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Abstract

Product management in manufacturing companies is undergoing a significant transformation. While decisions were traditionally driven by
experience and intuition, the increasing availability and variety of data is creating new possibilities for data-driven decision-making. This shift is
particularly important in the planning of data analytics to support product management tasks. Despite the growing recognition of the potential
benefits of data analytics, a systematic approach to planning its use in product management decision-making is still lacking. This paper introduces
21 design principles to guide the planning of data analytics in product management. These principles were developed through a systematic
literature review, complemented by five pilot projects with industrial companies and a focus group meeting with product management experts,
focusing on aligning analytics efforts with the needs of product management tasks. The principles offer concrete guidance to ensure actionable
and targeted data analytics. Building on these principles, a process model was derived to provide structured guidance for systematically planning
data analytics initiatives in product management. The findings provide valuable insights for organizations looking to incorporate data analytics
into their product management practices, offering guidelines for using data to improve decision-making.
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1. Introduction

Product management plays a central role as the interface
between company and market. Product managers are
responsible for recognizing customer needs, regulatory
requirements, and competitive developments, and for
translating these external inputs into internal decisions on
product strategy, development, and lifecycle management. In
this sense, product management acts as a bridge, ensuring that
market signals are effectively integrated into organizational
decision-making [17, 22, 36]. Over the past, this role has
become increasingly demanding: accelerating technological

2212-8271 © 2026 The Authors. Published by Elsevier B.V.

change, globalized competition, and rapidly shifting customer
needs place new pressures on product managers, while at the
same time requiring them to strengthen their strategic
contribution. However, in practice, product managers are still
heavily burdened with operational tasks, often face unclear role
definitions, and frequently lack access to structured, decision-
relevant information [6, 17, 34, 46]. As a result, decisions are
still too often made based on intuition or outdated assumptions
[15,42].

Data analytics has the potential to serve as an enabler in this
context: it can relieve operational workload through automation,
enhance transparency across markets, customers, competitors,
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and product usage, and support more evidence-based and
strategic decision-making [14, 43, 53]. To realize this potential,
a structured approach is needed for systematically planning data
analytics in product management.

Existing approaches provide relevant foundations but do not
sufficiently address this challenge. Comprehensive product
management frameworks, such as AUMAYR’S toolbox for
professional product management [6], the PRAGMATIC
INSTITUTE’S FRAMEWORK for product teams [41], or the VDI
4520 standards [3, 4, 5], focus on tasks, methods, and role
definitions in product management, but they do not provide an
explicit process for systematically identifying and specifying
data analytics use cases along product management activities.
In parallel, approaches from the data analytics domain, such as
HOFMANN’S method for Al use case identification [25],
MEYER’S method for planning the analysis of use phase data in
product plannig [33], or WILBERG’S process model for
developing a use phase data strategy [51], provide methods for
identifying use cases or formulating strategies but remain
detached from the specific processes and requirements of
product management. Finally, research on decision support
systems, such as SHERMAN’S business intelligence guidebook
[44] or DIENST’S feedback assistance system for decision
support for product improvements [8], lays important
groundwork for planning analytics and supporting decision-
making. However, these approaches typically neglect the
organizational context and constraints of product management.
Taken together, there is currently no approach, nor any trivial
combination of approaches, that fully meets the requirements
for systematically planning data analytics in product
management.

This paper addresses this gap by developing and evaluating
a structured process model for planning data analytics in
product management. It builds on design science research and
combines insights from literature and empirical projects with
industrial partners. The guiding research questions are as
follows:

1. What are suitable design principles for the planning of
data analytics in product management?

2. What does a structured process model for planning
data analytics in product management look like?

2. Research Design

This study follows the Design Science Research
Methodology (DSRM) proposed by PEFFERS ET AL. to develop
design principles and a process model for planning data
analytics in product management [40]. The DSRM is a widely
used methodological approach for developing and evaluating
artefacts in information systems research, and is particularly
well-suited to addressing practice-oriented research questions
(see Fig. 1).

Problem Identification and Motivation (1): One of the
main challenges in product management is the lack of
structured approaches to planning data analytics activities
systematically. Although data-driven product management is
becoming increasingly important, analytics planning is often
carried out ad hoc and without a clear objective, which leads to
underutilisation of data sources and limited usefulness of

decisions. This results in inefficiencies and missed
opportunities to leverage the full potential of data analytics in
product management.

Definition of Objectives for the Solution (2): This study
aims to address these challenges by providing structured
guidance for the systematic planning of data analytics in
product management. The objectives are as follows: Firstly, the
research seeks to derive a set of design principles that address
the key requirements for effective analytics planning in product
management. Secondly, based on these principles, a process
model is developed that operationalises them into a structured
sequence of planning steps. The overarching goal is to provide
a framework that is both practically applicable across different
organisational contexts and theoretically robust.

Design and Development (3): The development of the
design principles in this study follows the methodological
approach proposed by MOLLER ET AL., who differentiate
between a supportive and a reflective approach [35]. Both
approaches were applied in this research.

In the supportive approach, a systematic literature review
was conducted, following XIAO & WATSON [54] and
HAARMANN ET AL. [21], to identify existing insights related to
the planning of data analytics in product management. The
search strategy included the databases Scopus, IEEE, AiSel,
EBSCOhost, and ACM, using the search string: (“product
manage” OR “product planning” OR “product strateg*””) AND
(“digital*” OR “data*” OR “analytics*” OR “AI”) AND
(“decision*” OR “support” OR “feedback*” OR “information”
OR “knowledge” OR “insights” OR “learning” OR “innovation”
OR “improvement” OR “recommendation*” OR “evaluation”
OR “optimization”). The papers were reviewed independently
by four authors by title and abstract, resulting in the inclusion
of 310 out of 1451 papers for full-text review. The systematic
literature review provided the foundation for the formulation of
initial design principles.

In the reflective approach, the research team analysed five
pilot projects that aimed to implement data analytics use cases
in product management within the context of an applied
research project. Five companies participated in the research
project: an automotive supplier (7,000 employees), a
technology banking and retail firm (23,000 employees), a
commercial vehicle engineering company (6,900 employees),
an automation and electrical technology provider (8,500
employees), and a machine tool engineering company (6,800
employees). At the conclusion of the pilot projects, a workshop
was conducted in which participants were invited to address a
guiding question: “What are suitable design principles for
planning data analytics to support decision-making in product
management?” The answers provided by the practitioners were
systematically collected and translated into design principles by
the research team.

Finally, the insights from both the supportive and reflective
approaches were synthesized. The identified possible design
principles underwent a systematic process of aggregation,
leading to the identification of a set of design principles that
were both mutually exclusive and collectively exhaustive. This
process resulted in a total of 21 design principles. Based on
these principles, a process model for the systematic planning of
data analytics in product management was developed.
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Fig. 1: Research Design (adopted from Peffers et al. [40])

To strengthen its practical grounding, existing approaches to
planning data analytics use cases in product management [9,
16], which had been developed and validated within the scope
of the overarching research project, were also considered and
served as additional input for the model design. The process
model was designed collaboratively within the research team
and translates the design principles into a structured sequence
of planning steps.

Demonstration (4): The developed process model was
demonstrated and validated in the context of a focus group
meeting with participants from the five companies that had
previously participated in the pilot projects. The focus group
included 13 product management experts from the industry,
among them all project leaders of the five pilot projects. During
the session, the relevance and applicability of the proposed
process model were discussed in detail. In addition, several
artefacts that had been developed and published within the
scope of the overarching research project were mapped to the
respective phases of the process model and assessed regarding
their usefulness. The artefacts are not listed individually in the
scope of this paper, but they served as a basis for validating the
practical applicability of the model. The participants evaluated
the extent to which the model supported the systematic
planning of data analytics in product management and provided
concrete suggestions for refinement and improvement.

Evaluation (5): The process model and design principles
underwent iterative refinement to ensure practicality. This
phase entailed the modification of the results in response to the
feedback provided by the focus group, as well as the insights
derived from the pilot projects, including the clarification of
process steps and the refinement of artefacts.

Communication (6): The findings of this research are
documented in this paper and will be disseminated through
academic publication at CIRP LCE 2026. The results contribute
to academic discourse while providing actionable guidance for
practitioners in product management and data analytics.

3. Results

The following section presents the findings, starting with the
design principles, followed by the process model, and
concluding with the discussion of the results. Throughout this
section, results derived from the systematic literature review are
cited accordingly, while findings with the citation “PP” refer to
insights gathered from the pilot projects.

3.1. Design Principles

The first outcome of this research is a set of design principles
that provide guidance for the systematic planning of data
analytics in product management. These principles were
derived by combining insights from the systematic literature
review and five pilot projects, ensuring both academic
grounding and practical relevance. The final set consists of 21
design principles that are mutually exclusive and collectively
exhaustive. Table 1 provides an overview of the principles,
including a short description and their primary source of
derivation.

Table 1. 21 Design Principles for Planning Data Analytics in Product
Management

ID  Design Principles (title & description) Sources

1 Balance top-down and bottom-up approaches: To [52]
align analytics initiatives with organizational needs,
decide strategically how to combine goal-driven (top-
down) and data-driven (bottom-up) approaches, as both
offer complementary strengths.

2 Create a heterogeneous core team: To achieve [31, 49,
balanced perspectives, form a diverse team including PP]
different hierarchical levels, departments, and
disciplines. In particular, a cross-functional team from
product management, data analytics, and IT has proven
effective for aligning business needs with technical
feasibility. Securing a sponsor from executive
management is crucial to ensure support, resources, and
organizational commitment.

3 Record the status quo in PM: To capture the current PP
situation in product management, document both well-
functioning practices and existing challenges. In
addition, identify general potentials and obstacles to
provide a holistic view of the status quo as a basis for
further analytics planning.

4 Define strategic objectives for data usage at the PP
beginning: To provide clear direction and stakeholder
alignment, define at the outset what product management
goals should be supported by data analytics. This ensures
focused analytics activities and avoids diffusion of effort.

5 Identify and prioritize investigation needs: To ensure
analytics activities address the most relevant product
manager challenges, systematically identify and
prioritize investigation needs early in the process. This
directs resources toward impactful questions and
prevents irrelevant analyses.

[32,33]
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Plan long-term, start with pilot projects: To balance
ambition and feasibility, define a clear long-term
direction for analytics initiatives, but begin with pilot
projects. Iterative implementation, minimum viable
products, and feedback loops support learning,
adaptability, and continuous improvement.

Create a common understanding of product
management and its processes: To align stakeholders
and prevent misunderstandings, establish a shared
understanding of product management tasks,
responsibilities, and processes. This includes clarifying
the role of the product manager and highlighting time-
consuming PM processes to identify data analytics
potential.

Evaluate organizational maturity: Before initiating
analytics projects, evaluate the organization’s product
management capabilities. Understanding current
strengths and weaknesses enables realistic planning and
identifies areas where investments are needed.

Mark data-related aspects: To increase transparency
and focus, explicitly mark topics in product management
that are affected by the use or analysis of data. This
ensures that data aspects are considered systematically
and that their relevance is visible to all stakeholders.

Systematically identify relevant data sources: To build
a reliable basis for analytics, identify all relevant data
sources and data types, assess their relevance, and
combine them where appropriate. Create transparency
about available and missing data, and analyze access
options early to uncover potential barriers.

Systematically identify potential data analytics use
cases: To expand the value of analytics in product
management, systematically identify potential data
analytics use cases across processes. Structured
identification ensures scalability, prevents ad-hoc
initiatives, and creates a transparent basis for
prioritization and evaluation.

Ensure high data quality: To build trust in analytics
results, systematically measure data quality and ensure
consistently high data quality across all sources, since
reliable insights depend on high-quality inputs.

Ensure comparability of use cases: To enable
comparability, document use cases using a standardized
structure or template. This ensures consistency,
facilitates cross-case analysis, and improves transparency
for stakeholders.

Evaluate and prioritize use cases: To support
structured decision-making, develop clear evaluation
criteria and apply them systematically to all use cases.
Criteria such as feasibility, strategic fit, and expected
value help prioritize initiatives. Establishing a shared
understanding of these criteria among stakeholders
ensures transparency, alignment, and acceptance of the
prioritization results.

Define data flows for use cases: To ensure transparency
and efficiency in analytics, define a clear data flow for
each data analytics use case. Document how data is
collected, processed, and delivered to stakeholders.

Define simple metrics and KPIs: To reinforce the
effective use of data analytics, define clear metrics and
KPIs that are ideally directly linked to product
management goals when planning analytics use cases.
Metrics should be simple, adaptable, and actively aligned
and communicated with relevant stakeholders.

Define clear goals and boundary conditions: o prevent
scope creep and ensure alignment with strategic

[45, PP]

[24, 45,
PP]

[33, PP]

[31, PP]

[1,2, 18,
23,47,
48, 52,
PP]

[18, 52,
PP]

[19, 26,
30, PP]

PP

[9, 31,32,
38, PP]

PP

[29, 37,
39, PP]

(33]

objectives, define explicit goals and boundary conditions
at the beginning of analytics planning.

18  Determine requirements iteratively: To ensure PP
relevance and acceptance, derive requirements in close
collaboration with stakeholders and refine them in
iterative loops. Formulate requirements as precisely and
singularly as possible, focusing on the concrete questions
analytics should answer. Supporting tools can enhance
this process.

19  Present analytics results visually: To foster insight
generation, present analytics results using clear and
context-appropriate visualizations. Select visualization
types according to data characteristics and use-case
requirements, keeping them as simple and
understandable as possible.

[7,11, 15,
20,23,
27,28,
50, PP]

20  Use early mockups: To test adoption and gather user [37, PP]
feedback with minimal effort, create early mockups or

prototypes. Involve product managers in their creation to

reduce iterations and ensure relevance. Visual prototypes

also support smoother communication with other

involved departments.

21  Involve domain experts selectively: To ensure PP
comprehensive perspectives, involve domain experts and
key knowledge holders selectively in the analytics
planning process. Their expertise should be integrated for
specific questions or phases, complementing the
heterogeneous core team.

3.2. Process model

Building on the 21 design principles and the insights
generated by the research team in the field of data-driven
product management, a process model was developed. In
addition, supporting tools and solution knowledge that had been
elaborated during the research project [9, 10, 11, 12, 13, 14, 15,
16, 17] were mapped to the corresponding phases of the model.
In this paper, however, the focus is placed exclusively on the
process model, which provides structured guidance for the
systematic planning of data analytics in product management.
The model translates the principles into five phases, each with
defined tasks and corresponding results (see Fig. 2).

Initialization & Preparation (DP1-DP6), the motivation,
scope, and team setup are defined, resulting in a characterized
initial situation. In Evaluation of the Current PM Situation
(DP5-DP9), roles, capabilities, and action fields are assessed,
leading to defined PM areas of action. The Data Analytics
Potential Analysis (DP7, DP10-DP12) captures processes, IT
systems, and data types to derive potential use cases. In
Specification & Prioritization of Use Cases (DP6, DP13—
DP14), these cases are elaborated and prioritized, resulting in a
set of strategically aligned use cases. Finally, Requirements
Derivation (DP15-DP20) specifies data pipelines, objectives,
requirements, and mock-ups, providing a requirements
specification that enables the targeted implementation of
analytics use cases in product management.

4. Conclusion & Outlook
This paper presented 21 design principles and a

corresponding process model to support the systematic
planning of data analytics in product management. The
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Phases/Milestones

Tasks/Methods

Results

Characterized Initial Situation

PM Areas of Action

Use Cases for

Data Analytics in PM

e Capture motivation and boundary conditions (DP1)
Initialization & Preparation e Define team composition and scope of analysis (DP2)
o Capture the status quo in PM (DP3, DP5)
o e Define an initial target for data-driven PM (DP4, DP6)
. e Evaluate the influence and roles of product managers (DP7)
Evaluation of the e Assess current capabilities in PM (DP5, DP7, DP8)
current PM Situation e Identify areas of action for PM (DP5, DP9)
- e Adjust target definition for data-driven PM (DP6)
_ e Document PM processes along the identified areas of action (DP7)
Data Analytics e Analyze IT systems and data flows across the PM processes(DP7, DP10)
Potential Analysis e Assess relevant tools and data types in PM (DP10, DP12)
e Derive potential use cases for data analytics in PM (DP11)
e Detail the identified use cases (DP13)
Specification & Prioritization e Define prioritization criteria (DP14)
of Use Cases e Evaluate use cases according to defined prioritization criteria (DP14)
e Select strategically aligned use cases (DP6, DP14)

a Create mock-ups (DP19, DP20)

e Document the data pipeline for each use case (DP15)

Requirements Derivation e Specify the objectives and boundary conditions of the use cases (DP16, DP17)
o |teratively determine the requirements for use case implementation (DP18)
[ ]

Prioritized Use Cases

Overarching: Involve domain experts selectively (DP21)

Requirements

Fig. 2: Process Model for planning Data Analytics in Product Management

principles were derived through a combination of a systematic
literature review and five industrial pilot projects, and were
validated in a focus group with practitioners. Together, they
provide a structured foundation for aligning analytics initiatives
with the specific needs and challenges of product management.

From a practical perspective, the results offer actionable
guidance for organizations seeking to strengthen data-driven
decision-making in product management. The design principles
serve as a set of orientation rules, while the process model
translates them into a sequence of concrete planning steps,
thereby supporting both strategic alignment and operational
implementation.

The study is limited by its focus on a specific industrial
context and by the number of pilot projects included. Further
empirical investigations across a broader range of industries
and company sizes are required to test the transferability and
generalizability of the principles and the model.

Future work should therefore include extended validation
with additional industrial partners, integration with existing
product management frameworks, and the development of
digital tools to support the application of the process model in
practice.
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