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Abstract

Background: Innovation and Data Science (IDS) teams are increasingly recognized as key components
in driving technological advancements and facilitating data-driven decision-making within organizations.
These teams operate on different principles from traditional technology teams. As such, traditional
evaluation practices may not fully capture the impact of IDS teams. Therefore, there is interest in
establishing a structured approach to assess the value of these teams. By establishing a comprehensive
evaluation framework, valuable insights can be gained on project outcomes, organizational efforts, and
strategic goals.

Aim: This research aims to deliver a validated evaluation framework designed with the goal of better
understanding the impact of a project by rigorously evaluating it at both the inception of a project
and its conclusion, directly addressing three objectives: (1) to design a structured assessment tool that
captures both the value and feasibility of projects; (2) integrate an ML-based validation technique to
refine and support the assessment tool; and (3) provide visualization that supports decision making,
helping streamline future project workflows.

Materials and Methods: The research subject department is the Innovatie- en Datalab within the
Inspectie Leefomgeving en Transport, part of the Ministerie van Infrastructuur en Waterstaat in the
Netherlands. A dual-phase assessment scorecard was developed using qualitative insights and root cause
analysis guided by the design science research methodology, and then validated through a constrained
autoencoder model to optimize and confirm its structure.

Results: The final framework consists of a pre- and post-assessment scorecard structured around two
validated dimensions: Innovation and implementation. The ML approach supported by a constrained
autoencoder was able to successfully reduce responses to an interpretable 2D Innovation—Implementation
quadrant (Diamond Model), capturing pre-to-post shifts that clarified differentiation between innovation
potential and delivery feasibility. Per-question contribution analysis further validated the refinement
of the scorecard questions, and Brier-RMSE analyses indicated consistent, accurate mappings. These
insights help guide strategic decisions on choosing the right delivery tool and setting realistic expectations.

Conclusion: This research aimed to tackle the current challenges in assessing the impact of IDS teams.
To do so, a framework was tailored and thoroughly validated, using a balanced scorecard with a con-
strained autoencoder for practicality. The resulting approach bridges structured evaluation with action-
able management insights, ensuring that assessments directly inform strategic alignment. The framework
demonstrated that effective innovation endeavours require management techniques specifically adapted to
team culture and technological focus, while maintaining the flexibility necessary for creative exploration.
Ultimately, this work contributes to the growing field of innovation management.
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Chapter 1

Introduction

In today’s rapidly evolving digital era, Innovation and Data Science (IDS) teams have emerged as critical
drivers of change across industries [Kane et al., 2015]. Emerging literature underscores the growing
importance of embedded data science teams which forms the base of IDS teams to support organizations
responding to technological advancements, improving decision making, and developing new services [Luo,
2022]. Organizations across the public and private sectors are leveraging data insights, automation, and
experimental technologies to stay competitive and adapt to technological advancements [Waller and
Fawcett, 2013|. However, this comes with significant challenges concerning the strategic management of
these teams, such as those outlined by the “black box” theory of Kline and Rosenberg [1986] about the
uncertain and non-linear nature of innovation processes. To lower these risks, there is an underlying need
for developing a structured approach that can aid in systematically evaluating, selecting, and measuring
the impact of IDS projects across these teams.

1.1 Background

The rise of artificial intelligence (AI) and the increased funding towards it have accelerated the adoption
of IDS teams across the private and public sectors, to remain competitive with industry standards and
major technology companies. For example, in 2021, Al investment grew by 108%, from $32.1 billion to
$66.8 billion [CB Insights, 2021], with a projected contribution to the global economy of $15.7 trillion
by 2030 [Banerjee et al., 2023].

In the public sector, IDS teams are increasingly seen as enablers of strategic transformation, playing a
vital role beyond just experimenting with new technologies. Their role extends to addressing broader
organisational goals, such as improving oversight, enhancing decision-making, and driving policy inno-
vation. Considering their diverse capabilities, the motivation behind the establishment of these teams
also varies significantly, both in terms of the type of their innovative products and their approach. As
Hauser et al. [2006] noted, there is no one-size-fits-all approach; organisations differ widely in what they
innovate and how they do it. In public administration, this often translates into a dual mission: to
deliver operational efficiency while also generating long-term societal value. These teams have shown
the potential to not just reshape operations but also drive fundamental long-term societal benefits, e.g.,
improved decision-making through transparent and data-backed evidence. In addition, they have the po-
tential to transform digital interactions between citizens and the government while lowering operational
costs [Mergel, 2016].

Despite the benefits and steady increase in adoption of these teams [PWC Data Science Group, 2023],
many face challenges in maintaining value beyond initial pilots. History has shown that numerous
once-innovative teams eventually lose their edge, with some organizations ultimately failing altogether
[Christensen, 1997].

Without defining success metrics, evaluation criteria, or clear intake systems, teams are left to function
in an uncertain environment. According to the Global Innovation Survey by Boston Consulting Group
[2015], barriers to innovation are most often related to poor selection and implementation of concepts,
with organizational culture also cited among the top six impediments. These issues contribute to what



Mazzucato [2018] describes as an innovation imbalance, where ideas are pursued without alignment on
feasibility or value, leading to long timelines and bad execution.

Realizing innovation’s true potential requires more than technical capability; it demands strategic align-
ment, clear value assessment, and effective execution. In practice, many public sector innovation teams
struggle to meet these expectations due to foundational gaps in how innovation projects are selected,
managed, and evaluated [Organisation for Economic Co-operation and Development (OECD), 2017,
Mergel et al., 2019]. Table 1.1 below outlines the common risk traits identified during the interviews and
stakeholder sessions of this research. These findings forms the basis of the framework and are further
analysed in 3.2. These areas highlight the shortcomings in strategic alignment, evaluation, and visibility.

Unclear project value at intake

Lack of criteria to assess feasibility and viability

No clear way to match projects with Agile or traditional methods
Limited visibility of project results

No shared definition of success across projects

Weak communication of value to stakeholders

Unstructured decision-making in project selection

N S| G R o =

Table 1.1: List of risk areas

Several European institutions and organizations, since at least the 1990s [Gray, 2014], have focused on
data provision and sharing for various purposes. Specifically in the Netherlands, the Inspectie Leefomgeuv-
ing en Transport (ILT) is the legal supervisory authority under the Ministry of Infrastructure and Water
Management. It is tasked with safeguarding safety, sustainability, and confidence in domains such as
transportation, infrastructure, the environment, and housing. Within this broad regulatory scope, ILT
inspectors carry out monitoring and inspection duties in the field, assisted by the data made available
through companies and other regulated entities. However, often the data collected is too complex for
manual analysis by inspectors.

In recognition of this challenge and to uncover the potential of IDS, the ILT formed the Innovatie-en
Datalab (IDLab) in 2017. The purpose of IDLab is to strengthen the ability of the inspectorate to act as a
modern data-informed regulator by exploring innovative tools and methods. Importantly, the goal is not
to replace inspectors but to enhance their work through smart assistance tools. Since its inception, the ID
Lab has explored and tested innovative ideas such as risk-based inspection models for inland shipping,
data dashboards to aid in real-time decision-making during inspections, and tools that automatically
identify unusual patterns in environmental reports. These systems allow inspectors to focus their efforts
where they are most needed, increasing the overall effectiveness of ILT’s regulatory work. In upcoming
Chapters 2 & Section 3 we review the technologies used and examples of some projects in more depth.

Although the adoption of IDS teams has grown rapidly, the challenges in managing these efforts with
organizational goals, selecting the right projects, etc., have also persisted for a long time.

1.2 Problem statement

The core issues across innovation teams lie in how projects are selected, managed, and evaluated. This
research uses IDLab as a representative case to explore the challenges faced by the team. Although the
team is equipped with technical skills, it faces challenges in systematically demonstrating the value of its
initiatives and selecting projects that maximize strategic and social impact. Although innovation projects
are not always intended for deployment, a surprising number of IDLab initiatives end in a prototype or
exploratory stage with no clear follow-up strategy. The absence of a structured approach to assess the
project’s feasibility and strategic value early on thus makes it difficult to translate the lessons learned
and often gets lost.

Lack of clear guidance on how to assess the value of new ideas or demonstrate tangible results can
cause the team to disconnect from organizational goals, operational support, and miss opportunities for
broader impact. Based on these observations, the following problem statement is proposed.



PS: In what way can innovation teams be supported by a structured,
data-driven framework that evaluates and guides decision making at the
inception of a project?

To address the Problem Statement, we will decompose it into three tractable RQs.

1.3 Research questions

Towards answering our problem statement, we propose the following decomposition into three RQs:

RQ.1 How can structured pre- and post-assessment questions be designed for IDS teams to assess the
value, viability, and feasibility of smart technology projects?

RQ.2 How can machine learning be used to validate and improve the questions of a project assessment
scorecard?

RQ.3 How can dimensionality reduction help simplify complex project data and guide project manage-
ment decisions?

To answer these research questions, we study the IDLab as a specific case. The research assesses how
innovation projects are currently managed, and then designs a data-driven evaluation framework to
improve project intake and classification, validate the usefulness through team members interviews.

1.4 Framework Objectives

Most current innovation frameworks are either too general or designed with the private sector in mind,
with a strong focus on speed to market and return on investment [Pisano, 2015] [Goffin and Mitchell,
2016]. They offer little assistance in aligning innovation projects with more general societal goals, public
value, or guidance for early-stage decision making. Furthermore, not many frameworks provide useful re-
sources for categorising different types of projects or choosing suitable management techniques according
to project attributes.

Current frameworks are too qualitative and rigid. No integration of ML with human input. Our frame-
work helps bridge this gap by introducing a learning component that maps structured human input
(questionnaire scores) to a project typology model in a dynamic and generalizable manner. The purpose
of this research is to address these shortcomings and develop a framework to support innovation teams in
selecting, managing, and evaluating projects more effectively. To help them deliver greater value, align
with user needs, and communicate their impact more clearly.

To realise this goal, the Design Science Research Methodology (DSRM) [Peffers et al., 2007] is used to
guide the development of this framework. Given its structured approach to problem solving in information
systems, it follows a structured six-step process: (1) problem identification; (2) definition of solution
objectives; (3) design and development; (4) demonstration; (5) evaluation; and (6) communication.

This framework is designed to meet the following objectives:

e Design a Structured Project Assessment Instrument: Drive go no-go decisions by provid-
ing clear, actionable measures to evaluate the viability and feasibility by developing a scorecard
consisting of pre and post-questions.

e Ensure Consistency and Reliability in Project Evaluation: Validate and strengthen the
scorecard by applying an autoencoder-based model, improving the accuracy of the questions, and
checking whether the questions are grouped and interpreted consistently across all projects.

e Enhance Visibility of Project Outcomes: Simplify complex assessment data into interpretable
dimensions (e.g., Innovation and Implementation) and map projects within a 2D strategic quadrant,
helping teams better understand how their perception of a project compares to its actual strategic
position, spot misalignments, and tailor project management approaches accordingly.

By addressing these objectives, the framework aims to assist the team in avoiding scope creep, reducing
intake of unclear and personally-driven projects, while establishing clear assessment criteria that protect
capacity for working on the most promising work.



1.5 Overview of the thesis

In Chapter 1, we introduce the accelerating adoption of IDS teams and then narrow our focus to the
specific challenges of managing these teams within the public sector. Key issues are identified that form
the basis for our problem statement and are later decomposed into three research questions. We conclude
the chapter by outlining the three main contributions of this thesis.

The remainder of the thesis is structured as follows. Chapter 2 covers the related work & theoreti-
cal background, including types of innovation teams, workflow of these teams, and current evaluation
frameworks, followed by dimensionality reduction techniques. Chapter 3 presents the research design,
application of DSRM, and approaches to form the scorecard, are how to interpret it is described. Chap-
ter 4 reports the evaluation results, including validation with the autoencoder and pre/post scorecard
in action. The discussion in Chapter 5 interprets the findings, links them to the research questions, and
discusses implications for practice. Finally, Chapter 6 summarizes the problem statement, the approach,
the conceptual solution, and future research opportunities.



Chapter 2

Literature Review

The capability of IDS teams to explore potential applications of state-of-the-art technologies identifies
them as the leaders in driving digital transformation efforts across organizations [Konopik et al., 2022].
However, these teams are linked to several challenges [Christensen et al., 2018], of which we mention
two: (1) lack of a shared or consistent definition of innovation; (2) poor understanding of how innovation
processes unfold in practice.

First, the term “innovation” is very multifaceted, and there is no general definition [Kogabayev and
Mauziliauskas, 2017]. When not clearly understood, this leads to ambiguity around project goals, viability,
and success KPIs. Uncertainty about what is truly novel complicates the evaluation of project proposals.
In this thesis, we do not assess ideas solely based on their novelty but place greater emphasis on their
strategic fit and readiness within the organization.

Second, innovation work often tends to be messy and iterative. With uncertainties involved, it is hard
to follow a strict approach for different experiments. Critical obstacles occur during the project, such
as: technological constraints, insufficient support to innovation teams, and inappropriate evaluation
frameworks [Pisano, 2019]. Without a clear understanding of the project value at hand, teams risk
being caught in a trade-off of either rushing to deliver without validation or over-experimenting without
producing tangible results.

This chapter examines existing research and literature across four key areas: (a) characterization and
formulation of IDS, (b) life cycles of data science projects, (c) assessment practices for IDS teams, and
(d) evaluation and dimensionality reduction techniques.

These concepts are structured to address two key challenges introduced earlier and form the basis for
the analysis. These topics are critical in defining and understanding how innovation teams have evolved,
their most critical bottlenecks, and how their value can be assessed.

Section 2.1 describes the practical landscape for innovation and data science teams. It begins by cat-
egorizing various types of innovation teams (2.1.1) and then investigates the distinguishing features
of data-driven innovation teams (2.1.2). Then examines the application of IDS teams, their structure
(2.1.3), as well as the technological architecture and workflows (2.1.4). Together, these sections define
what innovation looks like in practice and highlight the differences in how teams are structured and
operate.

Section 2.2 addresses the challenges in evaluating innovation by examining existing frameworks and
methods. The subsections address both the theoretical foundation for defining innovation success (2.2.1)
and the practical evaluation and assessment frameworks (2.2.2) proposed in the literature.

In Section 2.3, we look at techniques that can transform high-dimensional datasets into lower-dimensional
representations while preserving the most relevant information, and how this can be crucial for assessing
a real-world team.

Finally, Section 2.4 summarizes the identified gaps in current approaches and emphasizes the potential
for a structured framework. These findings directly inform the design principles and objectives outlined
in Chapter 3, which uses the Design Science Research Methodology (DSRM) to guide the creation of a
practical framework tailored to the IDS teams.



2.1 Innovation and Data Science in Practice

We begin by examining innovation and data science as distinct practices, before delving into how their
convergence has resulted in a new interdisciplinary field within applied science.

Innovation teams focus on exploring and testing novel ideas that can drive systemic or organisational
change [Bason, 2018| [Kattel et al., 2020]. Often working in uncertain and complex environments using
hypothesis-driven methods to navigate strategic challenges and design novel solutions.

Data science teams, in contrast, specialize in extracting insights from data through techniques such
as machine learning, statistical modelling, and predictive analytics, these teams enable more informed
decision making, improve risk assessment, and help evaluate the impact of innovation efforts.

The core difference lies in their orientation: While innovation teams are solution-driven and forward-
thinking, data science teams are insight-driven and grounded in data analysis [Rainer Kattel, 2019].
The convergence of these capabilities forms Innovation and Data Science (IDS) teams, hybrid units
that combine exploration with analytical foundation to experiment and solve complex organizational
problems.

Therefore, this section first examines the definition of innovation and the types of innovation teams
commonly found across organizations. Then it explores the role of data-driven innovation teams as an
overarching theme, highlighting how data science capabilities are integrated into innovation practices.
Finally, it looks at their core focus areas, technological approaches, and typical workflows, providing a
foundational understanding of how these teams operate and create value in complex environments.

2.1.1 Innovation & Team Types

Innovation is a broad concept defined and applied differently across disciplines. It has evolved through
continuous contributions from early economic and social theorists, making it challenging to arrive at a
single, unified definition. Gabriel Tarde was among the first to define innovation as a socially driven
process that drives societal changes by using new tools and patterns of behavior. He also highlighted the
role of imitation in accelerating the spread of innovation, recognizing that innovation can produce uneven
benefits across social groups [Tarde, 2001]. Joseph Schumpeter advanced Tarde’s theory by linking it
directly to economic development. Schumpeter, who is also termed the “Father” of innovation theory,
emphasized the role innovation plays in generating economic growth and as a tool that improves com-
petitive advantage [Vanderburg, 2005]. Crucially, he laid a foundational distinction between invention,
i.e, the creation of a new idea, and innovation that he termed as the application of that idea to generate
economic value [Schumpeter, 1939].

IDEATE DEVELOP IMPLEMENT
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Figure 2.1: Conceptual Flow of an Innovation Team

This definition has further evolved as its application across different domains has expanded. As Fager-
berg [2005] emphasizes, the literature on innovation is scattered, reflecting its evolution across fields
such as economics, management, and public policy. O’Connor and Rice [2008] further claims that “[y]our
academic knowledge of the phenomenon is not complete.” In his study, another key concept is inno-
vativeness, which is the ongoing ability to create, test, and improve ideas, even in the face of failure.
Emphasising that it is never just about launching new products or services.

Innovation teams take on different forms and transition to different phases as shown in Figure 2.1, adapted
from the study of Du Preez and Louw [2008], ranging from an internal R&D team to cross-functional
labs or external accelerators. An effective innovation team systematically aligns with strategic goals,
fosters experimentation, manages resources and interfaces, and scales validated ideas to deliver tangible
results. Continuous learning and adaptation are essential throughout this process.
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Figure 2.2: Innovation Team’s Types

The tasks these teams take on differ, but they all share a common goal of driving sustainable and
meaningful change through collaborative efforts. Recent research has identified four common types of
innovation teams, each aligned with different goals and ways of working: Digital Enablers, Solution
Insourcers, New Business Incubators, and Joint Innovators [Bjork et al., 2023]. As seen in Figure 2.2,
these types are organized along two key dimensions: whether they focus on improving what already exists
(exploitation) or creating something entirely new (exploration), and whether they work mainly within
the organization or with external partners. For example, Digital Enablers help organizations modernize
by using technologies like Al and big data, while New Business Incubators and Joint Innovators focus
on exploring new markets or services, often in collaboration with outside actors.

Based on a similar concept, we also see the emergence of data-driven innovation (DDI) labs, a hybrid
team that integrates both exploitative and exploratory methods. These teams leverage advanced machine
learning algorithms to power probabilistic and predictive models that help organizations streamline
current operations. Their experimental capabilities and their ability to test and drive solutions that
can be incorporated into daily operations to support decision-making position them as highly valuable
[Mikalef et al., 2019] [Wamba et al., 2017]. We explore these teams in more detail in the next section.

2.1.2 Data-driven Teams

The goal of innovation, which is to generate novel ideas and propel change through creative experiments,
gives rise to the idea of data-driven teams. However, this desire for uniqueness and inventiveness con-
tinuously adds ambiguity to the innovation process. Companies usually struggle with the fundamental
questions of what they should innovate and how to approach the process most efficiently [Sgndergaard
et al., 2021].

In today’s era, nearly every aspect of our life and work continuously yields data related to our preferences,
behavior towards technologies, and services we use. As more data is made available, it also gives rise to
creative ideas to comprehend and process data efficiently, empowering organizations to better understand
customers, predict their behaviors, and tailor services that are geared to their needs. As more and more
organizations realize this, their ability to collect, analyze, and act on this data has become a cornerstone
of innovation.

This is the point at which data-driven innovation, an approach that draws inspiration and insight from



vast amounts of data from users, technologies, stakeholders, and environments, becomes essential. The
concept of data-driven teams gained traction when Davenport and Patil [2012] called the data scientist
‘the sexiest job of the 21st century,” highlighting the rise of roles focused on extracting value from messy,
unstructured datasets. By exploring these rich data streams, organizations can reduce uncertainty and
spark creativity throughout the innovation process [Luo, 2022].

Unlike traditional innovation methods that rely primarily on human intuition and expert judgment, this
approach leverages cutting-edge technologies like machine learning and data science to automatically
evaluate, validate, and generate innovative ideas. As illustrated in Table 2.1 from Luo’s study, various
approaches to data-driven innovation can be categorized based on their methodologies and application
contexts. It demonstrates how data-driven and human-social methods differ when it comes to innovation
activities like finding opportunities, evaluating them, coming up with ideas, and judging designs. On the
one hand, data-driven methods use algorithms to speed up and expand the process of creating new ideas.
On the other hand, human-centered methods focus on understanding user needs, putting themselves in
their shoes, and using what they already know [Brown, 2009] [Bjogvinsson et al., 2012].

Innovation Activity

Data-Driven Methods

Human-Centered Methods

Identifying Opportunities

- Unsupervised learning

- Analyze data and its sources
- Uncover hidden patterns

- Widen the experiment space

- Interviews

- Observations

- Identify user needs, pain points,
and challenges

Evaluating Opportunities

- Supervised learning
- Process data to rapidly assess
- Score potential solutions

- Intuition

- Qualitative assessment to inter-
pret needs and shape design di-
rection

Generating Ideas

- Generative algorithms

- Identify Patterns

- Structure datasets to build con-
cepts

- Brainstorming
- Crowd-sourcing
- Collaborative
niques.

ideation tech-

Evaluating Ideas

- Machine learning models

- User testing

- Train on previous experiments | - Feedback sessions
data to simulate or predict per- | - TIterative prototyping with
formance stakeholders

Table 2.1: Comparison of Data-Driven and Human-Centered approaches in Innovation activities

It is critical to differentiate the concept of data-driven innovation from other terms such as data-based
innovation. While data-based innovation typically focuses on leveraging data to develop new products
and deliver value directly to users, the focus here is on making the innovation process itself more data-
informed, iterative, and strategic. In this context, data is not merely used for reporting or compliance,
but as a proactive tool to identify patterns, solve problems, and guide decision making at every stage of
the innovation lifecycle [Lycett, 2013]. This approach is termed as Data Science, i.e., a multidisciplinary
field that uses data engineering, machine learning, and statistical analysis to gain valuable insights from
complicated and frequently unstructured datasets [Dhar, 2013|. The inventor of the term Data science,
D.J. Patil, also reinforces that data science emphasizes more on predictive and prescriptive modeling than
traditional analytics, which frequently concentrates on descriptive or diagnostic tasks. Many researchers
like Hayashi [1998] have also explained it as a way of thinking that uses data to analyze real-world
phenomena by combining statistics, data analysis, machine learning, and related approaches [Alzubi
et al., 2018]. When innovation teams adopt these capabilities, they can automate complex processes
and make forward-looking decisions [Cockburn et al., 2018]. This adoption is universal. For instance,
innovation teams are increasingly using operational, behavioral, and contextual data patterns to define
problems, rank opportunities, and refine possible solutions rather than depending only on gut feeling or
static planning. For example, in the public sector, past data on environmental violations or inspection
results can predict the non-compliance areas and create more informed regulatory processes. The US
Chamber of Commerce Foundation has identified four key categories of data that are key in value creation
across industries, including the government: demographic, economic, geographic, and transportation.
This study on digitalizing public services highlights the capabilities of data and how it leads public
sector innovation efforts by engaging various stakeholders, leading to improved organizational processes

10



and decision-making.

The concept of Innovation and Data Science (IDS) teams arises from the merger of the two well-
established organisational forces: innovation teams and data science teams explored in this study
above. In such teams, the exploratory competencies of innovation teams are coupled with the analytical,
problem-solving capabilities of data science, enabling the group to both envision and implement solutions
that are strategically novel and operationally viable. Through this review, we shed light on how an IDS
team functions at the intersection of an analytical mindset and iterative problem-solving, efficiently using
data as a catalyst for both operational and strategic innovation. The difference between human-centered
and data-driven approaches highlights how innovation works in complex, data-rich environments that are
constantly changing. The following section 2.1.3 expands on this fundamental knowledge by discussing
the key areas on which a data-driven team focuses and the technological strategies that allow these teams
to produce practical benefits.

2.1.3 Team Dynamics & Workflow

This section describes the structural composition and primary focus areas of Innovation and Data Science
(IDS) teams, expanding on the idea that these teams are multidisciplinary enablers for innovation [Li
et al., 2023]. IDS teams operate at the intersection of possibility and complexity, where success depends
not just on technical competencies, but on how well people understand the purpose, collaborate across
boundaries, and learn through iteration. The 5 P’s of Data Science—Purpose, Plan, Process, People, and
Performance [Richard, 2024] formed a basis for this idea. These components are essential to developing
a useful framework that can evaluate, assist, and scale innovation projects, which requires a thorough
understanding of the team’s structure and workflow.

As highlighted by Uysal [2022], the structure of IDS teams typically comprises data scientists, ML engi-
neers, domain experts, and a manager, each contributing to transforming abstract ideas into scalable and
data-driven solutions. This cross-functional composition is not incidental but essential; as emphasized
by Passi and Jackson [2018], embedding data science into organizational workflows requires effective
collaboration between team members with divergent competencies and motivation. IDS teams do not
follow a rigid structure or a top-down, bottom-up approach as several studies like Drach-Zahavy and
Somech [2001] suggest. Depending on the project’s scope and organizational procedures, the precise roles
involved may change, but they typically involve data scientists and data or machine learning engineers.
This structural flexibility, combined with their ability to manage uncertainty and use technologies, makes
them central to driving operational changes.

Based on previous studies and several industry reports, these are some of the areas that reflect how an
IDS generates value across different organizations:

e Process Improvement: Enhancing operational capabilities and driving automation (a method
by which computers carry out tasks that were previously completed by humans [Parasuraman et al.,
2000] is critical for any growing organisation.

Davenport and Kirby [2016] estimates that this transition in automation, powered by Al systems,
will be critical in supporting industries such as manufacturing, finance, and healthcare.

e Operational forecasting and Predictive maintenance: Forecasting tools for maintenance are
widely used across sectors such as manufacturing, logistics, and energy. Machine learning libraries
and time-series models become critical in predicting equipment failures or demand fluctuations,
allowing organisations to optimize inventory, workforce, and maintenance schedules [Waller and
Fawcett, 2013].

e Product Development: Data-driven teams increasingly fuel product development by turning
historical data into tailored, customer-centric solutions. Big product-based companies make use
of user-generated content, feedback loops, and product reviews. Researchers utilize these data as
they develop Neural networks to mine them and look out for hidden customer needs, which later
can be used to guide technical design choices [Luo, 2022].

e Real-Time Monitoring: Being able to gather, examine, and respond to real-time data is rev-
olutionizing a variety of industries, from manufacturing and logistics to public transport and in-
frastructure governance. According to Kambatla et al. [2014], technology like computer vision,
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real-time data analytics facilitates the quick processing of data as it is fed, flagging any discrep-
ancy and enabling organizations to react to alerts immediately. This strategy exhibits how data
can spur creativity and shorten product development cycles, and it is backed by the marketing and
design literature [Yin et al., 2021].

To support these focus areas, the diverse roles work explored earlier in the section work together to
create and execute creative solutions using data, analytics, and technology.

Workflow

The effectiveness of IDS teams is deeply tied to their ability to manage end-to-end workflows cleanly
across the data science lifecycle, right from data acquisition and exploration to model deployment and
monitoring. These workflows are not linear but iterative, requiring flexible structures that support
continuous learning and adaptation [Saltz and Shamshurin, 2016]. A typical data science lifecycle followed
by IDS teams involves six key stages: problem formulation, data collection, data wrangling, modeling,
evaluation, and deployment [Sculley et al., 2015b]. This section provides an exhaustive description of
how IDS teams work and the tools they use.

Core Technology Stack:

IDS teams rely on a modern data architecture to support the entire lifecycle of data science and machine
learning (ML) projects, which consists of a sophisticated and multi-layered technological ecosystem. From
data collection and preprocessing to modeling, deployment, and impact monitoring, their workflows cover
every stage of the data lifecycle.

Key technologies span the full data pipeline:

e Big Data Frameworks: Technologies such as Apache Hadoop and Spark enable scalable and
distributed data processing workflows [Chen et al., 2012].

e Cloud Infrastructure: Platforms such as AWS, Azure, and Google Cloud provide tailored AI/ML
environments (e.g., SageMaker, Azure ML, and Vertex AI) that enable iterative development,
scalability, and reproducibility.

e Machine learning libraries: These cloud services work with popular ML libraries (e.g., Tensor-
Flow, PyTorch) to enable end-to-end data workflows, from processing to deployment.

e Data Preparation Tools: Libraries such as pandas, Dask, and Spark DataFrames are critical for
efficient data cleaning and transformation, which is frequently cited as the most time-consuming
step in the pipeline.

Davenport and Patil [2012] famously described the data scientist as "the sexiest job of the 21st century,"
emphasizing the role’s growing importance across industries. Building big data capabilities is now widely
recognized as a driver of organizational and process innovation [Ramadan et al., 2020]. Thus, under-
standing these technologies is critical to see how innovation teams build, iterate and deploy data-driven
solutions in complex, rapidly changing environments.

Artificial Intelligence and Machine Learning:

AT and ML concepts are central to the innovation team’s work. For over 60 years, computer scientists,
engineers, researchers, students, and industry professionals have studied, implemented, and evolved
these technologies [Alzubi et al., 2018]. John McCarthy first proposed AI in the 1950s, defining it as the
science of creating machines with human-like intelligence. Al has evolved into a multidisciplinary field
that includes computer science, mathematics, psychology, neuroscience, and others [Ongsulee, 2017].

Machine learning, a subset of artificial intelligence, allows systems to learn from data without explicit
programming. It developed from pattern recognition and computational learning theory [Alzubi et al.,
2018]. ML approaches range from traditional regression and decision trees to advanced neural networks
and deep learning models.

Data Science Life Cycles:

Studies highlight that access to influential technologies is necessary, but not sufficient. Several articles
in the literature explore the importance of incorporating AI/ML into decision-making processes and
coordinating technical efforts with business or policy goals [Waller and Fawcett, 2013]. This has also
been seen by the growing investments in both infrastructure and human capabilities [Ramadan et al.,
2020].
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Effective IDS teams connect technical functions (such as data ingestion, modeling, and deployment)
with overarching innovation goals. They operate within a fundamentally different logic than traditional
IT or software development units. Their work is characterized by uncertainty, experimentation, and
iterative discovery [Ranawana and Karunananda, 2021]. Managing these dynamics requires workflows
and lifecycles that can flexibly accommodate change and learning. Traditional software development
lifecycles, such as the SDLC (Figure 2.3) involve completing each stage before moving on to the next
[Alazzawi et al., 2023]. This lifecycle has further been adapted and led to the development of more
mature and agile frameworks. For innovation-focussed projects, the linearity does not work as they
benefit more from an adaptive planning approach. Miiller and Turner [2007] emphasizes that innovation
and R&D projects require a different ownership style and hierarchy than traditional projects, such as
vision and adaptability. More recent research Lappi [2022] also demonstrates that an agile management
style is better suited to projects with fixed goals and changing priorities. In this view, innovation is
framed as a learning process, one that establishes direction while being flexible to adapt to new changes.

\ \ . \ \ \ \ Feedback,
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Figure 2.3: SDLC

While public sector teams are not frequently tasked with producing tangible business results, their
importance is key for crucial tasks like inspection and automation, which necessitate more structure in
their operations while maintaining considerable agility [McGrath, 2010]. Several data science lifecycle
frameworks exist, each providing structured yet adaptable processes. Methodologies such as CRISP-DM,
as seen in Figure 2.4, a six-phase data science lifecycle that focuses on a lot more business understanding,
are crucial when measuring progress. Similarly, OSEMN, a leaner iterative model, offers a solid structure.
Saltz and Shamshurin [2016] observe that teams frequently combine these approaches, beginning with
CRISP-DM and then adapting agile elements or inserting steps such as " Problem Framing" (i.e., Defining
the project scope) as necessary. Cockburn [2006] contends that no single method works in all situations,
so teams combine elements based on context.
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Figure 2.4: CRISP-DM Model Figure 2.5: SEMMA Life Cycle

Data science workflows focus on continuous experimentation, cycling through data, feature engineering,
model training, and evaluation in response to new insights. These projects usually have an iterative,
cross-functional workflow that differs for each team. Singla et al. [2019] investigate these differences
further, demonstrating how these practices differ between ML and non-ML teams. According to their
findings, ML teams frequently build internal components that support larger systems, whereas non-
ML teams typically develop software directly for end users. Several data science frameworks exist,
but innovation-focused data science teams rely on well-established process models when creating or
developing an AI/ML solution. Many teams use structured approaches that are comparable to popular
frameworks explored above such as CRISP-DM (Cross-Industry Standard Process for Data Mining),
SEMMA (Sample, Explore, Modify, Model, and Assess), despite variations in implementation [Amershi
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et al., 2019]. These approaches emphasize iterative feedback loops throughout the process and are
essentially data-driven, despite minor variations in their phases and terminology.

Figure 2.6 depicts a typical data science workflow adapted from Blitzstein & Pfister’s work [Mayo, 2016]
where data preparation, feature engineering, model training, and evaluation are examples of tasks that
frequently require going back and reviewing previous phases in light of new information or changing goals.
This flexibility is crucial for data-driven innovation teams because the solutions they create are usually
exploratory and flexible. Traditional software development techniques are inadequate for Al systems due
to their inherent complexity and unpredictability, which emphasizes the need for adaptable, non-linear
workflows that facilitate quick experimentation and ongoing improvement [Amershi et al., 2019].
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Figure 2.6: Blitzstein and Pfister’s Data Science Process

The literature also emphasizes on tailoring the management approach to the type of project. Mergel
[2016] and Schwaber and Beedle [2002] promote Scrum methodology for innovation projects, highlighting
the circular nature of development and stakeholders’ feedback. Whereas, traditional waterfall methods
are best suited to projects with a more linear and fixed scope that are well understood and have very
few changes. Ries [2011] Lean Startup and Blank [2013] build on these ideas, recommending hypothesis-
driven build-measure-learn cycles for uncertain ventures. Many organizations have been using hybrid
models that incorporate agile principles (frequent demo /review) along with some formal project planning.
The main takeaway is that strict plan-driven management often clashes with the exploratory nature of
innovation work.

2.2 Evaluating Innovation

Here, we introduce the concepts of value, impact, and outcomes in the context of innovation. In Section
2.2.1, we define and distinguish these terms. Section 2.2.2 discusses existing evaluation approaches and
how structured frameworks can help decision making, tracking progress, and facilitating meaningful
innovation.

2.2.1 Understanding Outcome and Value

Evaluation of results is a significant challenge and poses uncertainties across public sector innovation
teams. There is a gap in the way these teams are perceived. An innovation-driven initiative typically
requires more than seven months to progress from conception to end-user implementation. It should
be noted that learning is a significant outcome of innovation efforts; a failed experiment often yields
valuable insights that can potentially contribute to future success. Thus, it is first important to address
what value means for an innovation team and how different scholars have measured it in the past.

According to Diazbeltran [2023]’s Data Science Dynamics: Data science teams typically move from
Effort (planning, coding, data wrangling) to Outputs (models, documentation, APIs), which in turn
enable Outcomes (business decisions or product improvements), ultimately generating Impact (such as
increased revenue or reduced churn). Figure 2.7 showcases this as a sequential model, which goes from
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effort to output to outcome to impact, and provides a useful mental framework for understanding the
value chain of data science work.

Effort

Impact
Output

Outcome

Figure 2.7: Mental Model of transition from work to change

Similarly, concepts like value proposition, viability, and feasibility of an idea are essential in innovation
planning. These three lenses are specifically mentioned in design thinking literature as well [Brown,
2009|, where feasibility refers to technical and operational capability, viability is seen across business
or systemic sustainability, and desirability by the user and internal stakeholders to inspect the mission
fit. Similar to this, Osterwalder and Pigneur [2010] Business Model Canvas subtly addresses viability by
framing projects in terms of value propositions and revenue/cost structures.

However, defining value itself becomes part of the framework because public sector innovation frequently
has several non-monetary value dimensions (equity, trust, and transparency). The definition of Impact
within public-sector innovation is multifaceted (economic, social, and democratic) and changes over time,
according to the common theme. To put it briefly, research on design and business models emphasizes
how crucial it is to make these aspects clear; as a result, a structured framework ought to direct teams
in defining success criteria (metrics & KPIs) and identifying feasibility constraints at an early stage.

2.2.2 Project Evaluation Frameworks & Related Approaches

Across the private and public sectors, several R&D evaluation frameworks exist with a focus on estimating
and measuring the impact of their innovation efforts. Most of these frameworks are specific to the
structure of the organisation and its capabilities, while others are more generic. In private enterprises,
a project’s benefits are typically measured in terms of financial value [Kohli and Grover, 2012] [Davern
and Kauffman, 2000] or organizational performance (Sabherwal and Jeyaraj, 2015; Tambe and Hitt,
2012). Unseen gains, such as lower chance of reducing staff and greater innovation potential [Kleis et al.,
2012| [Otim and Grover, 2012| are often overlooked. However, innovation efforts in the public sector
generate not only the benefits mentioned earlier but also social and political benefits that add value to
the community. The different types of benefits in the public sector make it difficult to quantify benefit
targets during planning.

Corporate frameworks in the private sector, like the Ambition matrix, focus on the financial aspect,
where it identifies what are the core, distinctive transformational innovation initiatives. Based on the
same idea, Nagji and Tuff [2012] recommends a 70-20-10 split in innovation investment (70% core, 20%
adjacent, 10% transformational). This approach highlights the monetary aspect where teams must focus
on tangible benefits. This is further supported by the Theory of Constraints (TOC) by Goldratt and
Cox [1992], which talks about the organisation driving innovation by identifying the bottlenecks and
working on improving only those processes. As per Jurczyk-Bunkowska [2010], this approach ensures
that investments made to improve the identified areas will benefit the business in measurable ways.
Innovation-related solutions are also linked to improvement.

In another relevant concept, Chwastyk [2015] emphasizes the importance of evaluating innovation projects
by recognizing the unique nature of their underlying tasks and stages. Unlike standard business opera-
tions, innovation processes are distinguished by their high degree of uniqueness, uncertainty, and inter-
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disciplinarity. Each innovation initiative typically involves a non-repeatable set of tasks spread across
multiple teams and timelines, with little precedent to guide success. This complexity, characterized by
the need to balance creative ideation in the early stages with structured execution and decision-making
in the later stages. This concept requires that innovation efforts be evaluated not only for their outcomes,
but also for the structure and quality of the process.

Costs of Innovation
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Figure 2.8: Phase-based evaluation of Innovation

As seen in Figure 2.8, the author Chwastyk [2015] breaks down this dual evaluation approach (also
termed Activity-based costing) by separating the innovation process into two distinct but interconnected
stages: the front-end and the stage-gate. The Front-End focuses on ideation and concept development,
which is where the seeds of innovation are planted. Regardless of the limited information available at
this point, early evaluations are critical. The assessment focuses on the potential benefits of proposed
solutions, both tangible (e.g., cost savings, increased efficiency) and intangible (e.g., user satisfaction,
strategic alignment). Because measurable outcomes are still a ways off.

As the process progresses to the Stage gate phase, the focus shifts from abstract potential to executional
effectiveness. This stage is more structured and operational, focusing on speed, resource allocation,
and discipline of decision making. The evaluation criteria in this phase expand to include feasibility,
performance tracking, and risk management. Here, innovation is more than a concept; it is a project
that must be managed, monitored, and piloted.

These two stages, each with its own set of characteristics, priorities, and challenges, form a comprehen-
sive lens through which the value and viability of innovation initiatives can be meaningfully assessed.
In summary, modern innovation frameworks combine financial planning, human factors, and evidence.
While initial frameworks across private organisations focused on the monetary aspects, they provide
guidance on how much budget to allocate, but later research shows how a team must be assessed for
non-monetary benefits too. With a combination of these multidimensional evaluation practices, public
innovation teams can balance dollars and motivation while building up proof that their efforts have an
impact.

Assessment Scorecards for Evaluation

Assessment scorecard, a structured evaluation technique for project proposals, is proven to reduce sub-
jectivity and promote transparent decision making [Kaplan et al., 1996]. Unlike informal reviews, a
scorecard serves as an early warning system for problems and "offers a quantitative, standardized method
for evaluating projects" [Kaplan et al., 1996].

This term has been further improved and referred to as "Balanced Scorecards" which is another prominent
method widely used as a structured tool to support transparent project evaluation [Kopecka, 2015].
Cobbold and Lawrie [2002] defines it as a management tool that private or public sector companies can use
to measure the performance of their enterprises, particularly concerning the growth strategies they have
put in place. Kaplan et al. [1996] presented how scorecards can reduce subjectivity in decision-making
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by offering standardized, quantitative assessments that can be used at the inception or post-completion
of projects.

These scorecards incorporate characteristics such as strategic alignment or operational feasibility to assess
feasibility and fit with organizational goals. Recent studies [Taufik et al., 2021] also emphasize capturing
underrepresented dimensions such as user commitment, learning intent, and project maturity—factors
depending on the organisational structure, often overlooked in traditional assessments that focused solely
on technical or strategic fit. Some of the attributes that inspire the design of these scorecards are:

e Strategic fit: Alignment with organizational goals and innovation strategy.
e Feasibility: Access to the right technologies and data sources.

e Project Understanding: Expected benefit and Objective definition.

e Complexity /risk: Estimated technical or execution risk.

In the context of innovation project management, scorecards have not been explored in depth and are
often seen as ineffective due to unclear evaluation criteria and a lack of contextual relevance [Spano et al.,
2016]. Yet, in high-uncertainty environments of innovation teams, structured evaluation is still possible
if grounded in a deep understanding of team dynamics and challenges. Designing the right questions is
key to surfacing these insights and enabling more informed decision-making.

Shehnar’s Diamond Model:

Effective evaluation of innovation projects often requires multi-dimensional frameworks. Another in-
fluential approach is the Diamond Model by Shenhar and Dvir [2007] that classifies projects based on
uncertainty and expected impact. It was originally proposed in the context of project management and
innovation, and it defines four key dimensions to profile a project: Novelty, Technology, Complexity,
and Pace. Each dimension captures a critical aspect of uncertainty and challenge in the project. It can
be used as a tool to analyze the expected benefits and risks of a project and develop a set of rules and
behaviors for each type of project. Figure 2.9 shows a representation of the model in terms of innovation.

Complexity

Super High

High Risk Risk

Technology Novelty

Low Risk Medium Risk
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Figure 2.9: Shenhar’s Diamond Model

Novelty here measures how new the product or innovation is to the market or users (ranging from
incremental improvements to breakthrough innovations); Technology assesses the level of technological
readiness or newness involved (from low-tech to high-tech ventures); Complexity gauges the complexity
of the project’s scope, which often correlates with how difficult an innovation is to implement in practice.
The Pace lastly represents the urgency or time pressure for project’s completion.

While the Diamond Model uses four axes (often visualized as a radar or diamond shape) to classify
projects, many researchers and practitioners have also distilled innovation positioning into simpler two-
dimensional matrices (quadrant plots) for ease of visualization. In the next chapter, we detail how we
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adapt a similar method for the quadrant model for innovation assessment.

2.3 Dimensionality Reduction Techniques

As seen in literature on innovation evaluation frameworks, this process often involves analyzing complex
data (i.e., numerous questions or indicators/patterns) and reducing it to key factors. This section explores
key analytical techniques that support such process and assist with dimensionality reduction and pattern
recognition.

Principal Component Analysis:

Principal Component Analysis (PCA) is a widely used unsupervised dimensionality reduction method
that transforms high-dimensional data into a lower-dimensional space by identifying orthogonal directions
known as principal components, with the aim of retaining most of the original variance [Jolliffe and
Cadima, 2016b|. Originally developed by Pearson [1901] and later formalized by Hotelling [1933].

The main goal of PCA is to reduce the number of variables by projecting the original variables onto a
new coordinate system where the axes (components) are ordered by the amount of variance they explain
[Jolliffe and Cadima, 2016a]. In practice, PCA helps simplify complex datasets and is effective for
visualization, which is crucial for this research. It is frequently used in both supervised and unsupervised
learning tasks [Abdi and Williams, 2010]. However, a limitation is that the resulting components can
be linear combinations of the original variables and may include negative weights, which complicates
interpretability in certain contexts (e.g. a negative weight on a survey question is hard to explain). In
our case, applying PCA to reduce the innovation scorecard data may not be ideal, as it could produce
components that mix unrelated question categories or assign negative weights, making them harder to
interpret. Our objective instead is to group questions into clear, positive-valued dimensions that align
with meaningful and distinct innovation concepts.

Nonnegative Matrix Factorization:

To address the limitations of PCA, researchers have turned to Nonnegative Matrix Factorization (NMF),
another widely used technique for dimensionality reduction and pattern discovery. Unlike PCA, which
can produce negative values in its components and loadings, NMF factorizes a data matrix into lower-
dimensional matrices under a non-negativity constraint. , making it particularly useful in domains where
data naturally takes only non-negative values (e.g., document-term matrices, pixel intensities, or survey
responses) [Sculley et al., 2015a]. This yields a “parts-based” representation where each component
combines inputs additively and no negative weights appear. This makes NMF intensively being used
for producing interpretable, lower-dimensional representations and is often preferred over PCA when all
features are non-negative (as in survey scores) [Mihelcic and Miettinen, 2025].

In the context of innovation surveys, an NMF factor model would ensure that all question-to-factor
weights are positive, making each derived factor easier to label (e.g., a factor may represent a theme like
“technical complexity” with only contributing items and no contradictory negative signs). However, one
of the main challenges lies in its non-convex optimization objective (i.e., objective function may have
multiple local minima (or maxima), making finding the global optimum significantly more challenging
than in convex optimization), which can lead to solutions that are not globally optimal or reproducible
[Gillis, 2014]. Considering this drawback, standard NMF still does not fully meet our needs: it does not
guarantee that each survey question loads primarily onto only one latent factor (i.e., it lacks dimension
specificity). In other words, a single question could contribute to multiple factors in the NMF, blurring
the conceptual separation between innovation dimensions.

Autoencoder:

Autoencoders are a type of unsupervised learning model that aim to discover meaningful low-dimensional
representations of high-dimensional data patterns that traditional linear methods like PCA or NMF may
overlook. An autoencoder is a type of neural network that learns to compress data into a low-dimensional
latent representation and then reconstruct the original data from that encoding [Hinton and Salakhutdi-
nov, 2006b]. Unlike PCA, autoencoders are capable of modeling non-linear relationships, enabling them
to preserve more intricate structures in the data. In recent years, their application has expanded beyond
image processing and natural language understanding into domains such as public policy, innovation
analytics, and recommendation systems [[Bengio et al., 2013]. Figure 2.10 shows a typical workflow of an
autoencoder. Here, the encoder is the layer that encodes a compressed representation of the input data
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by dimensionality reduction. As data goes through the encoder layers, it is compressed by the process
of “squeezing” itself into fewer dimensions.

Next, is the bottleneck (or “code”) which contains the compressed representation of the input: this acts
as both the output layer of the encoder network and the input layer of the decoder network. Here, the
main goal of the design and training of an autoencoder to discovering the minimum number of features
or dimensions that are crucial for the reconstruction of the input data. The representation, code from
this layer goes to the decoder, which comprises of hidden layers with a larger number of nodes that or
decode the encoded representation of data, this steps is crucial as it reconstructs the data back to its
original form. This output is then compared to the “ground truth” which is basically the original input
set to measure the effectiveness of the autoencoder. One key term here is the difference between the
output and ground truth, which is called the reconstruction error.
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Figure 2.10: Workflow for Autoencoder

Variants like sparse or denoising autoencoders introduce architectural constraints that can enhance in-
terpretability and robustness, making them especially suitable when domain-specific structure or feature
disentanglement is important [Vincent et al., 2008]. Moreover, because autoencoders are trainable with
custom loss functions and regularization, they provide a flexible framework for integrating task-specific
objectives, such as preserving semantic groupings or enforcing sparsity in factor loading matrices—thus
bridging the gap between statistical learning and domain-driven evaluation models.

Evaluation Metrics in Dimensionality reduction

1. Reconstruction loss: In unsupervised learning approaches, particularly autoencoders and NMF
models, reconstruction loss serves as a key metric to understand how accurately the compressed
term holds the original input information. It quantifies the difference between the input and its
reconstruction, commonly using Mean Squared Error (MSE) or Root Mean Squared Error (RMSE).
This is crucial for validating whether the compressed latent features retain a meaningful structure
for understanding or prediction [Hinton and Salakhutdinov, 2006a].
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2. Root Mean Squared Error (RMSE): RMSE penalizes large deviations more heavily, making
it effective for models where extreme errors are undesirable. In the evaluation of innovation frame-
works or project-based forecasting, RMSE provides a quantifiable indicator of predictive quality
and accuracy of the reconstruction [Chai and Draxler, 2014].

3. Brier Score: Used to assess the accuracy of probabilistic predictions. It is particularly relevant
when models produce probability estimates for binary outcomes. As it takes into account both
calibration and refinement, the Brier score has been found helpful in policy or innovation contexts
where prediction confidence is just as crucial as accuracy. [Siegert, 2016].
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Where p; € [0, 1] is the predicted probability, and y; € {0,1} is the true label.

2.4 Gaps and Opportunities for a Framework

This review of the existing literature looked at the technology architecture, team structure dynamics,
management practices, and structural challenges that come with IDS teams in public sector. Each of
these methods provides valuable information on gaps and provides opportunities to develop a more
structured framework.

Existing research on these practices reveals a mismatch between traditional project governance models
and the exploratory and often unpredictable nature of data-driven innovation. A major case is the
absence of structured intake procedures. Without clear criteria, ideas can overwhelm teams, making
it difficult to prioritize and align with strategy [Van der Meer et al., 2021] [Kattel et al., 2018]. This
highlights the need for an initial filtering or scoring mechanism.

Another gap is a mismatch between project types and delivery models. Scholars argue that Data and
AT projects frequently necessitate iterations, ethical constraints, or adaptable governance, which rigid
IT or stage-gate processes can restrict [Zhang et al., 2020]. We also explored how overly applying agile
methodologies does not work well for all types of projects and is not a one-size-fits-all approach. This
need is seen across the final phase of projects; when they mature, their ability to evaluate becomes criti-
cal. Quinn Patton and Patrizi [2010] proposes “developmental evaluation” to handle risks and unrealistic
expectations in innovative projects. Many innovation labs lack measures for defining success metrics
beyond broad objectives, leading to poor ROI calculations, a poor indicator of team performance. How-
ever, strategic tools like the Balanced Scorecard, are known to enable both a structured intake process
and, together with the diamond model approach, can be used for visualising project positioning.

In addition, while dimensionality reduction techniques such as PCA and NMF have been used to simplify
complex project data, they often struggle to assess the nuances of innovation teams and projects. This
presents an opportunity to use constrained autoencoders, which can preserve these complexities while
mapping projects into much simpler dimensions.

In conclusion, the literature on data-driven innovation teams demonstrates established practices and
gaps. Each section explored above identifies opportunities for a structured framework that strikes a
balance between structure and flexibility, providing templates and decision guides to enhance the project
intake and assessment planning while being highly exploratory and diverse in nature of innovation work.

A clear, upfront framework will enable the team to foresee a project’s trajectory, identifying early whether
it will remain an exploratory proof-of-concept or be deployed, and also analyzing it once it is completed.
Ensuring alignment between all stakeholders on what is strategically important for the team, prioritizing
the right projects at the right time, and establishing explicit go/no-go checkpoints that protect capacity
for the most promising work. In short, knowing "where the project will land" shifts innovation from ad
hoc experimentation to a focused, value-driven pipeline that delivers measurable impact more quickly.
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Chapter 3

Methodology

In this chapter, the structured approach used to develop the framework is outlined. First, the Design
Science Research Methodology is described, followed by details about the techniques used for generating
the questions and typology classification.

3.1 Design Science Methodology

We adopted the Design Science Research Methodology (DSRM), a problem-solving paradigm that focuses
on developing and evaluating innovative artifacts [vom Brocke et al., 2020]. These artefacts include
models, algorithms, frameworks, design principles, and methodologies.

Given the applied nature of this work, which is conducted in a real-world innovation lab, DSRM was an
appropriate choice, as it emphasises problem-solving and practical relevance. The framework created by
Peffers et al. [2007] divides the research process into six stages. We incorporate all the steps from the
DSR process as shown in Figure 3.1 (adapted from Peffers et al. [2007]):

Iterations across process

Problem . .
Ernces Identification and Obj;c}we Solution Design Demenstration Evaluation Communication
Model Flow . Definition and Development
Motivation
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Figure 3.1: DSRM Model

1. Problem Identification and Motivation:
"Define the research problem and justify the value of the proposed solution”

The research began by identifying key challenges limiting the innovation team’s effectiveness, most
notably a lack of clarity about the impact of their work and the absence of a structured project
intake and management approach. Through interviews with team members and analysis of past
projects revealed a fragmented process was revealed in which innovation efforts were pursued longer
than expected, often lacked clear exit strategies or alignment with larger strategic goals. Insights
from literature also revealed key gaps in supporting the uncertain nature of innovation work. This
phase contributed to the definition of the core problem statement and revealed the importance of
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developing a framework to guide decision-making, increase visibility, and improve the long-term
value of innovation projects.

2. Define the objectives for a solution:

"Infer the objectives of a solution from the problem definition and knowledge of what is possible
and feasible”

Following the problem identification phase, and drawing on internal challenges and relevant litera-
ture, this study proposes a framework to support three critical stages of innovation work: project
selection, execution, and post-project assessment. Each phase contains elements such as clear go
or no-go criteria, success metrics, stakeholder alignment tools, and knowledge capture mechanisms.

3. Design & Development:

During this phase, the desired functionality and architecture of the artifact are determined, followed
by the creation of the artifact itself. This phase’s main output is a management framework with
components for intake scoring, execution guidance, and post-project reflection, which combines
literature insights, internal pain points, and team feedback.

4. Demonstration:

This exercise focused on using the framework to solve the problem. Following its concept, we
applied the framework to previous innovation projects to assess fit, identify gaps, and demonstrate
how it improves project focus, decision-making, and traceability.

5. Evaluation:

The evaluation determines how well the artifact supports a problem solution by comparing the
objectives to the actual results. We gathered feedback on usability and impact from team members
and leaders, and we refined framework elements to improve prioritization, structure, and learning.

6. Communication:

In this phase, the final tailored framework is shared with the IDLab team to improve their current
workflow, encourage adoption, and ensure consistent application across future projects.

Below is a breakdown of some of the key data collection and analysis techniques used to design the
scorecard, and the phase of DSRM they relate to

3.2 Scorecard Design Process

To precisely assess project viability at inception and accurately reflect on outcomes post-execution, a
systematic approach is used to generate structured questions. The method combines qualitative and
quantitative data from DSRM-driven steps, each detailed below.

In this section, we explore how each component provides essential insights that directly influenced the
development of scorecard questions.

Data Source Purpose Analytical Method

Root Cause Analysis Understand historical pain Root cause analysis (Fishbone,
points and key causes,/reasons 5 Whys)

Semi-structured Identify key challenges and Thematic analysis and coding

interviews (n = 15) success factors

Past project portfolio (n Identify recurring patterns and Pattern mapping

= 22) bottlenecks

Table 3.1: Overview of data sources, their purpose, and the analytical methods used.

3.2.1 Interviews

During the initial phase of this research, semi-structured interviews were conducted with team members
of the IDS team at the ILT, each team member specializing in AI/ML, data science, and agile method-
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ologies. All 15 members across the department, including Data scientists, engineers, and Managers, were
interviewed using a flexible question guide. In total, 15 in-depth interviews were conducted, guided by
approximately 24 open-ended questions. This semi-structured format helped strike a balance between
consistency, achieved through a predefined question guide which can be found in Appendix A, allow-
ing for probing rich, contextual details. The questions explored the experiences and motivation of the
participants when working in an exploratory setting, the specific challenges they encounter, and their
strategies to overcome those obstacles. This technique directly contributes to the identification of the
main issues and establish goals for the solution i.e. Step 1 and 2 of DSRM.

This promoted narrative responses. Follow-up questions ("How does your team adjust planning to ac-
commodate uncertainties?") resulted in concrete examples and in-depth knowledge. These conversations
also revealed a recurring pattern: individuals were highly motivated and skilled, but their working styles
differed significantly. Some preferred structured plans, while others favored spontaneous, problem-driven
exploration. This lack of alignment occasionally caused friction between vision and execution, particu-
larly when moving between the ideation and delivery phases.

Furthermore, additional team role mapping exercises were conducted to delve deeper into participants’
responses and gain a comprehensive understanding of their perspective on the team and each member’s
diverse competencies. Another theme discovered was a lack of clear user engagement. Many participants
stated that end-users were either unclear or absent entirely, particularly in early-stage proof-of-concept
projects. This limited the team’s ability to validate usefulness while also reducing stakeholder visibility.

3.2.2 Thematic Coding

Following the interviews, a thematic analysis method is used to find trends in the transcripts. All
interviews were recorded with participant consent, transcribed verbatim, and systematically coded. To
ensure clarity, we focus on capturing the essence of the text rather than a word-for-word representation.
Each phrase was assigned a short code. For example, the statement “We are given freedom, but that also
means no one is protecting us; we have to prove our worth constantly” was coded as #proving value,
capturing the team’s ongoing need to prove its worth and show its impact. Each code was categorized into
more general subthemes that were connected to important categories relevant for problem identification
and objective definition, actions related to step 1 & 2 of DSRM. Based on how frequently they occurred
and how relevant they were to the framework’s main goals, these subthemes were then either improved,
combined, or removed.

This analysis facilitates the identification of two primary dimensions: (1) the team’s perceptions of its
structure, goals, and operational approaches, and (2) systemic conflicts and barriers hindering effective-
ness. Together, these themes and dimensions provided a solid foundation for clearly defining the problem
and guiding the subsequent solution objectives. These themes are discussed in more detail in the coming
chapter and results. In Figure 3.2, the coding process adapted from [Williams and Moser, 2019] is shown.

Open Codes Categories

Lack of tracking Project Structure

Knowledge loss Knowledge

Innovation vs. Structure

User needs unclear User Focus

Team roles unclear Teamwork

Figure 3.2: Coding Process
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3.2.3 Deducing information from Interview data

The goal of this phase was to translate the insights into assessment questions, done not simply by
summarizing common problems, but by identifying which pain points must surfaced early or late in a
project lifecycle to increase project success. This is done in 3 key steps:

(A) Identifying core dimensions:

First, the entire set of codes and interviews is grouped to understand the characteristics that team
members share as the reason for project’s under-performance. This is motivated by two key dimensions:
(1) strategic misalignments in how projects are planned and executed, e.g., goal ambiguity, unclear
ownership, undefined success criteria, and project adoption; and (2) systemic conflicts that hinder project
effectiveness, such as innovation potential, learning, and reusability, short-term experimentation vs. long-
term value. These formed the conceptual backbone of the scorecard and were translated into questions
that would allow these conflicts to surface early in the project lifecycle.

(B) Mapping dimensions to codes:

Each cluster (theme) of codes within the two dimensions is further broken down into specific groups of
diagnostic gaps, i.e., the identifiable points of failure or delays that a question should address and help
surface during project inception or final review. By linking real quotes and observed working habits
(breakdown is provided in Appendix C), we turned common internal challenges into concrete questions.
This made it easier for the team to reflect on how well-structured and innovation-ready the projects are.
The table below demonstrates the complete mapping.

(C) Question Design:

Once the diagnostic gaps are defined, the next step is to translate them into questions. This step
correlates with step 3 of the DSRM, which focuses on the design and development of the artifacts. For
each dimension, the corresponding interview codes are reviewed to understand the specific challenges or
gaps the team faced. The question is designed such that it surfaces these challenges in a project setting,
either during planning (Pre) or at evaluation (Post). Later, we define what needs to be measured. For
each dimension, we ask: What would a team need to know in order to judge whether this issue is being
handled well in a project? For example:

If the challenge is “projects lack milestones,” the relevant measurement is: Is there a clear time estimation
for each phase?

Similarly, If the team struggles with “proving value,” then we ask: How significant is the expected impact
on ILT’s operations, insights, or decision-making if the project succeeds? (Where, 0 = Minimal; 5 =
Transformational). Some general rules for questions are:

e Questions must be rooted in a specific diagnostic gap/challenge, such as "redundant efforts," "lack
of ownership," or "unclear success criteria."

e They must use a 0-5 scale to make teams reflect rather than using a yes/no binary.
e Encourage conversations, scorecard sessions should lead to some dialogue and discussion.

e Differentiate between types of projects, For instance, the challenge of "unclear success criteria"
led to the question: “To what extent are success criteria loosely defined or expected to evolve
during the project?” This helps differentiate research-oriented innovation projects from those with
well-defined KPIs.

3.2.4 Root Cause Analysis

Following qualitative coding, the identified categories were then examined through a root cause analysis,
motivated by techniques such as "5 Whys." The aim was to grasp the fundamental challenges and key
causes behind them. This analysis also helps in planning what to fix and what changes to make.

This analysis helps systematically move from superficial symptoms to deeper underlying issues. Itera-
tively asking "why" enables us to identify underlying issues and trace back causal relationships [Andersen
and Fagerhaug, 2002|. With each iteration, another layer of the issue is removed, ultimately revealing a
core cause or group of causes that need to be addressed.

The detailed outcomes of the root cause analysis and how it is used are elaborated in the next chapter.
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3.2.5 Stakeholder Identification

Across the interviews, a significant portion of the research focused on mapping key stakeholders involved
in the IDLab’s overall operation. This approach primarily belongs to the first two steps of DSRM and
was crucial to better understand the current workflow, what each role entails, and how the team supports
inspectors. It also helped to define who the framework is ultimately intended to serve, both directly and
indirectly, as shown in Figure 3.3

The stakeholder mapping process was an important step in aligning the framework’s structure with
practical realities. Interviews and internal observations were used to categorize stakeholders based on
their roles, responsibilities, and proximity to the operational, managerial, and implementation aspects
of innovation efforts.

Framework Users

Davelops
Data Scientists
I ML Engineers
Framework Product / Solution
Inspectors
........ = / End Users
Manages
¢ f——uses— > "_usadny__
s, ;I:.V
Managers
Ministry
[/ Business Controller
Deploy
DevOps

Figure 3.3: Stakeholders IDLab

The three primary stakeholder groups that were identified are:

1. Core Team Members: These individuals serve as the IDLab’s operational backbone. They are the
framework’s most frequent and direct users, using it to organize their work, manage uncertainties,
and align technical progress with overall project goals. However, rather than being a homoge-
neous team, the core members bring a wide range of competencies from various technological and
disciplinary domains.

Roles in the core team are differentiated based on their technical competencies and tasks, including:
- DevOps, ICT, and Software Engineering Specialists

- AI, machine learning, and applied data scientists

- Privacy, Behavioral, and Social Data Scientists

- Traditional Data Science Practitioners

2. Project managers and Department Head: These roles are key to bridging stakeholders, managing
scope, ensuring cross-functional alignment, and advocating for the team’s achievements. They are
expected to use the framework to help make go/no-go decisions for new projects, track progress,
and provide feedback on the expected outcomes.

3. Inspectors and Ministry Stakeholders: These include domain experts, inspectors, and policy officers
from the Ministry who have an indirect impact on the outcomes of IDLab projects. Their physical
work area is different from the core team members of the IDLab. While they do not directly
interact with the framework, their expectations, feedback, and strategic needs shape how projects
are scoped and evaluated, making them indirect contributors to the framework’s success.
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3.2.6 Project Portfolio Analysis

In addition to interviews, a structured study of 22 innovation projects was conducted. These projects
ranged across domains and technologies, from AI/ML prototypes to dashboards for inspections. This
exercise looked to reveal deeper patterns by scrutinizing:

e The type of innovation the team is working on, Radical or Incremental. This helps to determine
which strategy is best suited for them.

e The maturity phase the project reached, which includes exploration, prototyping, validation, and
deployment.

e Comparisons of expected and actual timelines to identify common bottlenecks, slowdowns, and
accelerators.

e Team-level impact, considering not only the deliverables but also whether the team’s work resulted
in follow-up initiatives, knowledge reuse, or organizational change.

Each project was assessed against a consistent set of success metrics in dimensions such as value deliv-
ered, stakeholder adoption, and social impact, and analyzed using a pattern mapping approach. These
were mapped using a binary (0-1) matrix and referenced back with interview findings to ensure that
they reflected the real challenges and opportunities noted before. Recurring traits associated with ei-
ther successful outcomes (e.g., high implementation uptake, measurable savings, reusability) or project
challenges/failures (e.g., no stakeholder engagement, lack of defined success criteria) were identified.

This portfolio analysis was critical in ensuring that the framework responds not only to individual project
needs but also to support teams to work on clear, meaningful, and impact-driven projects with a better
understanding of where they’re going and how to get there. We use this concept in the design chapter
for the development of the scorecard.

Correlation Analysis: To further validate the consistency and relevance of the metric-focused di-
mensions, a correlation analysis was performed using these data from past innovation projects (See in
Appendix B). We explore the interrelationships between various project dimensions, particularly those
captured in the post-assessment phase.

3.2.7 Defining Scoring Mechanism

A 0-5 Likert scale is used to measure each question at both the start of the project (pre-project) and the
end of the project (post-project). This scale was influenced by literature on technology readiness levels
(TRL), maturity model scoring [Paulk et al., 1993], and prior evaluation frameworks in public sector
innovation and digital transformation projects. The structure ensures that responses are not random
but grounded in defined performance gradients.

Nemoto and Beglar [2014] advocates that scales with four to six points are best for balancing the accuracy
of the measurements with the ease of use for the respondents. Scales with more than six points are less
useful because they are harder for people to understand.

The six-point scale is interpreted as follows, and an example is shown in 4.4:
e 0 indicates the complete absence of the trait or an unresolved, high-risk condition.
e 1-2 represents initial, weak, or inconsistent evidence of the trait being present.

e 3 reflects a moderate, functional level, this is also the minimum threshold expected for a project
to be reasonably scoped or ready.

e 4-5 reflects a strong presence of the trait in the project’s pitch or outcome.

As described in chapter 2 on related work, where we outline the concept of innovation and data science
teams as separate entities, we break down how innovation-focused teams are characterized by their
capacity for novelty and experimentation, which we call innovation novelty. In contrast, data science or
implementation-oriented teams excel at structured execution and using data to support decision making
(traits that align with implementation readiness). This conceptual separation was further supported by
insights during interviews with stakeholders and through analysis of project portfolios. We observed
that some exploratory projects tend to fall along a spectrum: some demonstrate high, strategic novelty
but lack clear plans for completion; others show operational strength but limited strategic ambition.
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These observations highlighted the need for an assessment tool that could analyze innovation capacity
and implementation readiness independently, rather than collapsing both into a single composite score.

3.3 Dimensionality Reduction and Latent Representation

To translate high-dimensional scorecard responses into an interpretable two-dimensional space, we apply
dimensionality reduction techniques that preserve the conceptual meaning of each axis. Our aim is not
merely to compress the data, but to map each project into a space where one axis reflects its innovation
profile and the other its implementation profile.

Based on the 0-5 scoring scale of the scorecard, we aggregate 16 project features into two core conceptual
dimensions: Innovation Novelty and Implementation Difficulty. This adaptation builds on the
Diamond Model by Shenhar and Dvir [2007] (discussed in Chapter 2) and is informed by patterns
consistently observed in our historical portfolio review, interview data, and expert input from stakeholders
in IDLab.

Innovation Novelty (X-axis) Degree of novelty, ambiguity, and exploratory character of a project.

Implementation Difficulty (Y-axis) Clarity of the pathway to implementation, including planning,
data readiness, and stakeholder support.

This two-dimensional typology allows projects to be located in one of four quadrants, each representing a
qualitatively different challenge. The quadrant view supports visual profiling of project teams, identifica-
tion of strengths and weaknesses, and tracking changes in perception between pre- and post-assessments.

The subsequent subsections describe two methods for positioning projects in this quadrant:
1. A simple, transparent average method.
2. A data-driven grouped autoencoder that learns the mapping from responses to the quadrant axes.

Both methods produce Innovation (X) and Implementation (Y) coordinates for each project, but differ
in their assumptions and flexibility.

3.3.1 Average Method

As a straightforward reference method, we calculate each project’s position in the typology by averaging
responses within each conceptual group of questions. The Innovation coordinate is the unweighted mean
of all items assigned to the innovation group; the Implementation coordinate is the mean of all items in
the implementation group.

This method directly reflects the scorecard structure without any learned parameters. It serves as an
intuitive point of comparison for the more flexible autoencoder approach.

3.3.2 Grouped Autoencoder

To derive the same two-dimensional representation while allowing for more flexibility in modelling rela-
tionships between questions, we use a grouped autoencoder (GAE). This neural network compresses
questionnaire responses into a two-dimensional latent space and then reconstructs them, learning patterns
directly from the data.

The model has two components:

1. Encoder — maps the original response vector x; to a 2D latent vector h;:
h; = g(x;We)

where W, is the encoder weight matrix and g(-) is the softplus activation, ensuring non-negative
values.

2. Decoder — reconstructs the original responses from h; using the transpose of the encoder’s weights:
% = g(h,W,")

Tied weights reduce the number of parameters and improve interpretability.
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The “grouped” structure incorporates prior knowledge: each question belongs to one of the two con-
ceptual groups (innovation or implementation). A regularisation term, controlled by parameter 6, en-
courages each question to connect primarily to the latent dimension for its group. This maintains the
interpretability of the two axes in terms of the scorecard design.

The model is trained to minimise a loss combining;:
e Reconstruction error — encouraging accurate reconstruction of original responses.

e Group regularisation — encouraging alignment of feature-component connections with the prede-
fined grouping.

Once trained, the encoder outputs Innovation and Implementation coordinates for each project, directly
aligned with the conceptual axes of the typology.

3.3.3 Evaluation Measures

Two quantitative measures are used to assess the quality of the learned two-dimensional representation.

Reconstruction Error (RMSE) Let X € R"*¢ be the original response matrix and X € R"*? the
reconstruction obtained from the autoencoder. The reconstruction error is:

1 G .\
RMSE = | — > 3" (x,; - %)

i=1 j=1

Lower values indicate that the two-dimensional representation retains more of the original information.

Average Method Reconstruction For the Average method, each project’s two-dimensional coordi-
nates are computed as the mean of its innovation-group questions and the mean of its implementation-
group questions. Because the groups may have different sizes, the group means are obtained by normal-
ising once by the number of questions in each group. The reconstruction X is then formed by assigning
each project’s group mean back to all questions in that group. RMSE is computed in the same way as
above, now measuring the average deviation of each score from its group mean.

Brier Score Let y; € {0,1} be the known group label for question j and p; € [0,1] be the predicted
probability that question j belongs to the innovation group. The Brier score for a set of m questions is:

1 m
Brier = 1 — — E [ — 1. )2
rier mj:1 (yg p])

In our application, we first normalise the learned weights for each question so that they sum to 1 across
the two latent components, allowing them to be interpreted as probabilities.

Each axis (innovation and implementation) has its own Brier score, computed by taking only the questions
assigned to that axis and comparing their predicted probabilities to the “ideal” value of 1 for their own
group. For example, for innovation questions (y; = 1 for the innovation axis), y; —p; is small when the axis
assigns high probability to its own group; for implementation questions (y; = 1 for the implementation
axis), the same logic applies.

Higher Brier scores (closer to 1) indicate that the axis clearly distinguishes its intended group of questions
from the other group.

Reconstruction Error (RMSE) quantifies how accurately the autoencoder is able to recreate the original
questionnaire responses from the two-dimensional latent representation. Lower RMSE indicates greater
accuracy of compression and suggests that key information is retained.

Brier score is used to evaluate how well the model separates the two questions bags, innovation and
implementation. It checks whether the reduced data space reflects this distinction clearly, without
needing a manual threshold. Full implementation of this approach can be found on Git here [Barata].

The results and findings derived from this validation approach are detailed and discussed in the subse-
quent Results section.
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Chapter 4

Results

This chapter reports the validation and evaluation of the Project Assessment Scorecard using the GAE.
We first present the results from each method that is used to design the scorecard and then present
the refined set of questions that are produced for both the pre- and post-project scorecards, guided
by the design principles and approaches explored in Section 3.2. We then compare GAE with a base-
line average method, assess question-specific contributions, and examine the project trajectories in the
Innovation-Implementation space for both pre- and post-assessments.

4.1 Project Assessment Scorecard Design

This section presents the results of each analysis (method) and how they led to the formation of each
question on the scorecard.

1. Initial diagnosis

Root cause analysis, as shown in Figure 4.1, revealed two major bottlenecks. Each shows a blind spot
because of which projects falter, and informs the design of questions to diagnose that problem.

s

Lack of Structure for Evaluating and Managing Innovation

Projects
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-
Misalignment Between Project Type, Execution Model, and
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© clear success Agile/Scrum : project adoption and time box criterias
= o _ : reassess or pivot - il personal baby . .
© criteria defintion practices based on broaress strict decision for or exit strategies
S prog go/no-go

\ J
5 Difficult to define or measuring non-tangible (societal) impact Not checking for alignment with team capacity or value
8
Q
1
by It is unclear what issues may arise during
¥ Freedom the project, or how many experiments will be

required.

Figure 4.1: Cause analysis

(A) Lack of structure for evaluating and managing innovation projects:

This key challenge comprises three interconnected operational challenges:

e Unclear Success Definition: Making it difficult to understand project KPIs and manage it’s scala-

bility.
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e Missing Agile/Scrum: Although not a necessity, it provides a structure for innovation while being
flexible.

e Lack of standardized review processes: results in loss of knowledge built into previous projects.
(B) Misalignment between project type, execution, and stakeholder expectations:

This challenge sheds light on the difficulty in mapping the nature of the project, how they are executed,
and what stakeholders expect in terms of results. It also manifests itself in three sub-areas:

e Low managerial involvement in the early stages, especially during adoption and critical go/no-go
decisions, results in a disconnect between strategic intent and project execution.

e Project ownership has become overly personalized, with individual team members treating projects
as their own "pet project".

e No defined exit criteria, resulting in projects/experimentation with unclear boundaries for success
or discontinuation.

Two deeper underlying causes emerge through root cause analysis. First, innovation projects frequently
aim for benefits that have a non-tangible societal impact, which, as seen in Chapter 2, is difficult to
define and measure within traditional frameworks, resulting in uncertainty in planning and evaluation.
Second, teams operate within unstructured independence, resisting ideas that may hinder autonomy in
their approach towards experiments. This gives the idea that strategic value is not explicitly reviewed,
complicating planning and the expected project outcome.

These challenges lead to the core problem to tackle: the lack of a common, organized method for assessing
and directing innovation projects. Identifying causes helps map the assessment focus. For instance, many
issues in the “Lack of Structure” category, such as poorly defined success criteria or lack of a pivoting
mechanism, can be addressed by better early planning and criteria definition (PRE). For each root cause,
a corresponding diagnostic question was developed as seen in Table 4.1.

Root Cause | Frequency| Example Projects Diagnostic Need Linked Scorecard
(n=22) Impacted Identified Question(s)

Lack of goal 15 Geo Chatbot, Putin’s | Ensure project has a Are the project’s goals

clarity Shadow Fleet Risk clearly articulated explicitly defined and
Model, Manage O: objective understood by the team?
Disk

Undefined 14 GeoAl Big Bags Define what success Are there clear and

success Image Recognition, looks like before measurable success

criteria Web Scraping BRL development criteria defined prior to
100,200 — Pilot execution?

Redundancy 13 Water Quality Demonstrate added To what degree does this

or unclear Webscrape, Content value or novelty project avoid duplication

value Scrape Innovation compared to existing and offer something new
Transport solutions or needed?

Weak imple- 11 Geo-webapp Small Assess whether an Is there a clear plan or

mentation Aviation, Drone implementation path pathway toward

strategy Tracks #2 (Std Dev) exists implementation beyond

prototype stage?

Ambiguous 10 Temporal Design from | Ensure responsible Is there a clearly

stakeholder Dynamic Networks, stakeholder identified stakeholder

ownership Geo Chatbot, O: Disk | engagement and who owns or has

ownership requested the project?

Table 4.1: Root Causes Identified Across IDlab Projects
2. Framing Questions from Interview data

As explored in 3.2.2, qualitative insights from interviews revealed recurring challenges within IDlab. The
interviews were coded thematically and analyzed using an inductive approach. Rather than starting with
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predefined dimensions, the analytical process was bottom-up, allowing patterns and tensions to emerge
from the data.

Table 4.3 shows sample questions used in the final scorecard, demonstrating how they correspond to the
diagnostic gaps identified.

3. Portfolio pattern mapping

An analysis of 22 historical projects, grouped by success and failure outcomes, was conducted to identify
critical project traits that correlate with project performance. The complete mapping can be seen in
Appendix B.

This metric-based approach allowed for capturing nuances. We observed:

e Projects that aligned with ILT or ministry-wide themes (Column R: “Did the project align with
Ministry priority areas or team goals?”) were more likely to reach production or be reused (Column
L/K).

e This pattern validated a diagnostic gap identified in previous steps (projects with low strategic fit
often failed to progress).

e Leading us to design a question to ensure early alignment and avoid repeating projects that failed
due to low strategic relevance.

Correlation Analysis: The resulting correlation matrix (Appendix B) provided several meaningful
insights.

Firstly, a moderately strong positive correlation (r = 0.63) was observed between projects that had a
clear and structured planning approach and those that were completed within the estimated time from
idea to outcome. This finding suggests that projects with well-defined plans and structured execution
strategies are more likely to adhere to their timelines, supporting the inclusion of structured planning as
a key pre-assessment criterion.

Interestingly, strategic alignment showed weak negative correlations with documentation (-0.34), cost
and time savings (-0.24), and time prediction (-0.29). This indicates that while alignment with ministry
priorities remains essential, it does not inherently predict operational success and may, in some instances,
be associated with more complex or exploratory projects that pose delivery challenges.

4. Scoring

Scorecards are operationalized using the 0-5 scale both at the beginning and end of a project. The
scoring is interpreted in table 4.4. It is key to note that even though the same scoring scale is used at
both phases, the interpretation changes. For example, a score that moves from 1 to 4 suggests significant
organizational learning or successful implementation. Similarly, if a project starts at 4 and ends at 2, it
indicates a disconnect between expectations and reality. suggesting that despite initial confidence, the
project did not deliver as expected.
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Trait Being Assessed

What a 0 Means

What a 5 Means

Problem/Need Clarity

No problem identified or vague
idea

Clearly defined and  well-
understood problem or need

Strategic Alignment

Project conflicts with ILT’s mis-
sion or goals

Strong alignment with ILT’s
strategic direction

Novelty / Added Value

Fully redundant or repeating ex-
isting work

Entirely new approach or signifi-
cant improvement

Impact Potential

Minimal or unclear expected
benefit

High potential to transform op-
erations or decisions

Access to Tech/Data

No access or knowledge of needed
tools/data

Full access and readiness to use
tools/data

Innovation Level

Routine improvement

Radical or novel approach

Exit Strategy

No plan for handover, scale, or
closure

Clear exit or transition strategy
in place

Time Definition

Timeline vague or undefined

Timeline broken into clear, real-
istic phases

Level of Iteration

One-off delivery expected

Designed to evolve through mul-
tiple test-and-learn cycles

Experimentation  Open-

ness

Fixed outputs, minimal learning
flexibility

Highly exploratory, open-ended
learning path

Definition of Success

Success is emergent or undefined

Clear KPIs and success criteria
from start

Compliance / Governance

Legal or ethical risks unresolved

Fully compliant and reviewed

Readiness

Table 4.4: Scorecard traits with scale definitions.

Building on the concept of separation of questions explored in 3.2.7, each question was classified into one
of these two categories, which we call "bags". For example, questions assessing the novelty of the idea,
its potential to shift paradigms, or its alignment with long-term strategic vision were grouped under
Innovation. In contrast, items focusing on technical feasibility, rigid planning, or stakeholder alignment
were grouped under Implementation. Importantly, no item was intended to simultaneously contribute
to both dimensions.

By establishing these two “bags” of questions, the scorecard becomes more than a collection of questions;
it becomes a structured assessment tool capable of revealing not just whether a project is promising, but
in what way.

4.2 Results

4.2.1 Final Scorecards

As a key output of this research, the scorecard was created to support structured evaluation of innovation
projects. This section presents the final form of the scorecard, grounded in the iterative process defined
by Design Science Research Methodology (DSRM) as outlined in the methods 3.2. The scorecard was
then applied and validated using an autoencoder-based evaluation setup. The scorecard captures two
key dimensions:

Innovation potential: the extent to which a project introduces novel ideas or approaches.
Implementation feasibility: the perceived ease or readiness with which the project can be executed.

The scorecard supports two different critical areas for project understanding: the exploration area, which
is supported by the pre-questionnaire intended to guide evaluation at project inception, and the reflection
aspect, catered by the post-questionnaire, designed to support reflection after project implementation.

Each question was refined based on triangulated evidence from three core qualitative sources: root cause
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analysis (RCA), thematic coding from stakeholder interviews, and cross-case pattern mapping. The table
below captures the final form of these questions.

Table 4.5: Final Pre Scorecard Questions by Dimension

# | Question

1 | To what degree does this project avoid duplication and offer some-
thing new or needed beyond existing tools/processes?

Innovation | Implementation

2 | How much novelty or innovation does this project introduce to
ILT’s existing operations or knowledge base? (0 = Routine im-
provement; 5 = Radical or novel direction)

3 | Is the project expected to go through multiple development or re-
search cycles? (0 = One-shot delivery; 5 = Iterative with frequent
adjustment)

4 | To what extent is the project designed for experimentation and
iteration? (Scale: 1 = Minimal, clear outcomes | 5 = High, open-
ended exploration)

5 | Are the problem, data, and solution space well-defined and
scoped?

6 | What is the level of uncertainty or risk involved in delivering in-
tended value? (Scale: 1 = Low risk, known path | 5 = High risk,
unproven concept)

7 | How much does the project aim to generate learning that can be
shared or reused by other teams or future projects?

8 | How much of the project’s value lies in learning, discovery, or
generating new insights?

9 | To what extent does this project align with ILT’s strategic direc-
tion, goals, or organizational priorities?

10 | Is the problem or opportunity clearly defined and understood?

11 | Do we have access to the right technologies and data to implement
this solution effectively?

12 | To what extent are success criteria loosely defined or expected to
evolve during the project? (0 = Success is emergent and learning-
focused; 5 = Clear KPIs and outputs are defined)

13 | What is the level of uncertainty in integrating the solution into
existing systems or workflows? (0 = High uncertainty or major
unknowns; 5 = Integration pathways are well-understood and fea-
sible)

14 | Is the project currently in a validation phase with clear hypotheses
to test?

15 | What is the likelihood of this project producing a tangible output
or deliverable?

16 | How strong is the level of stakeholder commitment or sponsorship?
(0 = None; 5 = Strong champions with ongoing support)
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Table 4.6: Post-Project Scorecard Questions by Dimension

Innovation | Implementation

# | Question

1 | Did the project generate internal learning or insights that influ-
enced future projects or ways of working within ILT?

2 | To what extent did the project offer a novel approach or signifi-
cantly improve upon existing tools, processes, or knowledge?

3 | How innovative or original was the final approach or solution rel-
ative to ILT’s existing practices and knowledge base?

4 | Did the project involve iterative development or experimentation
over time, rather than a single fixed delivery cycle?

5 | Was the project primarily focused on open-ended exploration or
discovery, rather than predefined outcomes?

6 | Was the project designed for long-term impact or institutional
change, rather than short-term results only?

7 | Did the project result in measurable improvements or influence in
ILT’s operations, decision-making, or data capabilities?

8 | Were the original project objectives clearly defined and appropri-
ately scoped from the outset?

9 | Did the project result in a tangible output that was deployed,
adopted, or reused in other teams or contexts?

10 | Was the project primarily focused on developing a concrete solu-
tion based on a well-understood business or user need?

11 | Were the major risks and uncertainties identified and effectively

managed throughout the project lifecycle?

The final version, filled with respondents’ input, was subsequently applied in the experimental phase to
evaluate its ability to measure innovation potential and implementation readiness of projects.
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4.2.2 Dimensional Mapping and Scorecard Validation
Theta Sweep:

Before comparing the mapping methods used for validation, the GAE described in Section 3.3.2 was
evaluated across a range of 8 values to identify the value that best balances the reconstruction accuracy
(RMSE) and separation of question groups (Brier score).

Figure 4.2 shows the trade-off between RMSE and Brier score for 6 values in the range [0, ..., 1]. Higher
Brier scores indicate a better separation of Innovation and Implementation bag questions, whereas a
lower RMSE indicates a more accurate reconstruction of responses.

The results show that § = 1 provides both perfect bag separation (Brier = 1.000) and a low reconstruction
error and was therefore selected for all future experiments.

Comparison with Baseline Method:

Using 6 = 1, we begin to compare the autoencoder reconstruction quality with the simple baseline average
method described in Section 3.3.1. Figure 4.2 presents the Brier Score vs. Reconstruction Error (RMSE)
trade-off curves for both methods, separately for the pre- and post-assessment questionnaires.

Brier-RMSE Tradeoff per Questionnaire across Mapping Methods
Pre-Questionnaire Post-Questionnaire
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Figure 4.2: Brier-RMSE Tradeoff per Questionnaire across Mapping Methods

Table 4.7 summarizes the performance of our autoencoder method against the average baseline method.
We focus on RMSE value, and as seen in the figures across both, the Autoencoder achieves lower RMSE
values and outperforms the baseline in all cases. In particular, the pre-assessment RMSE improves from
1.13 (average method) to 0.84 (autoencoder), while the post-assessment RMSE improves from 0.87 to
0.813. This validates our unsupervised learning approach. By learning optimized weights from the input
questions, the model produces a more accurate and meaningful representation of projects, effectively
capturing the underlying themes.

Mapping Method | RMSE (Pre) | RMSE (Post)
Average ~ 1.132 ~ 0.872
Autoencoder ~ 0.84 ~0.813

Table 4.7: Comparison of Autencoder RMSE with Baseline
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Autoencoder Mapping and Question Contributions

Next, we analyze the per-question contribution to each bag produced by the autoencoder. In figure
4.3, each bar represents a question, and the height indicates its relative contribution to the dimensional
mapping. The color coding (red and blue) reflects alignment with either the innovation or implementation
axis, and a higher bar means the question was more significant in determining a project’s position along
that axis. It is crucial to note that the Brier score for both axes is 1.000, indicating that the forced
separation of bags was considered, confirming perfect alignment between the learned mapping and the
predefined question groupings.

Autoencoder Mapping and Question Contributions per Questionnaire
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Figure 4.3: Autoencoder Mapping and Question Contributions per Questionnaire

It conveys that questions designed for innovation predominantly contribute to the Innovation axis, and
similarly to Implementation.

Project Mapping in Quadrant

Finally, using the scores generated by the autoencoder for both pre and post scorecard, each project was
plotted within a learned 2D quadrant space (Innovation x Implementation), with arrows indicating the
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shift from pre to post evaluations (Figure 4.4).

The average shift across all projects is +0.17 in Innovation and —0.51 in Implementation, with an
average Fuclidean distance of 0.65 between the pre and post positions. We further interpret these results
in the discussion and break down what this shift reveals about the team’s evolving perception and its
implications for future projects.

Pre-Post Project Shifts in Innovation and Implementation via Autoencoder Mapping
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Figure 4.4: Project Shifts over time via Autoencoder Mapping
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Dimension Coded Themes & Diagnostic Gap Example Scorecard | Stage
Quotes Question
Project Structuring #unstructured project| No defined milestones, | To what extent are PRE
lifecycles time-boxing, or stop- | milestones, deliver-
“We’ve worked on ping criteria ables, and exit points
projects for months defined at project
without knowing start?
when to stop.”
Strategic vs. Ex- | ##diverse approaches, | Confusion between | Is the project type PRE
ploratory Tension #ex- exploratory vs user- | (e.g., exploratory vs
ploratory vs_usability| driven goals applied) clear, and is
“We call it ‘organized the approach appro-
chaos’... too much priate to this type?
user focus limits inno-
vation.”
Impact & Evaluation | #lack of impact Absence of outcome- | Are intended out- PRE +
measures based metrics and | comes and suc- POST
“We don’t have a post-hoc  evaluation | cess metrics defined
clear way to quan- practices clearly and revisited
tify success... failure post-completion?
is a success too.”
Ownership & | #autonomy without | Team autonomy with- | Are roles, responsibil- | PRE
Guardrails guardrails, out shared account- | ities, and ownership
#self sufficiency ability or explicit own- | clearly defined and
“We got an infinite ership structures aligned within the
amount of freedom. .. team?
nobody else was tak-
ing responsibility for
us.”
Intake Clarity & Role | #innovation External misun- | Has the project been PRE
Understanding understanding, derstandings about | selected based on a
#project _selection IDLab’s role; poor | clear fit with the
criteria intake filtering team’s innovation
“People think we are mandate and exper-
just data collectors. . . tise?
that’s someone else’s
job.”
Internal Alignment #cognitive diversity, | Strategic/technical/user; Were project goals PRE
#team perspectives perspectives mis- | discussed and co-
“This diversity is our aligned at the start framed across strate-
strength, but it’s gic, technical, and
hard to align.” user lenses early in
the process?
Growth Linked to | #incremental team | Organizational growth | Was the project’s POST
Value Proof growth, #prov- and resourcing tied to | value communicated
ing value showing tangible value | internally or exter-
“Every time we nally to support long-
proved value, we term investment or
asked for more peo- adoption?
ple.”
Learning & Reuse (Implied from struc- Lack of post-project | Are project outputs, POST

tural model and lack
of structured evalua-
tion)

reflection and reuse

learnings, or proto-
types documented
and available for
reuse across other
initiatives?

Table 4.2: Mapping IDLab Interview codes to diagnostic gaps & questions by project stage.
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Diagnostic Gap

Scorecard Question

Scale Type

Lack of time-boxing or mile-
stones

There’s a clear time estimation done for each
phase of the project

0 = Ambiguous — 5 =
Well-defined

Difficulty proving value

How significant is the expected impact on
ILT’s operations, insights, or decision-making
if the project succeeds?

0 = Minimal — 5 = Trans-
formational

Objective/Goal Ambiguity

How clearly defined is the problem or oppor-
tunity being addressed?

0 = Unclear — 5 = Well
articulated

Innovation misunderstood as

data support

To what extent does this project align with
ILT’s identity (strategic direction, organiza-
tional goals and culture)?

0 = Not aligned at all —
5 = Fully aligned and re-
inforces core priorities

Tension between exploration and
user delivery

Expected level of experimentation and itera-
tion?

1 = Minimal — 5 = High,
open-ended

Table 4.3: Mapping of diagnostic gaps to scorecard questions and scoring scales.
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Chapter 5

Discussion

In this chapter, we interpret the results from the Autoencoder experiments and discuss their implications
in terms of innovation project assessment and decision-making. The discussion is structured in three
phases: (1) Framework design intent and how the results support it, (2) Autoencoder-based validation
and insights, and (3) Strategic implications for innovation management. We explicitly connect the
findings with the three research questions outlined in Chapter 1 and examine how the results of the
final Project Scorecard, in combination with dimensionality reduction techniques, can guide innovation
teams.

5.1 Supporting Innovation Teams with Structured Tools (RQ1)

The overarching goal of this research was to explore how innovation teams can be supported by a
structured framework that informs decision-making across the project life cycle from inception to closure,
enhancing the team’s ability to assess the value and viability of the project and its outcome. We
are addressing a clear problem: innovation teams often make early-stage project decisions based on
subjective perception rather than structured evidence. These decisions, while strategically critical, are
often overlooked and frequently unstructured.

To address this gap, we developed the Project Assessment Scorecard, a structured tool consisting of a pre-
assessment and post-assessment scorecard. This design directly responds to the first research question,
RQ1. Its development was grounded in prior research, analysis of past projects, team member insights,
and a root cause analysis, each of which is detailed in Chapter 3.

Scorecard

The initial version of the two scorecards comprised 23 and 11 questions, respectively, which were iter-
atively refined and reduced to 16 (for pre-) based on evaluation outcomes from the autoencoder-based
validation approach. The model highlighted questions that added little value, suggesting that they could
be removed or rephrased to improve alignment across both scorecards. The final version of the two score-
cards is shown in Table 4.5 and Table 4.6. The questions were designed around four criteria: Strategic
fit, Feasibility, Project understanding, and Complexity or risk associated (explored in Chapter 2).

Each question was carefully grouped to serve a clear purpose i.e., either capturing the innovation potential
or assessing implementation readiness. We ended with 16 questions on two conceptual “bags” representing
these two strategic dimensions:

Innovation: perceived novelty, originality, and strategic value of the project.
Implementation: perceived feasibility and implementation readiness.

Autoencoder Validation

This grouping of questions was further validated via the autoencoder approach; Figure 4.3 provides evi-
dence that these groupings were meaningful. We can interpret that during pre-assessment, contribution
weights were more dispersed, indicating that respondents’ mental models did not yet fully align with
the intended separation (between innovation and implementation features at that stage), whereas, in
post-assessment: contributions became more concentrated within their assigned axes, suggesting that
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teams learned to differentiate between innovation potential and feasibility of implementation through
project experience.

This confirms that the structured bag approach is not just based on theory (conceptual clarity in mea-
surement tools is essential to ensure consistent evaluation [Mankins, 2009]) but also backed by the model’s
results, directly addressing RQ1.

Impact

Using a structured scorecard early in the project helps teams think more clearly about the core strategic
fit of their work [Spano et al., 2016]. It encourages them to consider not just what they aim to achieve,
such as exploration, novelty, or added value, but also how realistic it is to build, deliver, given the
available resources, stakeholder support, technical setup, and any legal or ethical constraints.

This framework will support teams by enabling:

1. Clearer expectation setting — Across projects, while managers have a more general goal ("this
project should help us improve customer experience"), developer teams frequently move with a
hypothesis or a set of assumptions ("if we can train this model to 90% accuracy, it should work").
Without having a structured mechanism to align both their perspectives often drift apart. The
framework encourages both parties to define success and key results in a quantifiable, mutually
understood way. By starting a conversation that brings technical viability and managerial intent
into alignment it helps teams avoid the common pitfalls of pursuing different objectives all along.
Clearly stating the expectation from the project.

2. Early discovery of blind spots — Teams often fall in love with the solutions they envision at the
beginning of a project, sometimes missing critical nuances (missing right data, ethical clearance
was missing) associated with that approach, and only discovering them later. These failures are not
unique; they occur frequently in industry pilots and innovation labs. Such "obvious-in-hindsight"
risks are brought to light earlier by the framework, which functions as a structured checklist. Teams
are prompted to pause and identify gaps that they might otherwise overlook in their enthusiasm
by asking focused questions across dimensions.

3. More grounded planning — Innovation teams operate with a lot of freedom and are often very
optimistic. Teams trust their approach to be the most novel, believing that they can create value
and scale quickly. However, this results in overcommitment, such as scheduling a project for four
months when integration alone actually takes six. By clearly linking goals across each sprint, itera-
tion, and forcing to definition of an exit strategy, the framework introduces accountability without
reducing creativity and freedom of innovation teams. It assists groups in defining the boundaries
between their desired and achievable goals. There have been promising prototypes that failed
due to ill-defined timelines and inadequate follow-up phases. This framework provides visibility
into both aspects, understanding where the project will go to plan better and also analyzing the
approach at the end of the project.

By applying the scorecard before and after the project (completion), this design of the scorecard also
enables the move from static evaluation to a reality check, helping teams reflect on expectations, adjust
plans, and track how project perceptions change over time. This shift is reflected upon in the autoencoder
results, which are discussed in the following section.

5.2 Validation and Strategic Mapping of the Scorecard (RQ2,
RQ3)

This section interprets the results from the Autoencoder validation of the project scorecard and the
mapping of projects. Section 5.2.1 compares model performance against a baseline and interprets the
results achieved (RQ2), while in Sections 5.2.2 and 5.2.3 we interpret the reduced Innovation and Im-
plementation space to understand project trajectories, question contributions, and portfolio patterns

(RQ3).

5.2.1 Method Comparison

The Autoencoder was compared against a simple average baseline to understand whether our designed
scorecard structure could be empirically validated and whether ML could offer any considerable improve-
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ments in reliability and interpretability. This directly addresses RQ2 — How can machine learning be
used to validate and improve the questions of a project assessment scorecard?

As illustrated in Methods and Results, the baseline represented the basic manual approach to interpret
scorecards, where each question within a “bag” is weighted equally and averaged to produce the X and
Y scores. While transparent, this method assumes equal item contribution and offers no means to verify
the groupings’ consistency. The autoencoder, by contrast, learns optimal weights for each question by
forcing a constraint. In this, the model doesn’t freely reassign questions; it works within the predefined
bag constraints. In turn, making sure the evaluation assesses both the model’s performance and the
framework’s grouping logic.

Performance

The Brier-RMSE trade-off curves in Figure 4.2 clearly demonstrate that the autoencoder achieves much
better reconstruction performance compared to the baseline in both pre- and post-assessment datasets.
In the pre-set, RMSE drops off from 1.13 (average) to 0.84 (GAE). In the post-set, the RMSE fell
from 0.87 to 0.813. These differences indicate that the GAE is better able to preserve the information
contained in the original question responses when compressing them into the two latent dimensions (X
and Y).

These results confirm two things. First, the scorecard grouping is consistent between projects. Because if
the predefined groupings were poorly aligned with actual patterns in the data, forcing the model to stay
within them would have caused noticeably worse reconstruction (higher RMSE) and lower association
with a particular bag. Since the performance stayed strong, it suggests the groupings are not an artificial
separation; they reflect meaningful structure in the dataset. Meaning the model could still capture
and preserve variance crucial for defining projects while respecting the Innovation /Implementation split.
This reinforces its credibility as a structured assessment tool and supports its potential for consistent
application across diverse projects.

Second, the autoencoder’s performance compared to the simple average approach highlights the value
of a data-driven approach for handling multidimensional inputs. It reconstructs better while preserving
the intended Innovation/Implementation split. This indicates that the method is not only effective at
reducing dimensionality but also in retaining the integrity of the underlying constructs, ensuring that
the compressed dimensions still reflect the bags. This preservation is essential for such an evaluation
framework, where interpretability and alignment to core dimensions are essential for project adoption.

To address the framework’s second objective, we tested consistency and reliability by comparing the
autoencoder to the simple average baseline. The strong performance under § = 1 indicates that the
scorecard captures meaningful, consistent patterns across projects. In the next section, we further
explore how the question contributions and autoencoder mappings reinforce the clarity of the Innova-
tion—Implementation groupings across both pre and post phases, supporting the scorecard’s robustness
and interpretability.

5.2.2 Autoencoder Mapping and Question Contributions

The contribution plot in Figure 4.3 shows for each scorecard, how much each question contributes to the
final X or Y score in both phases. First, since f-regularization was used as a constraint, we examine its
rationale and implications.

The decision to use # = 1 is related to the role of the simple baseline average method. However, earlier
experiments were also conducted with multiple 6 values, including § = 0.5 and 8 = 0.0.

We observed,

e In Lower 6 (e.g., 0.0-0.5): The model achieved lower RMSE in some cases, but at the expense of
conceptual interpretability. Questions began to load on both axes, while reconstruction improve-
ments were seen, but it violated the separation of innovation and implementation axes critical for
the scorecard. It would have deviated a lot from the theoretical foundation of the scorecard and
made it difficult for managers to interpret.

e § = 1: The model was forced to obey the original bag grouping, making sure it only learns the
relative importance of questions within their assigned bag. This is crucial for the baseline method.
Now, each question within a bag has equal weight, and the final score is a straightforward mean.
This makes the comparison between the autoencoder and the baseline structurally fair: (a) Both
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methods operate under the same conceptual grouping constraint. (b) Ounly difference is that the
autoencoder learns optimal weights from the data, whereas the baseline fixes them equally.

This is important because if § was relaxed, we would no longer be testing “can learned weights outperform
equal weights within the same conceptual structure?” Instead, we would just be testing a different model
structure altogether.

Interpretation

This regularization and these findings led to our actual contribution mapping. Several patterns are
evident from Figure 4.3. We interpret these by exploring two perspectives: first, what these findings
mean as a practical tool for innovation teams, and second, as a validation tool for researchers and
managers developing structured project evaluation frameworks.

First, From the practical perspective of the teams that use the framework, the contribution analysis
transforms the scorecard from a static measurement tool into an interactive diagnostic instrument. By
quantifying the influence of each question on the final Innovation (X) and Implementation (Y) scores, the
model reveals the specific levers that determine a project’s strategic position within the two-dimensional
mapping seen in the top half of Figure 4.3. This transparency allows teams to move beyond a score:
it shows which items drove their position, so they can target feasibility gaps or strengthen the value
proposition where it matters.. For example, a project with a low Innovation score can identify whether
this is driven by weak novelty in the technological approach, redundant approach, or lack of experimental
fit, each linked to specific questions in the “Innovation” bag. Similarly, a drop in Implementation score
post-assessment can be traced to elements related to operational readiness or stakeholder support, or
adoption. This interpretability directly supports the overarching goal of the framework, that is, enabling
informed and targeted decision-making at both the inception and post-assessment stages of innovation
projects.

Across the contributions observed, we also see some discrepancies. In some places, contributions were
more diffuse (suggesting less stable mental models at inception), and few questions influencing that
particular axis less than the others. Some pre-set questions contribute disproportionately (e.g. Q5, Q6 in
Innovation; Q9, Q13 in Implementation), while others show more or less equal influence. This highlights
specific items and is useful for refining the scorecard further in future iterations. In contrast, in the
post-set, contributions become very similar, suggesting that the learning during the project helps teams
distinguish more clearly between the two axes. We bind this with the actual shift observed and explore
further in 5.2.3. For researchers and managers, this change in contribution patterns can serve as markers
of maturity during project evaluation, giving teams useful feedback on their development.

Secondly, from the framework developer’s perspective, the contribution analysis serves as a quality
assurance method for the scorecard itself. As described in section 5.1, we can employ this technique to
iterate the question framing, taking away the low-contribution ones (which may be redundant, poorly
understood, or misaligned with their intended dimension). Similarly, stable high-influence questions
validate their critical applicability in defining the dimensions well, reinforcing their retention in the
scorecard. The relevance of this approach and impact is further shown at the end of section 5.2.3, where
we explore how the combination of project mapping (shift) and the question-level contributions offers a
powerful decision-support tool for innovation teams.

5.2.3 Project Trajectories Pre to Post

The last key element of the framework’s third objective is to make project traits and outcomes more
visible by mapping them into a 2D space defined by the latent dimensions of Innovation and Imple-
mentation. The pre—post trajectory plots in Figure 4.4 display the position of each project before and
after completion. Each point represents a project in the latent space, and connecting lines indicate the
direction and magnitude of change over time. Blue dot is the pre-placement, and orange signifies the
outcome.

While we explored the observed shifts in the results, the average directional movement suggests that they
are consistent across projects and large enough (mean distance = 0.65) to matter in practice, suggesting
that these movements are not just noise but reflect significant changes in how projects are perceived over
their lifecycle, or that teams are not estimating properly what/where a project entails from inception to
conclusion. We interpret these shifts through the lens of perception change documented across innovation
projects, as literature suggests this pattern is consistent with known dynamics in innovation projects
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that teams often begin with optimistic assumptions about feasibility, only to revise them downward as
practical challenges emerge [Dan Lovallo, 2003].

Because this study was based within a live operational environment of the IDLab team, the observed
pre—post project shift carries immediate organisational relevance. They are not hypothetical projections,
but instead a mirror to how the team perceives and navigates its own innovation portfolio over time.

The downward shift in implementation scores across most projects is particularly telling. It is probably
the case of optimism bias [Lovallo and Kahneman, 2003] that appears to influence responses, technical
feasibility challenges are underestimated, and are rated more generously. As projects progress, the
realities of data complexities, availability, regulatory compliance, and organisational alignment become
clearer. The drop in Implementation, thus, reflects experience-based adjustments, not necessarily project
failure.

Conversely, the slight upward drift in Innovation scores suggests that during execution, teams become
better able to articulate and defend the novelty of their work. This may be due to the refinement
of the objective, insights from prior experiments, and a proof-of-concept through early prototypes or
stakeholder feedback. For the IDS team, this is an encouraging sign that team members underestimate
how innovative something will actually end up being and overestimate how easy it will be to implement.

Example from IDLab portfolio:

Project 13: Content Scraper: Initially positioned as a High Implementation / Low Innovation initiative,
the project’s pre-assessment indicated strong delivery feasibility and a modest novelty profile. However,
post-assessment revealed a steep drop in Implementation score, moving the project toward the low—low
quadrant. This means that although it seemed simple at first, unexpected issues (like problems getting
the right data or meeting compliance rules) made it much harder to complete. The main takeaway is
that future projects like this should test technical feasibility early on to avoid nasty surprises later.

Project 7: Manage O disk (Document Categorization (NLP)): That focused on exploring NLP techniques
and categorizing documents started out strong in both innovation and implementation, and it mostly
stayed that way. Its innovation score stayed the same, and its implementation score only dipped slightly.
It stands as a positive control case within the projects tested, demonstrating how well-planned projects
from the beginning, with the right people and resources in place, can keep a project on track without
losing its innovative edge.

Similarly, other IDS teams can use this framework and the trajectory plots as a practical tool to monitor
project progress and identify potential issues early. For example, if a project’s Implementation score
shows a sharp decline, it signals the need to reassess feasibility assumptions and resource allocations
before risks escalate. Similarly, a decrease in Innovation may indicate challenges such as scope creep,
loss of originality, or a shift toward more conventional approaches. For managers, it is a means to
gain insight into the overall health of the organisation’s innovation efforts. A consistent downward shift
in implementation, for example, across projects might relate to broader capability gaps or an overly
ambitious project pipeline.

Tailoring Project Management Approaches

These shifts are also critical because they inform not just where a project currently sits, but how it
should be managed going forward. Literature in adaptive project management and innovation governance
[Cicmil et al., 2006] emphasizes that the project lifecycle must be aligned with the project core vision
and its task structure. This project-process matching also follows Shenhar and Dvir [2007]’s advice: the
life-cycle model should be chosen based on the project’s quadrant. In other words, type drives process.

Our framework operationalises this principle by suggesting predefined project management approaches
for projects that fall under the four quadrants that are visible in the plots. The justification for the
recommended approaches for the identified project types is shown in Table 5.1. The selection is guided
by project traits and supported by literature.

(1) Exploratory Research:

Projects falling under this quadrant are highly novel and expected to follow a circular and iterative
project lifecycle. With an aim to explore new technologies and methods without having a rigid and fixed
scope, the problem is not clearly defined, and the objective often changes as new information emerges.

For these types of projects, [Gothelf and Seiden, 2021| proposes a dual focus agile approach that allows
for early exploration (problem-solution fit) as well as lean validation and structured hypothesis testing.

44



This approach includes concepts like Timeboxing, low-cost prototypes, and discovery sprints that helps
to manage risk while fostering creativity.

(2) Technology Adaptation:

These project’s score highly on the implementation axis. Their primary tasks revolve around the inte-
gration and adoption of new technologies to transform the existing workflows.

Since the innovation risk is low and execution clarity is high, traditional waterfall or phase-gate models
work best, but due to the uncertain nature of data sources and frequently shifting needs it is recommended
to adopt scrum, as its iterative cycles provide structure and adaptability while still supporting efficiency,
compliance, and timely delivery [Cooper, 2007].

(3) Process Innovation:

Projects placed in this quadrant possess a good mix of both innovation and implementation traits. These
projects follows a systematic approach to novelty within established operational contexts, implementing
new ideas or method and often rethinking internal workflows. These projects evolve through iteration
but require alignment with strict operational guidelines that are more linear.

A hybrid approach is appropriate, combining Agile’s flexibility with the discipline of stage-based reviews
[Boehm and Turner, 2013].

(4) Incremental Innovation:

A project that evolves continuously while having a fixed objective falls into this criterion. These projects
aim to support existing processes or methods in place, improve performance, and maintain scalability of
the solutions. Some projects may also involve automating repetitive tasks, but they are usually short in
duration, low in risk, and have minimum overhead. For these projects, a lightweight project management
approach with quick cycles and direct ownership is ideal. Thus, we suggest Scrum, Kanban boards with
strict timelines to track progress.
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Table 5.1: Justification of tailored project management approaches

e Low novelty, high im-

plementation clarity

Documentation-
heavy, structured
delivery

Project Suggested PM | Key Characteristics Justification from Litera-
Type Approach ture
Exploratory | Agile Exploration . . . .
Research (Lean Startup, De- High uncertainty, ex- ° Mana'uglng 1nnovat10p un-
sign Thinking -+ ploratory scope certainty through itera-
Scrum) Iterative sprints, Cir- tive loops [Ries, 2011]
cular tasks e Managing ill-defined
Problem  statement problems [Brown, 2009]
loosely defined e Agile Scrum planning for
learning based projects
[Highsmith, 2004]
chilprzzlgiz ?}c:&}m [ Stage- e Well-defined scope e Stage-gate for controlled

implementation [Cooper,
1990] [Cooper, 2007]

e Scrum for rigid scope
[Highsmith, 2004]

Process In-

Hybrid Agile

Moderate uncertainty

e Hybrid models to bal-

hancements
Repeatable linear
tasks, low complexity
Focus on flow effi-
ciency

Minimal planning re-
quired

novation (Agile Delivery, ) . .
SAFe) and iteration ance agility and un-
Needs structure for certainty [Ambler and
delivery Lines, 2016]
Cross-functional co- e SAFe enables scalable co-
ordination ordination in innovation
[Suomalainen, 2016]
}Eiiir:teigflal fuin}};grévggit;?u_ Small, operational en- e Kanban emphasizes vi-

sual workflow and flow
control [Anderson, 2010]

5.3 Limitations

5.3.1 Limitations in Scorecard and Question Generation

The development of the scorecard was intrinsically shaped by the operational environment of the IDLab
team in which it was deployed. The conceptual “bags” of questions, as well as the measurement and
wording of individual questions, were informed by stakeholder interviews, and the team’s current workflow
and processes. While this ensured good contextual fit, it also introduced limited generalization of the
scorecard as the questions may not directly transfer to other organisational settings without modification.

Additionally, the composition of the question set is constrained by practical considerations, including

survey size, stakeholder interest, and willingness for assessment.

These constraints may have led to

under-representation of certain other strategic verticals (e.g., organisational readiness (ORL)), potentially

limiting the scorecard’s broader influence.

Depending on self-reported data also imposes some limitations. Scores for Innovation and Implementation

46




reflect team perceptions, which can be influenced by optimism bias, overstated novelty, and Unclear
understanding. Although the pre—post design was designed to capture directional changes and it does
mitigate some bias, the final values, however, may still carry some perception-driven deviation.

Finally, the framework validation didn’t include any formal psychometric tests to check if it measures
what it’s supposed to or if results stay consistent over time. Although we indirectly tested consistency us-
ing the autoencoder, adding traditional validation methods can help strengthen the scorecard’s reliability
even more.

5.3.2 Limitations in Evaluation Using the Autoencoder

The autoencoder used to analyze and interpret multidimensional data from the scorecard has its own set
of methodological constraints. This section examines the practical limitations of the framework.

First, the model was trained exclusively on data from the IDLab team’s portfolio, limiting its external
validity. Without retraining on more other project sets, the latent space and learned weight structure
might not generalize because they are optimized for the specific distribution of responses in this dataset.

Second, the sample size (number of projects) and project diversity (placement on quadrant) used sufficed
to demonstrate proof-of-concept, but it might be a bit modest for ML standards. This limits the statistical
power to identify other, more detailed patterns.

Third, while the choice of § = 1 successfully enforced the separation between Innovation and Implemen-
tation questions, it also constrains the model to serve and work according to the predefined conceptual
idea of the scorecard. The interpretability does appear high, but may limit the model’s ability to dis-
cover other new emerging relationships that do not align with the original “bag” definitions. highlighting

the importance of considering other strategic dimensions revealed during the pattern mapping exercises
(Appendix B).

The autoencoder is also optimized for reconstruction instead of prediction. While it does not estimate
the outcome, it does still capture structural consistency within the data. Predictive modeling could be
added to the framework to increase its usefulness in further decision support. Also, as seen previously,
because the autoencoder relies on self-reported data, it’s subject to bias.

5.4 Future Work

This section will first explore some ways to further refine the framework, and then offer ideas for ex-
panding the research into new operational contexts and applications.

5.4.1 Scorecard Design Refinements

Two major areas that can be refined in this framework revolve around the limitation of generalization of
the scorecard and developing it into a working product for the ID Lab.

Firstly, as the key future direction lies in generalising the scorecard better, so it can be applied be-
yond IDLab. The structuring of question sets and weighting could be modularised for different sectors,
project types, and team focus. Adjustment to the scorecard to accommodate the team’s technical lan-
guage and perceived organisational support would allow the framework to retain the same performance.
Enhanced by more rigorous psychometric validation tools like reliability testing, will further ensure that
the scorecard’s structure remains robust across different team/project settings.

Secondly, beyond methodological improvements, future work will also focus on translating the framework
into a functional product for the ID Lab’s operational use. The envisioned solution, prototyped during
this research (shown in Appendix D), is designed to integrate directly with the Confluence workflow.
This setup will allow project teams to complete the scorecard digitally prior to any pitch, with instant
autoencoder-based mapping, quadrant classification, and recommended project management strategies
available within the same interface. Such integration will ensure that the framework becomes not only a
research contribution but also a living decision-support tool embedded in the Lab’s innovation workflow
process.
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5.4.2 Enhancing Machine Learning Evaluation and Prediction

On the machine learning side, there is potential to extend the current autoencoder approach into a
hybrid evaluation—prediction tool. One interesting direction is to add a supervised prediction layer, such
as a linear regression model or a more sophisticated algorithm (e.g., gradient boosting, random forests),
trained on both autoencoder-derived dimensions and project metadata. This would enable the framework
not only to map Innovation and Implementation trajectories but also to predict key project outcomes
and the likelihood of achieving stated goals at the pitch.

Finally, this model can be made more powerful by expanding the dataset to include projects from multiple
teams and organisations, allowing the autoencoder to learn more general patterns while fine-tuning to
specific contexts. This can transform the scorecard to become more universal in assessing innovation,
making it much easier to apply at a larger scale.
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Chapter 6

Conclusion

This research aimed to design, validate, and operationalise a structured framework for evaluating inno-
vation projects at both their inception and their conclusion. Many existing evaluation techniques often
fail either because they’re not based on a clear, well-defined idea of what they’re trying to measure, or
because no one has properly tested whether they work in practice. Using IDLab as a case study, and
by understanding their operations and managerial needs, the framework developed here aims to address
that exact gap by focusing on two specific dimensions critical for the IDS teams. It combines a scorecard
with ML-based validation and reduction techniques to guide the team and tailor management strategies
accordingly.

To develop this framework, a design science research methodology was applied, which led to three
key components: (1) an insightful structured scorecard, (2) a machine learning—based validation and
dimensionality reduction approach, and (3) quadrant-specific project management recommendations.

The three research questions were addressed as follows:

e RQ1: How can structured pre- and post-assessment questions be designed for IDS teams to assess
the value, viability, and feasibility of smart technology projects?
This was achieved by the development of the scorecard, building around the Innovation and Im-
plementation dimensions and structuring into clear “bags” of questions. Together, we capture both
value and feasibility, providing a consistent way to assess projects.

e RQ2: How can machine learning be used to validate and improve the questions of a project assess-
ment scorecard?
The Autoencoder, with 8 = 1, showed lower reconstruction error and similar predictive performance
compared to a simple average baseline. This showed that the scorecard’s structure is consistent
and also highlighted specific questions that could be improved or deleted.

e RQ3: How can dimensionality reduction help simplify complex project data and guide project
management decisions?
The autoencoder’s 2D mapping made it possible to visualise the placements of projects, shifts in
their positioning from pre- to post-assessment. This visualization provides deeper insights at the
individual project level, which, when studied properly, reveals characteristics that can be linked to
project management approaches that best fit that project.

From a scientific perspective, this work has combined a constrained autoencoder model with a qual-
itative insight-based assessment tool, creating a clear and interpretable connection between ML tools
and established concepts in innovation management. From a more general practical standpoint, it of-
fers a ready-to-use decision-support system with a clear route to being deployed in the IDLab’s daily
operations. The framework is designed so that assessment leads directly to action, building a strong
workflow procedure that measures a project, diagnoses its strengths or weaknesses, and recommends tai-
lored management approaches. Although it was developed for a specific team, the underlying methods
can be applied more widely.

Future research could focus on adapting the scorecard for other functional departments, expanding
the dataset to support cross-team learning, and building the planned digital prototype for seamless
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integration into existing team workflows. Taken together, these steps would position the framework
not only as a solid academic contribution but also as a scalable, practical tool for managing innovation
portfolios.
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Appendix A

Interview Protocol

The first set of interviews are conducted in semi-structured individual settings, allowing open discussions
about the nature of work and existing practices in IDS teams. In total, 15 interviews were held. This
setting encouraged deeper reflection on topics and bottlenecks, while also breaking down how projects are
initiated, performed, and evaluated in terms of their value and alignment with the larger organizational
goals.

Introduction
e What is your current role and what type of projects do you typically work on?
e How did you start working on your current project?
e How would you describe your area of expertise within the team?
Project initiation and workflows
e How do new projects typically get started in the team?
e What are the main ways projects are initiated? (Personal project, user requests, data-driven ideas)
e How is a project’s value or feasibility assessed before development begins?
e Are there any formal intake or review steps you follow?
Motivation and ownership
e What motivates you personally to work on innovation or exploratory projects?
e How do you decide which projects are worth developing?
e Have there been times when a project felt too personal to let go? How do you handle that?
Success and Evaluation
e What does a “successful project” look like to you?
e Are there any defined success metrics or evaluation criteria you use?
e Do you typically know when to exit a project? How is that decided?
Collaboration
e How often does collaboration happen in projects? Do you work more individually or in pairs/teams?
e How do you share updates and get feedback from others (e.g., Managers, Paul, or Stephanie)?
e Is there any informal or formal accountability structure?
Project Management Practices
e Do you follow any kind of project planning methodology (e.g., Kanban, Scrum)?

e How do you feel about introducing more structured tools like roadmaps or time-boxed sprints?
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e Do you have regular check-ins or defined phases for every project? Does it feel restrictive and why?
Innovation and Project types

e Do you see different projects, some more experimental/innovation projects, and others more
implementation-focused work?

e Is it helpful to categorize projects and define goal /results prior?
e What kind of structure (if any) would help innovation projects succeed without reducing flexibility?
Challenges and Gaps

e What issues currently hold projects back in terms of projects being adopted (selected) or measured
(success)?

e If you could improve something about how the team manages its innovation projects, what would
it be?
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Appendix B

Questions mapping with sources

Project Pattern Mapping

This step aims to assess the historical innovation portfolio against a consistent set of success metrics in
dimensions such as value delivered, stakeholder adoption, social impact, and progress in terms of scaling.
The analysis is implemented as a pattern mapping exercise: Fach project is tested and assigned to its
appropriate life cycle phase (Experimentation, Prototype, Pilot, or Usage) based on the observed results,
as illustrated in Figure 4.3

*All the data is from confluence

. Experiment phase
Red: Prototype phase
Blue: Pilot phase
Green: Production

Figure B.1: Product Maturity Phases — IDLab

Every project from the IDlab portfolio was compared against a set of success criteria to identify patterns
and characteristics (scored in binary yes/no) of what makes a project successful, scalable, or impactful.
The metrics and questions associated with them to identify are:

Implementation Success
e Deployment status: Was the project delivered into production or operational use?

e User adoption rate: Are end-users actively using the solution or insights produced?
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e Reuse: Has the tool, model, or method been reused in other teams or projects?
e Documentation quality: Does it have usable documentation for others to pick up?
Business Value and Strategic Impact
e Decision support: Did the output inform or shape any real business or policy decisions?
e Cost/time savings: Was there measurable reduction in time, effort, or cost?
e Process improvement: Did it automate or simplify a previously manual or complex process?
e Alignment with ministry/team priorities: Did it contribute to a recognized strategic objective?
Learning and Success
e Knowledge creation: Did it produce internal learning (e.g., methods, pipelines, experiments)?
e Novelty: Was the approach, model, or data use novel compared to ILT’s standard practices?
e Scalability: Can the outcome or approach scale to other domains or units?

e Documentation of failures/lessons: Are learnings from unsuccessful or exploratory paths docu-
mented?

Project Management and Process
e Time to outcome: Was the work completed in a timely manner compared to expectations?

e Defined scope and Definition of Done (DoD): Was there a clear definition of done or evaluation
criteria up front?

e Iteration quality: Did the project improve through feedback loops or prototyping?

e Stakeholder engagement: Were stakeholders involved throughout (not just at the end)?

e Exit strategy used: Was there a structured process for stopping or pivoting if needed?
Long-Term Impact and Sustainability

e Sustained usage or value: Is the output still in use or producing value after project close?

e Internal influence: Did the project shift thinking or routines within the team/org?

e External recognition: Has the project been referenced or reused by other ministries or partners?

A 8 c o € F 19 " ' 3 K L u N o 3 Q R s
Did the project | Did the project|  Were the Were Are end-users | Did the project | Did the project | Did the project| Doesthe | Hasanypartof| Wasthe | Wasthetime | Were any project| Did the project i j Was the
transition | inform any key | results stakeholders | activelyusing | lead to replaceor | leadtothe | projecthave | thetool, project | from ideato etri follow a withData | align with problem
successfully | decision-makin | actionable for | actively engaged | the solution or | measurable | automate any | creation of clear method,or | deployedinto | outcome | definedforthe | longterm | standardized | availability? | Ministry | statementor
Project Name fromresearch | g?Any | stakeholders or| throughout the | outputofthe | cost ortime manual 3 ion| process been i within | project? ADoD| impactor | structure or priority areas | research
to actionable | decision-maker | project lifecycle? | project? savings? processes? | models, or | for knowledge |reused in other| active use? | estimated time ? sustained project orteam goals? | approach
implementatio |  business ? internal sharing? projects? agreed on? change? | management novel?
insight? learning? process?
Noise Pollution Web Scrape  No. No Yes Partial No No No Yes No No No No No No No Yes. Yes Yes
Sight Line Model Applied in
Practice Yes. Yes. Yes Yes Yes Yes. Yes. Yes Yes No Yes. Yes Yes Yes Yes. No Yes Yes
Detecting Std Dev in Drone
Tracks. No No Partial No No No No Yes No No No No Yes Partial No No Yes Yes
Inland Ship Degassing
Detection No Yes No No No No No No Yes No No No Yes No No No Yes Yes
ABM for Nanomaterials No No No Yes No No No Yes No No No Yes No No Partial No Yes Yes
Drinking Water & Legionella
Pilot #1 No No No Yes No No No Yes No No No No Yes No Partial Yes Yes Yes
Manage O\ Disk Yes. Yes. Yes Yes Yes Yes. Yes No No Partial No Yes Partial No Yes Yes
Putin's Shadow Fleet Risk
ol No No Yes Partial No No Partial No No No No No No No Yes Yes
Web scrape water qualiy  No No No No No No No Yes No No No Yes No No No No Yes Yes
Detecting Std Dev in Drone
Tracks #2 No No No No No No No Yes No No No No Yes Partial No No Yes Yes
Geo-webapp Small Aviation No. No No Yes No No No Yes No Yes. No No No Partial No No Yes Yes
NLP pipeline Yes. No No No Yes Yes. Yes. Yes Yes Yes. Yes. Yes Yes Yes No No No No
Geo Chatbot No No Partial Yes No No No Yes Yes No No Yes No No Partial Yes No Partial
Content scrape innovation
transport No No No No No No No No No No No No No No No No No No
GeoAl Kickstart: Big Bags
Image Recognition Yes. Yes Yes Yes No No Yes Yes Yes Partial Partial Yes No Yes No No Yes Yes

Web scraping Supervision of
BRL 1007200 companies (Air
conditoning services) - Pilot  Yes Yes. Yes Yes Partial No Yes. Yes Yes No No Yes Yes No No Yes. Yes Yes

Temporal design choices for

feature engineering from
dynamic networks No No No No No No No Yes Yes Yes. No Yes No No No No No Yes
Geo Webapp Schiphol TMA

Vertical Deviations No Partial No Yes No No Partial Yes No No No Partial No No Yes. Yes Yes
Shipbreaking Model Partial Yes Partial Yes No No Partial Yes Yes No No No Partial No Yes Yes Yes

Figure B.2: Portfolio Analysis - Pattern Mapping
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Correlation Matrix

Did the project lead to measurable cost or time savings?

Does the project have clear documentation for kOwledge sharing? -

Was the time from idea to outcome within estimated time agreed on? -

Any challenges with Data availability?

Did the project align with Ministry priority areas or team goals?[]

Did the project lead to measurable cost or time savings?

Does the project have clear documentation for kOwledge sharing?

Was the time from idea to outcome within estimated time agreed on?

Figure B.3: Correlation Matrix - Questions Project Mapping
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Appendix C

Codebook

Table C.1: Codebook

Code Group

Code

0
o

Q
o

Team Identity & Origin

Origin of ID Lab as a data-driven shift

Incremental team growth based on proven value

Proving value under autonomy

Scaling introduces scrutiny

= =] =] =

Processes

Lack of project tracking

_
ot

Potential for lightweight agile adoption

No defined roles or process lead

©| oo

Stand-ups and retrospectives not used

[t
w

Organizational Culture

Freedom and responsibility tension

[\

Resistance to structured project management

[t
o

Risk-averse culture focused on avoiding publicity

Theory over execution / implementation resis-
tance

=W N ]| O O 0O | = = =

—_| =

Scaling impact causes external pressure

Innovation Culture

Freedom vs. discipline tension

Projects drifting from original pitch

No pressure to deliver

Interdepartmental  Pro-

cesses

Agile methods used in other teams

W| W[ | S|

| W wf oy =

Stronger success measurement in other teams

Structured project phases comparison
Scrum adoption and Deciated roles

= DN N

Knowledge & Learning

Failure is success

—
S

No central repository for lessons learned

Knowledge loss across transitions

New ideas emerge from building

Project Management &
Structure

Missing exit strategy and timeboxing

DN Q| O O DN N N

DO DO Qo W~

No clear milestones or success criteria,

Overextended projects without review

Failure to reassess direction

Lack of project tracking

Project Intake & Selection

No formal intake process

Unstructured project selection

Balancing innovation vs. demand-driven work

| | O = = = o

T Oy O = =] =] DN

Need for smart backlog

4

3

Continued on next page
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Table C.1 — continued from previous page

Code Group

Code

Team beliefs w.I.t
Projects

Project initiation based on stakeholder balance

Innovation mandate — avoiding repetitive tasks

Technology exploration for learning

Avoiding misuse of team expertise

Exploratory work accepted as valid mode

User vs innovation tension

Balancing short and long term projects

Project Lifecycle & Man-
agement

No defined success metrics

| =] = =] = ==

af = =] =] =] ==

Lack of exit strategy

Informal transition between phases

Need for timeboxing

Team Dynamics

Diverse approaches and team perspectives

Need for defined roles

Lack of accountability

Managerial involvement in project selection

User-Centricity

Gap in understanding user needs

Need for user validation during pilots

Not all projects need user focus

Impact & Metrics

Lack of explicit success metrics

Incremental societal progress emphasis

Challenges of measuring impact

Metrics misuse danger

Misalignment with end-user effort

== =] =] = DN O O QO i O = WO | O

=== = =2 RO ] OY DO W W = N o

Gr = The total number of times the code has been applied
Co = The number of interviews the code surfaced in
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Axial Codes: Categories
Lack of project tracking

Selective: Themes

Missing exit strategy

Project Management &
Structure
No clear milestones

Projects drifting from pitch

Knowledge loss across
transitions

Scorecard Dimensions

No central repository

Knowledge & Learning

—»| Project Clarity & Direction

Failure is success
Knowledge Capture &
Learning

Gap in understanding users ——

—>| User & Stakeholder Value

Need for user validation

Resource & Process
Management

No defined roles

Innovation-Structure
Balance

Team Functioning

Lack of accountability

Scaling introduces scrutiny

Freedom vs discipline
tension

. I Innovation-Structure
i I

Innovation Culture

No pressure to deliver

Figure C.1: Selective Coding Process

1. How IDlab sees itself:

IDlab positions itself at the center of innovation within the Ministry. Established in 2017, the team
does not follow strict workflows; instead, it focuses on organic growth, experimentation, and learning, an
approach strongly supported by the freedom in which they operate. Some team members describe their
work as "organized chaos", where freedom, autonomy, and curiosity fuels innovation.

Projects are typically initiated from one of three sources: addressing inspector needs, leveraging available
data, or testing emerging technologies. These projects are aimed at (1) making inspectors happy, (2)
helping management solve strategic problems, and (3) keeping data scientists engaged with innovative
challenges. Unlike other data teams, IDlab explicitly avoids tasks such as basic dashboarding and instead
follows a four-phase approach for its projects: Experimentation — Prototype — Pilot — Usage to deliver
value.

The table below summarizes the key beliefs, behaviors, and structural choices that emerged during the
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interviews and offers insight into how IDlab functions today.

Theme

Code

How the Team Operates

Data as direction

#innovation mandate
#origin _of IDLab
#data_driven transformation

Projects are chosen for novelty and
impact, not routine analysis.

"The ID Lab was started because
leadership wanted a data-driven or-
ganization, and the existing analysis
teams couldn’t achieve that."

Proving worth constantly

#self sufficiency
#proving value

The team has wide freedom, but must
consistently prove its value.

"We are given freedom, but that
also means no one is protecting us, we
have to prove our worth constantly."

Incremental development

#incremental team growth

The lab expands only when value is
demonstrated through action.

"We grew stepwise, every time we
proved value, we asked for more peo-
ple. Proof drives expansion here"

Balance of perspectives

#diverse approaches
#team _perspectives

Teams often start without knowing
exactly what the output will be.

"We have different mindsets in the
team where some focus on innovation,
some on users."

Multi-Faceted Projects selec-
tion

#project _selection criteria

Projects must meet one or more:
inspector value, strategic fit, or innova-
tion challenge.

"We have three reasons for taking
projects: (1) making inspectors happy,
(2) helping management solve strategic
problems, (3) keeping data scientists
engaged with innovative challenges."

Table C.2: IDLabs Operational beliefs

This operation model reflects IDlab’s non-linear approach to innovation, characterized by iterations and
the circular nature of data-driven experiments. However, when this approach encounters uncertainties
and more rigid aspects of the organization, it can cause misalignment and problems. We explore some
of these challenges uncovered from the interviews in the section below.

2. Challenges:

Along with mapping IDlab’s current strengths, six key challenge areas were identified through the in-
terviews, ranging from a lack of structured project evaluation to misaligned stakeholder expectations,
which the proposed framework aims to address. Table C.3 presents a summary of these challenge areas
and the respective quotes of the members of the team.
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Theme

Challenge

Quote

Indication

Unstructured
Project Lifecycles

Projects lack milestones,
time-boxing, or exit cri-
teria, leading to stagna-
tion.

“We’ve worked on projects
for months without know-
ing when to stop.”

Introduce evaluation and
time-boxing practices in
the workflow.

Exploratory  vs.
Usability focus

The conflict between ex-
ploratory innovation and
user-driven design.

“We call it ’organized
chaos™—sometimes we
don’t know what we're
looking for, but we still

Support project typology
tool that differentiates be-
tween initiatives and iden-
tifies their type.

find useful things, and too
much focus on users often
limits innovation.”

Teams find it difficult to
measure impact, which
results in external pres-
sure.

"We don’t have a clear
way to quantify success.
Failure is a success,
too. It’s a combination
of strengths and weak-
nesses."

Lack of Impact
measures

Incorporate  lightweight
outcome-based KPIs.

Define ownership and pri-
orities for the team.

"We got an infinite
amount of freedom. But
with this freedom, we
also got responsibility.
Nobody else was taking
responsibility for us."

High independence, but
lack of structured direc-
tion or shared account-
ability.

Autonomy with-
out Guardrails

Create clearer intake fil-
ters and communication
standards for engagement.

“"We often have to say
no because people think
we are just data collec-

Strong push for nov-
elty, but misunderstood
by others as a data sup-

Innovation  un-
derstanding &
Role clarity

port team. tors. We are not here
to fetch data or do dash-
boarding. That’s someone
else’s job.”
Cognitive Diver- | Diverse perspectives | “This diversity is our | Facilitate multi-
sity within a team | (strategic versus techni- | strength, but it’s hard to | perspective project
cal, user versus novelty) | align.” framing and alignment
create conflict but also rituals.

strengthen a team.

Table C.3: Challenges Summary from the Interviews

The interviews showed that although IDlab is known for its high level of autonomy, some of these
characteristics can pose operational difficulties if not controlled. For example, unstructured project
lifecycles are frequently the result of what the team refers to as "organized chaos". Projects run the risk
of stale if there are no clear exit criteria. In a similar scheme, many people consider the team’s cognitive
diversity to be one of its main advantages. However, individual project management preferences (where
some team members prefer informal, self-directed methods, others prefer structured approaches like Agile
or Kanban) can actually cause conflict and hinder collaboration.

It is key to note that these tables do not display contradictions, but highlight the fundamental conflicts
between structure and intention. These findings underscore the need for a framework that fosters freedom
while enhancing ownership, structure, and clarity in project evaluation.
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Pre

Que:

To what extent does this project align with ILT’s strategic direction, goals, or organizational
priorities?

To what degree does this project avoid duplication and offer something new or needed
beyond existing tools/processes?

Is the problem or opportunity clearly defined and understood?

Do we have access to the right technologies and data to implement this solution effectively?

How much novelty or innovation does this project introduce to ILT’s existing operations or
knowledge base?

Is the project expected to go through multiple development or research cycles?
To what extent is the project designed for experimentation and iteration?
Are the problem, data, and solution space well-defined and scoped?

What is the level of uncertainty or risk involved in delivering intended value?

How much does the project aim to generate learning that can be shared or reused by other
teams or future projects?

To what extent are success criteria loosely defined or expected to evolve during the project?
How much of the project’s value lies in learning, discovery, or generating new insights?

What is the level of uncertainty in integrating the solution into existing systems or workflows?
Is the project currently in a validation phase with clear hypotheses to test?

What is the likelihood of this project producing a tangible output or deliverable?

How strong is the level of stakeholder commitment or sponsorship?

Vv Root Cause Analysis (RCA) v

< S

I NN

S N TS NN

Interviews + Coding v

v

< <«

R R RS

Y SR SRS

Pattern Mapping Vv

< <«

R R RS

S U SN

Figure C.2: Validated Questions with source
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Appendix D

Future work

Score Project: Line Sight Model

Your Name *

Marius Schaeffer

Assessment Questions

To what extent does this project align with ILT's identity (strategic direction, organizational goal and culture)

Strategic Alignment Core Implementation
Score: O (Low) - 5 (High) C//3
o] 1 2 3 4

To what degree does this project avoid duplication and offer something new or needed beyond existing tools/processes?

Innovation Core Innovation
Score: O (Low) - 5 (High) 0/5
0 1 2 3 4

How clearly defined is the problem or opportunity being addressed?

Problem Definition Core
Score: O (Low) - 5 (High) 0/5
o] 1 2 3 4

Our internal stakeholders have clear operational or strategic needs that this project helps address.

Stakeholder Needs Core

Score: O (Low) - 5 (High) 0/5

O

Figure D.1: Framework Protoype 1
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Manage Projects

Project Classification Quadrant

Projects mapped by Innovation Score (X-axis) and Implementation Score (Y-axis)

€ Implementation Score

Low

Process
Low Implefigéritatindtion, Low
Line Sight Mode...
()

Technology Adamzuori’;ﬂ( Ploratory Research

High ion, High

0
Innovation Score >
o 2 3 4 5
Project Classifications
Project Name Innovation Score
test1 26
Line Sight Model 29
ABM Nano 39

Figure D.2: Framework Protoype 2
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Implementation Score
20
3.8

28

View Results

Classification Legend

@ Incremental Innovation 1projects
@ Technology Adaptation  1projects
@ Process Innovation 1projects

Quadrant Definitions

Incremental Innovation
Low risk improvements to existing
processes

Technology Adaptation
Implementing proven technologies in new
contexts

Process Innovation

Novel approaches with uncertain
implementation

Exploratory Research

High innovation with strong
implementation potential

Classification
Incremental Innovation
Technology Adaptation

Process Innovation
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