the customer VC , but considerably less for
the provider VP . This can be interpreted given the numerical
values described in subsection IV-B, because condition based
maintenance and performance optimization are offered below
their costs and provide a high value to the customer.

As described in subsection III-E, the optimum values can be
found on the Pareto front of this scatter plot. The combinations
of (VP , VC) that are below the Pareto front can be improved
both for the provider and the customer, hence are sub-optimal.
Economically optimum operating points are therefore all on
the Pareto front. As already discussed in [1], the provider
still needs to decide where on this front it wants to operate,
which is basically given by its strategy. Walking along the
Pareto front from the bottom right in the figure to the top left,
the first three optima up to data-intensity D3 = 3 have the

win-back measures in phase 4 enabled (D4 = 2). In Fig. 4,
the lables [D1, D2, D3, D4] for these optima are [2, 1, 1, 2],
[2, 1, 3, 2], and [2, 2, 3, 2]. Hence, up to data-intensity D3 in
phase 3, win-back in phase 4 clearly creates more value for
the entire ecosystem. However, the next four optimal points
have the win-back measures in phase 4 disabled. These are
the points with data-intensity D3 = 4 or 5 for phase 3
and D4 = 1 for phase 4. Their lables [D1, D2, D3, D4] are
[2, 1, 4, 1], [2, 2, 4, 1], [2, 1, 5, 1] and [2, 2, 5, 1].

The fact that win-back measures would reduce value in
these upper four Pareto optima can be explained by Eq. 8
and TABLE II: the high negative contribution margin - given
by the high service costs CServiceCosts as opposed to the low
service fees CServiceFee - penalise the entire ecosystem and
diminish the value VP,4 substantially.

Whether a provider customer constellation rather selects a
Pareto optimal point towards the bottom right side or the top
left, depends on the competitive situation of the market. In
markets with high bargaining power of the customer, providers
will rather select points with higher VC and lower VP and vice
versa.

V. DISCUSSION AND OUTLOOK

In this paper, the methodology introduced in [1] for op-
timally designing data-driven services of different levels of
data-intensities was further developed to incorporate specific
service designs.

By assigning specific services with their associated data
intensities [D1, D2, D3, D4], the model allows to determine
exactly which service design will lead to which value creation
for the provider and the customer. The scatter plot of these
values (VP , VC) (Fig. 4) helps to evaluate how mutual value
creation changes when these data-intensities are varied. In
particular, it becomes visible how varying the data-intensity
of one phase (e.g., D3 for phase 3) - while keeping the others
fixed - impacts the value creation.

A hypothetical use case derived from an empirical study was
developed incorporating specific services and their levels of
data-intensity for the phases of the lifecycle. For this example
and the chosen parameters, the model shows that applying win-
back measures in phase 4 (terminate) creates high value for
the provider by extending the customer lifetime, but is Pareto-
optimal only for low data-intensities in phase 3 (D3 = 1, ..., 3).
Since higher data-intensities (D3 = 4 or 5) have a negative
impact on the contribution margin for the provider, it becomes
favourable to apply no win-back measure in these cases. This
is due to the assumption made for this example that the
advanced services ”condition based maintenance” and ”perfor-
mance optimization” are new development fields and therefore
create high costs for the provider while the customers’ trust in
the services and willingness to pay are still low. Noteworthy,
the model reveals that there are indeed Pareto optimal points
with these advanced services enabled, but only if no win-back
measures are applied.

The model obviously shows that due to non-linearities it
is not easy to predict which service configuration is Pareto-
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Value Creation Re-Visited

CustomerTechnology

PullPush

Provi
der

Custo
-mer

Factory
Ressources

Data
Algorithms

Requirements for service
processes for value

creation

Services
Processes

Physical Layer Service-, Process- and Business Models 
for Value Creation

Data and analytics
requirements for value

creation

Methods
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Ex. 1: Maintenance Supported by Data

a service unit on the way to a faulty machine

based on: Meierhofer, J., Benedech, R., Schweiger, L., Barbieri, C., & Rapaccini, M. (2022). Quantitative Modelling of the Value of Data for Manufacturing SMEs in Smart 
Service Provision. ITM Web of Conferences, International Conference on Exploring Service Science (IESS 2.2), 41, 04001. https://doi.org/10.1051/itmconf/20224104001

Monitoring

Control

Optimization

Autonomy

https://doi.org/10.1051/itmconf/20224104001
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Ex. 2: Maintenance Capacity On Demand
Ex. 3: The Value of Remote Service

based on, e.g.: Meierhofer, J., Züst, S., Lu, Jinzhi, Schweiger, Lukas, & Kiritsis, Dimitris. (2021). Enabling Decision Support Services in Industrial Ecosystems by
Digital Twins. Spring Servitization Conference - Driving Competition through Servitization, Aston University, Florence, May 2021, 138–146.

Monitoring

Control

Optimization

Autonomy
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Ex. 4: Machine Handling Support for Operator

Monitoring

Control

Optimization

Autonomy
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Ex. 5: Reactive and Predictive Alerts for Shop Floor 
Operator

John's goals:
• Identify if there are components more stable than others.
• Check to see if there is a failure on a machine within the next 24 hours.
• Know which parts need to be replaced within the next 24 hours, which machines.

Jobs to be done:
• Maintenance of the machines
• Replacement of defective components
• Understanding the machines

John is 48 years old and wants to improve the service for his customers.

„ My job is to make sure that our machines are always 
operational.“

John

Pains:
• Unnecessary component replacements
• Have to take all possible spare parts with you
• Unplanned working time
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t0

Forecasted Break Downs KPIs previous daysSelect Machine ID

Forecast breakdown today [red=yes / green = no]

Monitoring

Control

Optimization

Autonomy
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Ex. 6: Involve the Intermediary!!!

Company A

Company B
CEO

CEOOps MgrPurchasing
Mgr

Sales Mgr
Service 
Mgr

actor
value flow

e.g., Intermediary
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Motivation: How to Assess Economic and 
Ecological Value Quantitatively?

?
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Ecology as the 3rd ActorEconomic ValueVP
Value for 
Provider

Actor A Actor B
- Customized value

- Better output performance

- Lower risks

- …

- Customer loyalty
(-> CLTV)

- Customer insights

- Stable cash flows

- Higher margins

- …

Eco-
logy

VC
Value for 
Customer

Ecological Value Veco
ecological 

value

- reduced emission

- reduced material consumption

- more output per material

Bartels, R., & Jenkins, R. L. (1977). Macromarketing. 
Journal of Marketing, 41(4), 17–20. 
https://doi.org/10.1177/002224297704100401

https://doi.org/10.1177/002224297704100401
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Economic and Ecological Benefits per Lifecycle 
Phase Phase Economic benefits Ecological benefits

Initiate

Make targeted offers with prior knowledge
(from data) about customer needs and thus
increase sales opportunities and lower
acquisition costs.

Avoid unnecessary travel and other logistics 
costs through more targeted customer 
acquisition. 

Expand
Higher performance through targeted 
training for customers based on data, 
steeper learning curve.

Less material loss and scrap parts thanks to 
steeper learning curve. 

Stabilize

Improvement of product performance for
customers through smart services (e.g. 
condition-based or predictive maintenance, 
remote maintenance, remote monitoring) 

Less material loss and scrap parts thanks to 
optimized maintenance. Less travel to 
customers and less logistics. 

Terminate
Upgrading / lifetime extension / customer
loyalty based on information (data) about
user behavior.

increasing the lifespan of the material,

3 R-strategies (reduce, reuse, recycle)

based on: Meierhofer, J., & Stucki, M. (2022). Mit Smart Services zu mehr Nachhaltigkeit. KunststoffXtra, 2022(11–12), 54–56. https://doi.org/10.21256/zhaw-26269

https://doi.org/10.21256/zhaw-26269


data innovation alliance

Combined Optimization

B

C

A

D

possible service combinations
Pareto optimal service combinations

Customer Value (VC)Provider Value (VP)
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 (V
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D

C
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possible service combinations
Pareto optimal service combinations

Customer Value (VC)Provider Value (VP)
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A

D

ii)
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 V
al

ue
 (V
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A

B B

D

C

C

possible service combinations
Pareto optimal service combinations

based on: Meierhofer, J., & Stucki, M. (2022). Sustainable Value Optimization by Smart Services 
along the Customer Lifecycle. 5th Smart Services Summit - Smart Services Creating
Sustainability. 5th Smart Services Summit, Zürich.
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Iterative Approaches
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