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Abstract

Innovation is a key part of financial and technological growth within industries. Yet,
the processes for guiding innovation from ideation to product launch have seen
limited evolution as companies in low- to mid-tech sectors often rely on traditional
frameworks such as the Stage-Gate model. Central to these frameworks is the
concept of innovation funnel, which aims to systematically narrow down a broad
set of ideas into a selected few that advance into further development. Despite the
transformative potential of technologies such as generative AI, many organisations
have not changed their innovation processes to leverage these advancements
effectively. Generative Al offers significant potential to support and optimize the
intuitive decision-making during ideation and idea screening.

This thesis explores the integration of generative Al, especially large language
models (LLMs), into early-stage innovation to support idea formulation and
screening. The approach aims to benefit both people with innovative ideas and
decision-makers tasked with making intuitive early-stage decisions about which
ideas to pursue further. As a proof-of-concept study, an LLM agent was developed
and tailored for the case company to demonstrate its effectiveness.

The results reveal significant potential for enhancing innovation efficiency with
generative Al and complement the current research on the generative AI’s potential
to ideate and automate workflows. By merging the ideation and idea screening
phases into a single process, augmented ideation and screening, individuals with
innovative ideas can collaborate with an LLM agent to enhance their concepts while
simultaneously determining idea’s viability, all without requiring decision-makers'
resources. Within innovation funnel this shows as an extended “mouth” enabled by
the LLMs that are capable of processing substantially more ideas than humans in
the same time frame.

Keywords generative Al, large language models, innovation systems, idea
management, ideation, idea screening, innovation funnel
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Tiivistelma

Innovaatio on kulmakivi taloudelliselle ja teknologiselle kasvulle eri toimialoilla.
Tasta huolimatta innovaatioprosessit ideoinnista tuotelanseeraukseen ovat
kokeneet rajallista kehitysta, ja matalan ja keskitason teknologian alojen yritykset
luottavat usein perinteisiin viitekehyksiin, kuten Stage-Gate-malliin. Naiden
viitekehysten keskeisena késitteend on innovaatioputki, joka systemaattisesti karsii
laajaa ideajoukkoa vain muutamaksi, jotka etenevit jatkokehitykseen. Siita
huolimatta, ettd generatiivinen tekoily tarjoaa suurta muutosvoimaa, monet
organisaatiot eivat ole mukauttaneet innovaatioprosessejaan hyodyntaiakseen tata.
Generatiivisella tekoalylla on merkittava potentiaali tukea ja optimoida intuitiivista
paatoksentekoa ideoinnissa ja ideoiden seulonnassa.

Tama diplomityo tutkii generatiivisen tekodlyn, erityisesti suurten kielimallien
(LLM), integrointia innovoinnin alkuvaiheeseen tukemaan idean kehitystad ja
seulontaa. Lahestymistapa pyrkii auttamaan seka henkiloit4, joilla on innovatiivisia
ideoita, ettd paatoksentekijoits, joiden tehtdvana on tehda intuitiivisia alkuvaiheen
paatoksia siitd, mitd ideoita kehitetddn eteenpdin. Tassd proof-of-concept -
tutkimuksessa kehitettiin ja raataloitiin  LLM-agentti yhteistyoyritykselle
kielimallien tehokkuuden osoittamiseksi osana innovaatiotoimintaa.

Tulokset paljastavat merkittavan potentiaalin innovoinnin tehostamiseksi seka
tdydentavat tieteellista tutkimusta generativiisien tekodlyn potentiaalista ideoida ja
tehostaa tyoskentelyprosesseja. Yhdistamalla ideointivaiheen ja idean
seulontavaiheen yhdeksi prosessiksi, vahvistettu ideointi ja seulonta, innovoijat
voivat tehda yhteisty6ta LLM-agentin kanssa parantaakseen konseptiaan ja samalla
madarittadkseen sen kelpoisuuden kyseiseen organisaatiokontekstiin, kaikki ilman
paatoksentekijoiden resursseja. Innovaatioputkessa tima nidkyy laajentuneena
"suuna", jonka mahdollistavat LLM:t, jotka pystyvit kasittelemaian merkittavasti
enemman ideoita kuin ihmiset samassa ajassa.

Avainsanat generatiivinen tekoily, suuret kielimallit, innovaatiojarjestelmat,
idean hallinta, ideointi, idean arviointi, innovaatioputki
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1 Introduction

In today’s rapidly evolving business environment, traditional industries are
increasingly pressured to innovate in response to competition and changing
market demands. The forest sector, particularly the pulp and paper (P&P)
industry, is experiencing a shift as the demand for printing and writing
papers declines, and interest in alternative fibre-based products and
sustainable packaging rises (Szab6 et al., 2009). This shift is driven by
digitalization, sustainability goals, regulatory pressures, and the growing
preference for recycled materials, leading companies to focus on new product
development (NPD) and innovation to stay ahead (Cicekler and Tutus, 2023;
Kivimaa et al.,, 2008). Established players in the industry, with capital-
intensive operations, are well positioned to lead this transformation by
leveraging product and process innovations.

Innovation is a structured process involving the ideation, development, and
market introduction of new products (Bhuiyan, 2011). Traditionally,
companies have approached NPD and innovation with linear models, such
as Cooper’s Stage-Gate model (1990) and Booz, Allen, and Hamilton’s NPD
process, which guide the process from idea generation to product launch. To
navigate this journey, companies often apply innovation funnel, which
emphasizes filtering various ideas through structured stages, aiming to
allocate resources to the most promising concepts (Hayes et al., 1988).
However, the early stages of innovation, particularly from ideation to concept
development, remain resource-intensive and prone to high failure rates
(Griffin, 1997). Stevens and Burley (1997) suggest that only one in 3000 raw
ideas typically becomes a successful product, emphasizing the importance of
improving idea screening efficiency.

While these structured processes have long been used to mitigate risk, the
integration of artificial intelligence (AI) presents new opportunities to
enhance the efficiency and accuracy of the early stages of innovation.
Emerging Al tools, such as large language models (LLMs), have the capacity
to analyse vast amounts of unstructured data, detect patterns, and generate
and evaluate ideas with a scale and speed that surpasses traditional methods,
often producing concepts that outperform those created by humans (Girotra
et al., 2023; Manly et al., 2023; Si et al., 2024). This creates potential for Al
to support more dynamic, real-time ideation and screening processes,
aligning with the innovation funnel’s goal of progressively refining a broad
set of ideas into viable projects (Sukhov et al., 2021). By incorporating
generative Al into the early stages of innovation, organisations could
enhance their creative output and make the innovation process more
responsive and efficient.



However, innovation is not just driven by top-level management but also by
employees at all levels of an organisation (Getz and Robinson, 2003). Non-
managerial employees frequently hesitate to propose new ideas, often due to
lack of confidence or perceived organisational barriers, despite the clear
potential for such contributions to drive innovation (Yan and Zhou, 2019).
Meanwhile, decision-makers desire more streamlined idea filtering to
mitigate intuitive decision-making and to focus resources on the most
promising initiatives. To bridge this gap, generative Al solutions, especially
LLMs, could play a pivotal role in improving systems for managing ideas
(SMI), allowing for a more inclusive and efficient innovation process that
encourages participation from all levels of the organisation (Manly et al.,
2023). Getz and Robinson (2003) suggest that the best way to participate
employees to ideation is a good SMI that has simple and fast process for
authorizing, evaluating, and giving resources for a new idea. By integrating
generative Al, such systems could evaluate and refine ideas in real-time,
significantly speeding up the process of identifying and advancing the most
promising ideas.

1.1 Research Questions and Objectives

This study provides brief overview of innovation practices in forest industry,
where the change is both imminent and constant. The study specifically
concentrates on the early-stage innovation, with a particular focus on initial
screening and assessment of the ideas. These phases have been identified as
areas most in need of improvement, as noted by Cooper (1990). Roughly,
every other innovation launch fails (Stevens and Burley, 1997; Griffin, 1997)
and half of the resources spent on innovation go into failed projects (Cooper,
1990). Improving these metrics even marginally, could be the difference
between retaining a market position and gaining a competitive advantage,
especially in markets where existing capabilities are a huge advantage, and
new competitors rarely enter the field.

This study explores the integration of generative Al, particularly LLMs, into
the ideate-to-concept part of innovation funnel, focusing on enhancing the
screening of new ideas and refining the potential ones, particularly those that
are novel to the market. By examining Al's role as a screening agent, this
research aims to establish a systematic proof-of-concept approach to
improve the efficiency and effectiveness of the innovation process which
would potentially affect the traditional innovation process in multiple ways
such as enhancing innovation efficiency, improving screening accuracy,
managing idea volume, and staying competitive. While generative Al has
been explored in many business processes, its role in the idea screening and
refining phase of NPD, especially in traditional industries like forest industry,
remains underexplored.



Moreover, leveraging large language models can widen the ideation process
within organisations, allowing technical non-managerial employees, those
with a lot of practical insights and hands-on knowledge of the business, to
contribute their ideas. This inclusive approach could significantly broaden
the pool of innovative ideas while ensuring that only the most promising
ideas, which have been tailored and refined by AI, move forward in the
innovation funnel. This, in turn, would reduce the resource consumption at
managerial level by filtering and enrichening ideas before they reach
decision-makers, thus making the innovation process more streamlined.

By validating the potential of large language models to boost innovation
activity, this research could introduce a novel application of generative Al in
the innovation process, suggesting that LLMs may also enliven innovation
culture in organisations. This dual benefit, improved efficiency and activity,
could have significant implications for how companies in traditional fields
conduct their innovation activities.

These goals are supported by the following research question and two
supporting research questions:

(RQ): How can generative Al be effectively integrated into the
ideation to concept phase of the innovation funnel to enhance
efficiency, accuracy, and innovation success?

(SQ1): How can generative Al tools be optimized to accurately evaluate and
filter early-stage ideas in the forest industry, ensuring that only the most
promising concepts progress through the innovation funnel?

(SQ2): In what ways can generative Al solutions be leveraged to increase
innovation engagement across all levels of an organisation?

1.2 Research Approach and Scope

This thesis conducts an examination of innovation work in forest industry
focusing on the early phase innovation, particularly ideation and initial idea
screening. While the innovation process is unique in every company and the
solutions are developed for this specific context, similar concepts can be
applied to companies in other industries with active innovation and new
product development work.

A mixed-methods approach is used to gain a comprehensive understanding
of innovation activities in low- to medium-tech industries, industries that
mainly rely on established technologies and processes, which face constant
innovation demands driven by shifting market requirements and evolving
regulatory decisions. Six interviews were conducted within the case
organisation to establish a solid foundational understanding of the existing
innovation framework and to identify potential pain points within the
company's innovation processes.
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This is followed by a proof-of-concept (PoC) LLM agent aimed at assessing
whether the early adoption of LLMs could enhance the ideation process by
filtering out non-viable ideas, improving potential ones, and fostering greater
innovation across the organisation. The goal is to determine its potential
impact on both refining idea generation and driving overall creativity. This
application is tailored to make decisions based on a specific context of the
case company and based on this provide a feedback loop to enrich potential
ideas. Thus, the performance of the proof of concept might depend heavily
on the applied context and the results may vary significantly in other
contexts. However, by tuning the concept for specific circumstances the
results should be replicable in different organisational settings.

1.3 Structure of the Study

The rest of this thesis is organised as follows. Chapter 2 provides a collective
inspection of the topic through a comprehensive literature review about
innovation in organisations, innovation funnel and innovation process, and
relevant literature about large language models in the early innovation
context such as ideation and idea screening. The third chapter introduces the
research methodology, detailing the approach of interviewing members of
innovation teams and conducting a proof-of-concept study. The PoC
investigates the applicability of LLMs in early-stage innovation by developing
an LLM-based idea elaboration and screening agent. Chapter four presents
the results from the interviews and both qualitative and some quantitative
findings of the PoC. Finally, the fifth chapter discusses the implications of the
findings, explores their alignment with existing literature, and identifies
potential applications and limitations of LLMs in the early innovation
process.
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2 Literature Review

This literature review provides a theoretical background for the empirical
part of the study. First, the case industry, forest industry, is briefly inspected
from innovation viewpoint. Then an overview of traditional approaches to
innovation is provided while also examining the factors that influence
innovation within organisations. This section highlights the conventional
methods and structures that shape innovation activities especially in
traditional companies with high hierarchy. The third part delves into
innovation funnel, focusing on how ideas are managed and screened during
its early stages. The final part of this chapter examines the integration of
generative Al, particularly LLMs, into knowledge work, specifically within
the ideation-to-concept stage of innovation process.

2.1 Market Shifts and Innovation Needs in the Forest
Industry

This part of the chapter introduces the key changes driving innovation in
forest industry, especially in pulp and paper (P&P), highlighting the evolving
market dynamics, regulatory pressures, and technological advancements
reshaping the sector. The case company however operates in multiple
industries and thus the term forest industry is used for describing the
industry.

Digital transformation has decreased the demand of graphic papers,
including newsprint, printing, and writing papers (Berg and Lingqvist, 2019).
However, the overall demand of pulp and paper products is increasing each
year, and this growth is predicted to continue as seen in Figure 1. The changes
in demand force companies to react and innovate. This includes both product
innovation to keep up with the changes in consumer needs and regulations,
as well as process innovations to transform existing processes and machinery
such that they support the sustainable transformation (Cicekler and Tutus,
2023).

Because of changing business landscape in P&P industry, Berg and Lingqvist
(2019) mention finding value-creating growth roles for forest products as a
key theme for the future in the field. This emphasizes the need for
transformation and innovation in the field. Fiber based products replacing
plastics are inevitably gaining more interest increasing the demand for both
fiber production and fiber re-use. Also, bio-products are emerging through
research and further transforms the traditional forest industry. On top of this
Berg and Lingqvist (2019) estimate that by embracing digital manufacturing,
companies could reduce total cost base of producer by 15 percent. This would
include incorporating big data applications, latest automation technologies,
and artificial intelligence. Additionally, correct embedding and employee
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training of AI based technologies will not only increase productivity but
create a more viable culture for innovation within the organisation (Cicekler
and Tutus, 2023).

Paper consumption worldwide from 2021 to
2032

Demand in million
metric tons

2021% 2022* 2023*% 2024* 2025% 2026% 2027* 2028* 2029* 2030* 2031* 2032*
Figure 1 Paper consumption worldwide (Suzano, 2023, Accessed from Statista)

Pulp and paper can be considered as a low-tech sector, characterized by
relatively low research and development investments and slower pace of
innovation compared to high-tech industries (Kivimaa et al., 2008).
However, external pressures and shifting market dynamics have been
gradually reshaping the industry, emphasizing the need for innovation in
both processes and products. This innovative value-creation is gaining more
collaborative structure (Berg and Lingqvist, 2019) with companies forming
ventures and launching collaborative projects with combined capabilities.
Further, venture programs have allowed companies to seek innovativeness
with new perspective by seeking start-ups with new innovative ideas.

Kivimaa et al. (2008) present three distinct market shifts that drive
innovation within P&P sector:

1) Changes in existing markets: The industry has seen evolving demands
from existing markets and customers. Sustainable packaging is one of
the most visible and clear examples of recent changes, as the demand
for fossil replacing packaging increases. This shift reflects the broader
market pull, a key driver of innovation across industries (Marxt and
Hacklin, 2005), as companies respond to both environmental and
economic pressures.

2) Policy-Induced Market Disruption: High-level policies, particularly
within the European Union, have had significant impacts on P&P
sector by either creating new opportunities or disrupting existing
markets significantly (Kivimaa et al.,, 2008). Environmental
regulations and sustainability goals, when foreseen in advance, can be
the source for competitive advantage (Kivimaa et al., 2008).

3) Intersectoral Market Changes: Innovations in adjacent industries,
such as energy and electronics, also influence the P&P sector
significantly. For instance, improvements in energy efficiency and

13



shifts toward renewable energy sources are reshaping how companies
manage their energy consumption, which is critical given the energy-
intensive nature of P&P industry (Szabo6 et al., 2009). Successful
adaptation of these technologies creates opportunities for reducing
environmental impacts and enhancing process efficiency.

One of the most significant trends in the P&P industry is the emphasis on
process innovations over product innovations (Kivimaa et al., 2008). Process
improvements have been key to achieving environmental success, including
reducing emissions, minimizing waste, and conserving energy. This focus
reflects the industry’s low-tech character, where incremental improvements
in production lead to substantial environmental and cost benefits (Kivimaa
et al., 2008). Ghosal and Reichert (2007) argue that this emphasis on process
innovations may explain why some companies are less presented in patent
data, which is usually considered as a relatively solid measure for company
innovativeness. Many productivity-enhancing innovations carried out in-
house in the P&P industry may not be patentable.

Product innovation has also significant potential in P&P innovation. The
industry is exploring new applications and uses for wood and its components,
such as fiber packaging and textile products (Berg and Lingqvist, 2019). It is
traditionally seen that pulp and paper industry is dominated by process
innovations to improve efficiency (Kivimaa et al., 2008) but the shift is
towards product development with a changing business landscape ahead.

The P&P industry is energy intensive and thus faces a significant number of
challenges related to environmental problems (Szab6 et al., 2009). These
challenges reflect to all three market changes. Hence, innovations must
proactively strive to reduce emissions in multiple ways.

2.2 Defining Innovation

With the ever-changing environment, innovation is an essential element
from two main perspectives: commercial and technological (Kline and
Rosenberg, 2010). Changing market environment requires new perspectives
for sustaining profitability. This calls for effective strategies for both
innovation and new product development across all industries. Overall, it is
widely recognized that new products and services are the driving factor of a
successful business (Marxt and Hacklin, 2005).

This part first introduces the concepts of innovation and product
development. Secondly, the chapter defines conceptual reasoning and
different frameworks for organized innovation actions in companies
especially in traditional industries such as forest industry. Finally, some
challenges related to conducting innovation work in high hierarchy
organisations is discussed.

14



2.2.1 Innovation and Product Development

While the terms innovation and product development are often used
interchangeably, they represent distinct concepts within the broader scope of
business growth strategies. Product development focuses primarily on the
creation and launch process of either a new product or modified version of
an existing product where the process usually begins with market pull driven
by changes in customer demands or technology push where new technologies
lead to new opportunities in the market (Marxt and Hacklin, 2005).

Innovation, on the other hand, is a broader concept that extends beyond
product development. It involves the implementation of new ideas,
processes, or business models that can generate value for the company
(Marxt and Hacklin, 2005). The main difference here is that innovation is
not limited to products but can also include changes in operations, market
approaches, and even in entire industry transformations. The goal for
innovation is to create competitive advantage and drive growth often by
entering new markets or redefining existing ones (Marxt and Hacklin, 2005;
Dunphy et al., 1996). Innovations can be divided into four distinct categories
based on their scope and business impact: sustaining, commercial,
transformational-sustaining, and disruptive (Brown and Anthony, 2011).

The distinction between product development becomes clearer when we
compare the focus of each. Product development is concentrated on the
product itself and to the process of bringing it to the market through various
of steps: design, development, and marketing (Marxt and Hacklin, 2005).
The broader approach of innovation, however, includes strategic
considerations that guide the company towards sustaining and growing their
business and operations (Bhuiyan, 2011; Marxt and Hacklin, 2005).

Based on Marxt and Hacklin (2005) and MacLennan (2016) Figure 2 was
built to express the separation of product development and innovation. There
is an ambiguous area overlapping the two processes as product innovation
and new product development are close to each other.

Process
innovation

New Product
Development (NPD)

Product
Development

Innovation

Product
innovation

Business
innovation

Existing Product
Development
(EPD)

Figure 2 Innovation and Product Development based on Marxt and Hackling (2005) and
MacLennan (2016)
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Sometimes innovation might be confused to invention. Innovation has a
distinct characteristic of introducing something new for organisation that
adds value to customers and increases the knowledge base of the
organisation (O’Sullivan and Dooley, 2008, p. 31). Invention is something
new that has not existed before (O’Sullivan and Dooley, 2008, p. 33) or the
first working model of a technology (Dunphy et al., 1998). Invention might
not necessarily be a value-producing, but it may lead to innovation through
product development.

In this thesis the focus is on innovation processes that pursue to explore new
opportunities in product offering, process development, and business
processes. However, new product development is close, sometimes even
overlapping, with product innovation thus doesn’t exceed the scope of this
study. New product development is used to describe the process of bringing
the early concept to the market. This happens through multiple steps during
which we move from a broad idea towards more researched and developed
concept.

2.2.2 The Role of Innovation in Corporate Strategy

Innovation is increasingly recognized as a critical driver of corporate success
and strategic advantage (e.g. Andrew et al., 2010; Brown and Anthony, 2011).
As Cooper et al. (1998) assert, "Effective new product development is
emerging as the major corporate strategic initiative of the decades ahead..."
Companies that excel in innovation are likely to lead the market, while those
that lag may struggle.

The urgency for innovation is driven by changing market demands and the
rapid advancement of technologies. Kline and Rosenberg (2010) highlight
that these factors create significant opportunities for companies to innovate,
improve efficiency, and enhance their product offering. For firms aiming to
grow and maintain their market position, innovation is not merely an option
but a necessity (O’Sullivan and Dooley, 2008, p. 29).

Despite this, some scholars challenge that an intense focus on breakthrough
innovations is always beneficial for companies. Getz and Robinson (2003)
argue that spending too many resources in the search of the next big
innovation takes away from continuous, incremental, improvement that
drives growth. They suggest that while radical innovations can transform
industries, continuous, incremental advancements are equally important for
steady progress. It’s worth noting that many valuable improvement ideas
often originate from employees rather than from formal R&D efforts,
pointing to the need for structured support and development of these ideas
(Getz and Robinson, 2003; Dunphy et al., 1996).

Innovation activities are constantly changing. As Chesbrough already noted
in 2003, companies should switch the scope from closed innovation towards
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open innovation that utilizes the pace of outside development and combines
it with the internal knowledge and expertise. This tendency has inevitably
increased in the past decade as the technology has enabled so much that one
company cannot keep up with the change by using only internal knowledge
and closed innovation. Thus, partnerships with research institutions,
universities, and other companies are increasing their significance
constantly.

The process of innovation has always a common goal to guide companies
through the development process systematically to present and launch a new
product or process. Table 1 presents some commonly referenced processes
and models for innovation. The process of transforming idea into launched
product is relatively similar across all frameworks but the focus of each model
varies significantly. On top of this, some more iterative and agile methods are
utilized especially in software development. In this thesis the focus is around
ideas and screening. Hence, the innovation funnel will be utilized as a key
framework.

Innovation Key Elements Characteristics Reference
Process Model
Stage-Gate - Idea Generation - Structured phases  Cooper (1990)
Process - Scoping - Decision gates
- Business Case - Emphasis on risk
- Development management and
- Testing measuring
- Launch
- Post-Launch
Review
PACE Method - Integrated - Cycle time McGrath (1996)
principles from the reduction
Stage-Gate Process - Cross-functional
collaboration
- Customer focused
development
- Strong emphasis
on tracking progress
with metrics
New Product - New Product - Additional strategy = Booz, Allen, &
Development Strategy phase Hamilton (1982)
Process - Idea Generation - Emphasis on
- Screening strategic alignment
- Concept - Focus on market
Development feasibility
- Business Analysis
- Development
- Testing &
Validation
- Commerecialization
Innovation - Idea Generation - Conceptual Hayes et al.
Funnel - Screening framework (1988)

- Concept

- Focus on filtering



Development and prioritization

- Prototyping - Tterative process
- Testing
- Commercialization
Design Thinking - Empathize - Human-centered Razzouk and
Process - Define approach Shute (2012);
- Ideate - Iterative Tschimmel (2012)
- Prototype prototyping
- Test - Focus on user
experience and
empathy
- Emphasize

visualization of
problems and
solutions

Table 1 Innovation process models compared.

2.2.3 Challenges in Innovation

Innovation can be described as a “black box” where uncertain processes take
place, and where inputs and outcomes can be difficult to measure (Kline and
Rosenberg, 2010). One of the key challenges in new product development
and innovation is the lack of reliable metrics, which makes it difficult to
assess and improve the success rate of these efforts. The success rate or
conversion rate refers to the percentage of launched new products or
innovations that generate a positive economic return for the company
(Stevens and Burley, 1997). This implies that the resources and efforts
invested in innovation must be justified by the profitability of the products
or process improvements once launched.

The success rate can be an ambiguous metric due to its definition. One could
argue that it should be calculated based on the proportion of all reported
ideas that are successful (Stevens and Burley, 1997). However, the
inconsistent documentation of early ideation makes this practically
incomparable between companies. Some organisations might record all
ideas, while others only document those that end up in the product portfolio.
Therefore, the previously mentioned definition is commonly used for success
rate including this thesis.

Success rate of innovations and new products has been widely studied and
the average rate of companies is found to be around 50 to 60 percent (Stevens
and Burley, 1997; Griffin, 1997). The success rate varies between industries
and individual companies with the more recent studies suggesting that top
companies succeed as often as 76 % whilst the bottom half of companies
innovate with 31 % success rate (Larson, 2023). Even though innovation is
measured and documented differently across companies, and exact numbers
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vary between studies, the mentioned averages clearly indicate the associated
risks within innovation.

Andrew et al. (2010) report that only 41 % of company executives think
innovation is measured effectively in their company with the most common
metrics being used are customer satisfaction, overall revenue growth, and
percentage of sales from new products or services. Bhuiyan (2011) presents
financial metrics into measuring NPD process in the early stages such as
expected commercial value (ECV), net present value (NPV), internal rate of
return (IRR), and productivity index (PI). However, each innovation project
requires a different criterion for evaluation depending on the context of the
company and project (Hakkarainen and Talonen, 2014). Although measuring
innovation success is challenging, best-practice companies are more likely to
track their new product development performance (Griffin, 1997).

Further, Griffin (1997) identifies another key problem within companies’
approach towards innovation with 38,5 % not having any formal process for
new product development. Especially the ideation and screening of ideas is
commonly informal, and the process tends to become more structured after
these phases (Moore, 1987).

Stevens and Burley (1997) argue that 3000 raw ideas result to one
commercial success. About 10 % of these ideas are taken any minimal action
in. The number of ideas required certainly depends on the type of innovation
with line extensions or incremental innovations requiring significantly less
ideation resources (Stevens and Burley, 1997). However, Chandy et al.
(2006) challenge this view, suggesting that success can be achieved with a
more moderate number of ideas. They argue that generating too many ideas
may harm companies by reducing their ability to convert those ideas into
successful outcomes. The real issue, therefore, isn't the quantity of ideas but
the actions taken to develop them. By improving early-stage screening,
resources can be more effectively directed toward the most promising
initiatives.

Another issue highlighted by Chandy et al. (2006) is the speed at which
companies pursue innovation, noting that pushing innovations to market too
quickly can lead to lower conversion rates. This concern is complemented by
Crawford (1992), who identifies various hidden costs associated with
accelerated product development. Methods like McGrath’s Product and
Cycle-time Excellence, PACE (1996), emphasizes reducing cycle times as a
central component of the product development process, yet finding the right
balance between speed and quality remains crucial.

O’Sullivan and Dooley (2008, p. 63) present four success-defining factors of
innovation in organisations: people, structure, environment, and culture. Let
us inspect each of these factors individually and identify the key challenges
related to each in the context of traditional companies.
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2.2.3.1 People

Individuals and teams in organisations are the main resource for ideation
and implementation (O’Sullivan and Dooley, 2008, p. 63). Their knowledge,
creativity, and collaboration directly influence the quality and viability of new
ideas and thus all levels of organisation should be involved in innovation
actions. However, in high hierarchy companies especially lower-level
employees tend to be uninterested in innovation actions (O’Sullivan and
Dooley, 2008, p. 63). Wendelken et al. (2014) inspected reasons for
employees not to participate in innovation. Firstly, the rewarding, monetary
or career-level advancement, is not motivating enough and the benefits do
not exceed the sacrifices made in time usage. This also connects to finding
that participating is considered more stressful than fun for those that decide
not to be involved. Secondly, the company does not feel close to the non-
participating people, and they do not consider it as a source for social benefits
such as making connections and friends. Another reason mentioned was the
object and task of innovation itself which was ambiguous to many.
Interestingly, those that have participated in innovation feel that being active
in innovation benefits their career and is fun. Furthermore, these people tend
to feel close to the company. Yet, monetary rewards were not mentioned as a
key reason for participation. (Wendelken et al., 2014).

2.2.3.2 Structure

Highly hierarchical, mechanistic, organisations have different approach to
innovation compared to organic organisations as organic structure is more
common in innovative companies (O’Sullivan and Dooley, 2008, p. 63).
Keum and See (2017) partially support this claim in their study as high
hierarchy structure is adverse especially for the ideation phase. However,
when screening the ideas, greater hierarchy was found to be more beneficial.
This is in line with the previous claim that employees who do not feel
obligated to get involved with innovation, especially by submitting their
innovative ideas, are more distant with the firm (Wendelken et al., 2014).
This inevitably happens more commonly in high-hierarchy companies where
the decision making, innovation, and new product development might feel
distant for lower-level employees.

2.2.3.3 Environment

Competition is a key driver of innovation (Dunphy et al., 1996). Thus, in
innovation context environmental aspect refers to external competition and
industry (O’Sullivan and Dooley, 2008, p. 64). However, different
competitive field drives distinct type of innovation as constant arrival and
quick obsolescence of new competing products is correlated with R&D and
product innovation activities while rapid change of technologies strongly
correlates with process innovation activities (Tang, 2006). As changes occur
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in the industry, technologies, and demand, companies need to strike a
balance between speed and quality in their innovative processes. Too rapid
innovation efforts are more likely to fail (Chandy et al., 2006; Crawford,
1992) but quick reaction and learning can be defined as the ultimate source
for gaining competitive advantage (O’Sullivan and Dooley, 2008, p. 64).

2.2.3.4 Culture

Companies advocating and promoting change are the ones that fight for the
competitive advantage (Dunphy et al., 1996; Cooper, 1990). This includes
incentivising people and teams to innovation activities through cultural
perspective. Organisational culture plays a pivotal role in shaping the
behaviours and attitudes of employees towards innovation. A culture that
supports creativity, risk-taking, and continuous leaning is essential for
fostering innovation. Johnson’s Cultural Web (1992) offers a framework for
analysing organisational culture through six key elements: power structures,
organisational structures, control systems, stories, rituals and routines, and
symbols. These elements contribute to the overall culture of an organisation
and when misaligned, they can lead to strategic inertia and drift, weakening
innovation efforts (McDonald and Foster, 2013).

2.3 Innovation Funnel and Idea Management Systems

Companies define innovation and new product development in varying ways.
The general understanding of innovation among practitioners, however,
refers to converting idea into a product (Hakkarainen and Talonen, 2014).
The process of innovation in companies has undergone significant evolution
over the years, with the widely used innovation funnel model being one of the
most enduring frameworks. Originally presented by Hayes et al. (1988, p.
295), this model maps out the innovation process as a funnel. At the
beginning of the funnel, a large set of ideas enter, but as the funnel narrows,
these ideas are progressively screened and refined, leading to fewer but more
developed concepts. Innovation funnel can be understood as solution to
manage innovation effectively by controlling the relationship between goals,
actions, teams, and results (O’Sullivan and Dooley, 2008, p. 87).

This part introduces the reader with innovation funnel and how it can be
effectively integrated into organisations innovation process. This is followed
by inspecting different approaches for ideation in the early parts of the
innovation funnel. Finally, the chapter inspects different techniques and
approaches used to screen these early-stage ideas and proceed with the most
potential concepts.

2.3.1 Innovation funnel: Concept and Application

Stevens and Burley (1997) present that out of 3000 raw, unwritten, ideas only
one becomes successful. To come up with a successful launch of a product, a
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framework is required to iteratively reduce the number of early ideas. The
innovation funnel is a broad concept that focuses on managing many ideas
and filtering them down to a few viable projects or products. It is concerned
with the overall process of innovation, from generating a wide range of ideas
to selecting and refining the best ones.

The primary objective for the innovation funnel is to allocate resources
effectively through managing goals, actions, teams, and results of the
innovation process (O’Sullivan and Dooley, 2008, p. 88). In the early stages
many actions or investigations enter the funnel. These can be ideas,
problems, projects, and initiatives (O’Sullivan and Dooley, 2008, p. 88).
With the funnel approach these actions can be screened out incrementally
based on the defined goals. The “neck” of the funnel describes this screening
process. Funnelling, however, does not mean that all ideas are screened at
once. It is an incremental process where in the end the most promising
initiatives are left. The screened actions culminate into development of small
projects and eventually into finalized commercial products. Teams are a key
factor during the funnelling process providing the structure for the
innovation through individuals, responsibilities, and management
(O’Sullivan and Dooley, 2008, p.88).

The funnel’s edges represent the limits of the company’s capacity for
innovation. According to early models of the innovation funnel, ideas that
exceed the limits cannot be pursued at all. Innovation teams and
management try to find a balance between widening the mouth of the funnel
and narrowing the neck, from where the ideas are screened in terms of their
opportunity for the organisation (Hayes et al., 1988; O’Sullivan and Dooley,
2008, p. 87). This is illustrated in Figure 3 where the original innovation
funnel presented by Hayes et al. (1988) is clarified with the different
dimensions by O’Sullivan and Dooley (2008). The arrows represent the flow
of goals, actions, teams, and results during the process. Goals and teams are
the narrowing factor for the neck of the funnel and with correct
organisational structure and culture and well-defined goals the best possible
results can be achieved.

When an idea, action, or early project enters the innovation funnel, it is
important to realize that the funnel is not a tunnel (Hakkarainen and
Talonen, 2014). Not all initiatives come out of the other side and the
properties of this very early initiative entering the funnel will most likely
change during the funnelling. For example, if a new idea or project with a
similar but improved scope enters the pipeline, it should be integrated with
the earlier project to leverage synergies, rather than disregarding the initial
effort (Hakkarainen and Talonen, 2014).

Bonazzi and Zilber (2014) present a modified version of the classical
innovation funnel by Hayes et al. (1988) by integrating open innovation into
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it. The open innovation of Chesbrough (2003) allows companies to take
actions that would not otherwise fit to the limits of the firm’s funnel. This can
be done with joint ventures and collaborations, strategic acquisitions, and
venturing.

introduced
projects products

Figure 3 Innovation funnel described by Hayes et al. (1988, p. 295) left and by O’Sullivan
and Dooley (2008, p.89) right.

2.3.2 Ideation in the Innovation Funnel

The initial ideation phase of innovation in crucial. As Stevens and Burley
(1997) present, about 3000 raw ideas are needed for one commercial success.
On a contrary, Chandy et al. (2006) argues that too many initial ideas might
be hurtful for the innovation process.

In a survey by Andrew et al. (2010) company executives recognized risk
averseness and lengthy development times as the main challenges in
innovation followed immediately by difficulty in selecting the ideas to
commercialize. As Cooper (1990) argues, the greatest need of improvement
is in the early stages of innovation: initial screening, preliminary market
assessment, and detailed market study. These are part of the continuous
screening process that happens in the neck of innovation funnel with a clear
intention of pursuing only the most promising initiatives in the context of the
innovating company. In essence, these early phases, when ideas need to be
screened out, are the ones that determine the potential upper limit for
innovation success rate. With poor screening process, money, time, and
effort will go to waste and the innovation process becomes less fruitful
(Hakkarainen and Talonen, 2014).

The process of innovation can be defined to begin from either the ideation
phase (Hayes et al. 1988, p. 295) or from the new product strategy
development (Booz, Allen, & Hamilton, 1982). In this study idea generation
is regarded as the first phase for innovation as the case company defines new
product development projects similarly to Hayes et al. (1988). However, it is
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necessary to define the company objectives in advance to guide the process
forward and generate the need and objective for the innovation activities
(Bhuiyan, 2011).

Idea can either stem from a need or create a need, however, necessity of an
innovation decreases the time to deliver an innovation into market (Dunphy
et al.,, 1996). In an organisational context an idea can stem from any
experience level. Getz and Robinson (2003) argue that neglecting everyday
ideas from lower-level employees is a significant flaw still occurring in many
companies. Effective idea management system within an organisation has a
positive effect to the culture of innovation, inclusivity, and transparency if
the system makes employees truly feel their ideas are heard and appreciated
(Yan and Zhou, 2019).

Initial purpose of the idea generation phase is to produce vast number of
ideas that align with the proposed strategy (Booz, Allen, & Hamilton, 1982).
From company’s perspective the ideas, in early stage, need to be viable for
the core business. Idea generation phase includes raw ideation, development,
and maturation of a concrete idea (Bhuiyan, 2011). With the innovation
funnel, this process means feeding the funnel as many ideas as possible
within the company boundaries.

The ideation phase typically does not involve any analysis, but not all ideas
should enter the innovation funnel. According to Stevens and Burley (1997),
about 10% of ideas thought by innovators should be further developed and
submitted for consideration. However, this percentage can vary significantly
by industry and is challenging to measure since most "thought" ideas are
rarely documented. For example, in low-technology companies, as much as
28% of written ideas are terminated during the ideation phase (Risom
Jespersen, 2007).

The difference between these two figures largely depends on how an initial
idea is conceived and documented. In the latter case, the ideas are already
written down and briefly evaluated early. Best practice suggests that
companies should terminate weaker ideas early, before they enter the
innovation funnel, because the quality of what enters the funnel ultimately
dictates the outcome of the innovation process (Hakkarainen and Talonen,
2014).

2.3.3 Models and Approaches to Idea Screening

Traditionally in innovation or new product development process the ideation
is followed by idea screening (e.g. Booz, Allen, & Hamilton, 1982; Cooper,
1990). Screening can be defined as the process of evaluating and selecting
ideas or concepts to put into project portfolio (Kahn, 2012, p. 469). In the
innovation funnel by Hayes et al. (1988) this process happens within the
funnels neck supported by the goals, teams, and communities (O’Sullivan
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and Dooley, 2008, p. 89). However, screening happens gradually and
iteratively with a clear objective to achieve balanced project portfolio with
moderate amount of project varying from big and risky innovations to small,
incremental, process improvements (Kahn, 2012, p. 41). The basic objective
of idea screening is to discard non promising projects as early as possible so
resources can be allocated efficiently into more potential initiatives (e.g.
Hakkarainen and Talonen, 2014).

Since around 50% of a company's innovation resources are invested in
projects that ultimately fail to generate profit (Cooper, 1990), improving the
accuracy of the screening process could dramatically enhance overall
innovation productivity.

The common approach to the screening of ideas is to follow a predefined
funnel by assessing all ideas based on the same criteria. This approach is
common in various existing models for new product development presented
in literature (e.g. Cooper, 1990). In the models presented by scholars, criteria
in assessing ideas should vary depending on the context (Baker and Albaum,
1986; Day, 2007; Hakkarainen and Talonen, 2014). The screening phase is
usually considered as a multistage process where ideas are reduced
continuously rather than being only one go — no go gate. Cooper’s Stage-Gate
process (1990) emphasizes this continuity as the gates between stages
represent the moment to evaluate ideas and terminate the least promising
ones.

For humans, understanding the context surrounding an idea can be
challenging, particularly when evaluating new business opportunities that
must align with a specific company's unique criteria. In organisations with
limited expert resources, there is often a constrained capacity to assess and
judge multiple ideas at once, leading to variations in evaluations between
experts. In screening phase, the errors can be divided into two categories
(Bell et al., 2024):

Type 1: Wrongly selecting a bad idea (potential loser)
Type 2: Wrongly screening out a good idea (potential winner)

The screening of ideas must be based on either analytical comparison or
intuition of the decision maker or in a combination of the two. Even though
formal analysis is typically thought to be a superior method (e.g. Behling and
Eckel, 1991; Moore, 1987), both approaches have beneficial characteristics.

2.3.3.1 Analytical Thinking

Most companies use some type of analyses when assessing potential
innovative ideas (Moore, 1987). In general, analytical evaluation of ideas can
be divided into more general categories: ranking based decisions, scoring
models, economic models, and mathematical optimization models (Baker
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and Albaum, 1986). Criteria plays a critical role in screening since it provides
decision makers a core for characterizing what needs to be considered when
evaluating and improving ideas.

Economic measures are utilized, but often regarded too unreliable to base
decisions on (Moore, 1987). This feeling of uncertainty around financial
numbers is not always just biased thinking. For instance, typically used
discounted cash flow (DCF) analysis is often biased against the delayed
payoffs and uncertainty withing bigger innovations (Day, 2007).

More ambiguous metrics are more flexible when analysing very early-stage
ideas. The problem, however, is that there is no well-established list of
criteria or parameters (Tauqeer and Bang, 2019). The framework and criteria
used varies between companies and even between projects (Hakkarainen and
Talonen, 2014). Taugeer and Bang, 2019 group the criteria appearing most
often in literature into six clusters: producibility, problem size, market size,
novelty, profit margin, and business alignment. This linear, “checkbox”-
approach, is a common way of ranking or scoring ideas since it gives a
rationale for decision maker without excessive analysing effort (Baker and
Albaum, 1986). Yet, these simplistic methods have some significant flaws
such as assuming decision makers have more information than they do,
inconsistent and not independent criteria, and uncertain weightings (Baker
and Albaum, 1986; Magnusson et al., 2014). However, many companies
utilize a mixed method between financial analyses and decision criteria
(Moore, 1987) which gives more depth to the analysis.

Technology in computation has provided opportunities also for screening
ideas. For instance, Huang et al. (2020) provide a mathematical model for
scoring ideas based on multiple dimensions such as SWOT analysis and
analytical hierarchy process (AHP) with criterion comparable to Tauqgeer and
Bang’s (2019) six clusters. On top of this, Huang et al. (2020) consider the
environmental factor which has gained importance in the past few decades.
Since there are multiple ways to derive an analytical decision out of ideas or
concepts, companies do not always find the best methodology for screening.

An idea or early-stage project can be assessed in relation to the existing
project portfolio (Hakkarainen and Talonen, 2014). By examining the
current risk and complexity of ongoing projects, decision-makers can
determine whether the new project aligns with the firm’s portfolio strategy.

2.3.3.2 Intuition

Although, scholars argue that a formal analytical process for screening ideas
should be used, intuition plays a great role in decision making for many
companies (Moore, 1987). It is a common assumption that decisions based
on rational analyses are more reliable compared to intuitive decisions.
However, making rational decisions is difficult when time and resources are
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limited, and the amount of information is either very limited or very
extensive. On top of this, capabilities of intuition might be beneficial in many
decision-making situations due to humans’ ability to encode frequent
information, recognize previous stimuli, and process information
automatically in an effective way (Hogarth, 2010).

Intuitive decisions delve from similar criteria as used in analytical reasoning
but might have influenced from outside factors such as past experiences,
knowledge, environment, and moral values (Hogarth, 2010; Sukhov et al.,
2021). In study comparing rational decision making to holistic intuitive
decisions, Magnusson et al. (2014) express that approximately 50 % of
intuitive decisions made in idea screening phase can be explained by three
very simple and established criteria; originality, user value, and
producibility. This basic criterion varies depending on the innovation context
but intuition, nevertheless, utilizes similar rationale as conducted analysis.

Human intuition is characterised by holistic, quick, and unconscious
decisions, that are hard to rationalise where they stem from (Hogarth, 2010;
Sukhov et al., 2021). Thus, some external factors that affect the intuitive
decision-making can be harmful. One of the most recognized factors is own
preferences of the decision maker (Hogarth, 2010). Especially if people are
judging ideas or projects, they recognize ownership in, intuitively
terminating such initiatives is challenging and biased (Hakkarainen and
Talonen, 2014). Another challenge described by Hogarth (2010) is cultural
capital which we acquire over time from our environment and society and
can narrow the focus and limit the perspectives. Cultural capital is not often
deliberately embedded in decision making, yet it is hard to neglect.

2.3.3.3 Interplay of Analytics and Intuition

With analytical decision making having a great demand for resources, yet,
often providing somewhat questionable results, and intuition being very
ambiguous and hard-to-trace, a combined screening process that utilizes the
benefits of both processes is another viable option. Sukhov et al (2021)
provide a framework for screening of ideas where intuition, analysis, and
sensemaking all play a critical role of complementing each other. No single
activity, framework, or criteria itself will guarantee success in screening and
thus in many cases aggregating concepts from analysis, sensemaking, and
intuition will reduce uncertainty (Sukhov et al., 2021).

Another aspect of idea screening mentioned by Sukhov et al. (2021) is that
expert evaluators can not only judge idea quality but also develop and define
good ideas further. This attribute certainly cannot spring solely from analyses
but also from the knowledge and intuition of the expert. Ultimately, this
could lead to redefining established innovation and NPD processes such as
new product process by Booz, Allen, & Hamilton (1982) and Cooper’s Stage-
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Gate process by Cooper (1990) by merging ideation and initial screening
phases closer to each other where an idea can be generated, evaluated, and
developed simultaneously. Sukhov et al. (2021) describe this process as
generative idea screening stage.

2.4 Generative Al in Innovation Context

Rapidly developing Al has brought various ways for classifying, processing,
and manipulating data. These tools involve Computer Vision, Natural
Language Processing, Machine Learning, Generative AI and much more
(Manly et al., 2023). The possibilities are practically endless and thus in the
past few years generative Al tools have emerged as a disruptive innovation
and deformed multiple processes across industries. Innovation is no
exception with LLMs having human-like capabilities to ideate and redefine
existing ideas. With LLMs capabilities new type of early innovation process,
generative idea screening phase, described by Sukhov et al. (2021) can be
achieved even more efficiently. In the model ideation and idea screening are
merged by developing ideas during the assessment.

With correct implementation, LLMs are shown to increase ideation and idea
elaboration in various ways (Xu et al., 2024). Yet, Manly et al. (2023)
highlight that the three most underutilized AI applications in innovation
across industries are identifying players with innovation potential,
enhancing the idea generation process, and identifying emerging innovation
themes; topics mainly concerning early-phase innovation. They further add
that with correct implementation the innovation funnel could be fed as much
as five times more initial ideas with twice as selective end results. Table 2
describes some of the current research insights regarding the potential of
generative Al in ideation-to-concept stage innovation.

Research Context Key Insights Sources

Generative Al in ideation

Generative Al in idea
screening

Creativity and novelty of
generative AI's work

Generative Al can produce
better ideas than humans
in researched contexts such
as product innovations and
research topics.

There is potential for gen-
erative Al in assisting in
idea evaluation, increasing
the specificity of ideas, and
combining ideas.

Although Generative Al can
generate creative work such
as art, music, and design,
human touch remains vital
and generative Al remains
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mainly as augmenting tool
for human capabilities.

Process automating capa-  Generative Al can automate Beheshti et al., 2023; Wong
bilities simple processes relatively et al., 2023

well and hence reduce the

need for human resources

in tasks such as planning

and decision-making.

Table 2 Research of Generative Al in early-stage innovation.

This section presents how to integrate generative Al, especially large
language models, into innovation funnel to enhance idea generation, idea
screening, and employer engagement in the innovation process. The benefits
and potential drawbacks of this integration will be discussed. Lastly, some
ethical implications and considerations of integrating these technologies are
discussed.

2.4.1 The Role of Al in Ideation

With the innovation funnel thinking the main goal should be to widen the
mouth of the funnel with simultaneously narrowing the neck. The more ideas
can be fed to the funnel, the more promising initiatives there will be.
However, this requires accurate and unbiased screening model to ensure
resources are targeted only towards the best initiatives. Based on executive
survey concluded by the Manly et al. (2023), three most underutilized Al
applications in innovation across industries are connected to these phases of
innovation: identifying players with innovation potential, enhancing the idea
generation process, and identifying emerging innovation themes.

Manly et al. (2023) show that companies that successfully implement Al into
company manage to generate up to five times more ideas for innovation than
companies who fail to implement AI successfully. Generative Al can rapidly
generate new ideas by identifying patterns and connections that humans
might foresee. For instance, algorithms can analyse existing solutions in one
industry and suggest the same rationale in another, enhancing cross-industry
innovation. In innovation, however, the point of interest is not in the quantity
of ideas but rather in finding the best individual ideas.

Recent studies show that LLM generated ideas are even superior compared
to human generated (Girotra et al., 2023; Si et al., 2024). In the research of
Girotra et al. (2023) half of the LLM created ideas were prompted with a
simple context and the other half was prompted more accurately with a better
context and goals. The accurately prompted model performed better in
ideation suggesting that giving more context would increase the performance
even more. This was measured with respondents’ intent to buy against
human created ideas and as many LLM created ideas. In the top decile almost
90 % of the ideas were generated by LLMs. In ideation phase large language
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models have a clear use-case for decreasing human oriented working and it
is possible for LLMs to reach and even surpass human capabilities. Similarly,
Xu et al. (2024) highlight that individuals with limited experience in the topic
can greatly benefit from LLMs during the idea creation phase, as the models
help expand and refine their ideas, enhancing their clarity and focus.

The language models have continuously better capability to be tuned to
produce desired type of responses with desired level of creativity (Bouschery
et al., 2023). Since better prompting, more targeted context, gave better
results in ideation (Girotra et al., 2023), fine-tuning the model through
known criteria and company specific strategic goals and capabilities could
further increase the performance.

A key characteristic of LLM based ideation is the capability to not only
produce multiple times more efficiently than humans (Girotra et al., 2023;
Manly et al., 2023) but also fine tune the existing ideas based on a given
context and could expand the solution space for further (Bouschery et al.,
2023). In innovation funnel this would mean that the diameter of the funnel’s
mouth could be expanded. This combination of human intuition and AI’s
capabilities leads to “amplified intelligence”, a concept described by Manly et
al. (2023). This collaboration between AI and human input produces more
effective results than either approach could achieve alone.

2.4.2 Al-Enhanced Idea Screening

Increasing the number of initial innovative ideas can only work if the
accuracy of choosing the most promising out of them improves. Without
precise filtering of ideas, a problem discussed by Chandy et al. (2006) will
emerge as too many ideas would inevitably take resources of the most
important developments. Al has the potential to significantly enhance this
stage, allowing for more rigorous and unbiased evaluation (Manly et al.,
2023; Bell et al., 2024). Survey conducted for eight large company managers
indicated that Al is not utilized in idea screening in any way, but all eight
expressed strong interest towards the AI model solutions in idea evaluation
and selection (Bell et al., 2024).

The initial screening of ideas cannot be perfect as a thorough investigation
and analysis would require too much effort. Managers in companies must
accept some errors especially in the early screening when the decision is
made based on tiny amount of evidence (Bell et al., 2024). Especially in this
phase, where intuition plays a significant role, humans are vulnerable to
biases.

Different Al based models built by Bell et al. (2024) prove that machines can
reach and even exceed human capabilities in idea screening. These models
are based on large training sets, mathematical models, and Google search
data. The models used in the study utilize machine learning techniques such
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as LASSO (Least Absolute Shrinkage and Selection Operator), Bayesian
Stacking, and Random Forest. It remains unclear whether LLMs can achieve
the same level of reliability in idea screening, although, Xu et al. (2024)
observe that LLMs are particularly effective for ideation and idea elaboration,
especially for individuals who may lack expertise in specific topics.

2.4.3 Strategic Integration of Generative Al to the Innovation Funnel

Incorporating generative Al into innovation is not merely about adopting
cutting-edge technology but embedding it into the company’s business
model, operations, and culture (Manly et al., 2023). As in innovativeness,
also in adapting new technologies, the companies that are culturally fostering
change will thrive in the long run (Dunphy et al., 1996). To achieve this with
Al tools, companies need to incorporate the idea of amplified intelligence,
which combines Al's data-driven insights with human intuition and produces
far superior results compared to either alone (Manly et al., 2023; Si et al.,
2024). To fully capitalize on Al's potential in applications, LLMs should not
operate in isolation (Nguyen et al., 2023). Hence, organisations must focus
on several strategic dimensions.

1. Building a Strong Digital Foundation: Integrating Al capabilities into
existing systems can be complex and expertise requiring task (Nguyen
et al., 2023). Hence, for companies pursuing to adapt rapidly
emerging new Al technologies into their business, a strong digital
foundation is required (Manly et al., 2023). A company executive
survey conducted in 2023 by Manly et al. revealed that, although, most
of companies (83 %) have adapted AI technologies into some use
cases, only 45 % managed to translate this into business impact.

2. Adjusting Business Model: With more and more new AI tools
available, rapid technology push, key driver of innovations (Marxt and
Hacklin, 2005), is driving significant changes in knowledge work such
as innovation. Manly et al. (2023) emphasize that integrating Al into
the innovation process requires organisations to rethink their
business models in strategic, game-changing ways. Current sweet spot
for generative Al tools is thought to exist in business models that can
realize the combination of factual knowledge and creative thinking
(Kanbach et al., 2024). This is where the added value of these tools
can be captured most efficiently.

3. Democratizing Innovation with AI: One of the most unexplored
potentials of Al lies in democratizing the innovation process across an
organisation. Manly et al. (2023) point out that AI can enable
companies to tap into new talent pools and break down traditional
silos, allowing employees at all levels to contribute to idea generation
and innovation efforts. This is due to data and knowledge being more
available across the organisational spectrum.
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Al, particularly large language models, can blur the boundaries between
external and internal knowledge, allowing decision-makers to access vast
amounts of information (Bouschery et al., 2023). Innovation is a creative
work that, and thus human influence is hard to eliminate. However, by
leveraging Al technologies in phases and functions previously provided by
innovation intermediaries, the process can reach a new level in accuracy and
efficiency (Bouschery et al., 2023). Generative idea screening stage where
ideation and idea screening are pulled closer together in the innovation
funnel, proposed by Sukhov et al. (2021) can be reachable by these LLM —
human hybrid teams suggested by Bouschery et al. (2023). This is further
complemented by Si et al. (2024) as the most novel ideas are found with a
combination of LLM generation and human ranking.

To effectively achieve desired results with LLMs in organisational context,
the utilized model should be integrated into existing design template (Xu et
al., 2024). Template provides context around type of information and
response the user is seeking as well as more structured output without using
user’s resources into prompt engineering (Xu et al., 2024). To achieve most
comparable results between different ideas, the LLM needs problem-specific
evaluation criteria and as much context as possible from the organisational
perspective.

The reduced value for holding specific knowledge (Bouschery et al., 2023)
also emphasizes the value of collaboration and open innovation. As fast
information flow increases the requirement to exploit knowledge bases and
expertise outside the organisation (Chesbrough, 2003), AI will certainly
increase the pace of information flow across companies. Ventures,
acquisitions, and joint collaborations enable companies to integrate projects
beyond their core competencies at any stage of the innovation process (Kahn,
2012, p. 85).

2.4.4 Ethical Considerations and Challenges in Implementing LLMs

Utilizing AI tools has some considerations and challenges in both
implementation and usage. Some of these are especially present when
utilizing Al tools for early-stage innovation.

One of the key challenges when using LLMs in innovation is managing the
inherent biases that may exist in the training data (Nguyen et al., 2023).
LLMs generate responses based on probabilistic patterns in their training
datasets, which can introduce both explicit and implicit biases (Girotra et al.,
2023; Lin et al., 2024). For instance, recent study by Lin et at. (2024)
concludes that inspected GPT models leaned left in political scale. Similar
biases might be present in other cases with LLM models (Nguyen et al.,
2023). These can be decisive in weighing whether an idea is fitting to
company’s strategy and image. To prevent this, it’s essential to align the
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model with the company's core values, ethical principles, and commitment
to environmental sustainability.

Another significant challenge is the novelty of Al-generated ideas. As Girotra
et al. (2023) observed, LLMs might generate ideas that are more effective
than those produced by humans, but these ideas may lack a level of novelty.
LLMs rely on existing knowledge and patterns in data, which can lead to
incremental rather than groundbreaking innovations. However, Si et al.
(2024) show that LLM generated ideas are evaluated with higher novelty
than human generated with a correct fine-tuning. To counter this limitation,
Al should be used as a tool to enhance human creativity rather than replace
it entirely (Bouschery et al., 2023; Manly et al., 2023).

Further, Al systems, particularly LLMs, are known to produce outputs with
some degree of randomness or unpredictability, often referred to as the
hallucination or "fog" of AI (Bouschery et al., 2023; Ji et al., 2023; Nguyen et
al., 2023). In the ideation phase, this randomness can be advantageous, as
the aim is to introduce unconventional ideas that might not have been
considered by humans. Ideas that do not fit the scope of company can quickly
be discarded and thus do not cause much harm for the innovation process.
However, in more sensitive areas like idea screening, this unpredictability
could create challenges, especially in how humans interact with the AI's
outputs. To add to this, LLMs are known for having extremely low
interpretability (Nguyen et al., 2023). Hence, Al systems should be carefully
implemented to ensure potential winner ideas are not filtered out due to
unexplainable and non-traceable factors determined by the model.
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3 Methodology

This chapter outlines the methodology employed for data collection and
analysis in the empirical part of the study. The data collection approach was
twofold where qualitative approach was adopted to both parts, starting with
interviews to explore innovation activities in low- to medium-tech
companies, followed by a proof-of-concept validation. In addition, some
quantitative assessments were also utilized to measure the PoC performance
against humans in evaluation of ideas.

This chapter is structured to provide a clear and comprehensive
understanding of the innovation context and application within the case
company. It begins with a brief background of the case company, setting the
stage for the subsequent analysis. This is followed by a brief introduction to
how the research was designed after which the research process is presented
in a linear fashion, starting with the collection and analysis of interview data.
This is followed by a detailed description of the development and analysis of
the proof-of-concept LLM agent.

3.1 Case Description

This research was conducted for a case company UPM-Kymmene
Corporation (UPM). The integration of Al tools, especially open LLMs such
Microsoft CoPilot environment, has been piloted and driven towards full
integration within the company following a common AI boom across all
industries all the way from low-tech to high-tech. The integration, however,
does not transfer to business impact without correct use cases and
implementation as described by Manly et al. (2023). For this reason,
different areas of business are researched in UPM for maximising the
business impact of this Al-integration.

The company was established in 1995 when Kymmene Corporation and
Repola Ltd, along with its subsidiary United Paper Mills Ltd, merged. The
new company, UPM-Kymmene, officially began operations on 1 May 1996.
However, the roots of the company extend much further back in history,
tracing to the early days of the Finnish forest industry (UPM, 2024, Company
history).

Currently, UPM has approximately 16600 employees globally with
production in eleven countries and end users worldwide (UPM, 2024, About
us). UPM has grown its business not only in pulp and paper, but also on a
wider scale. For this reason, forest industry is used as the main industry in
this study, but innovative aspects of pulp and paper industry are also
examined more closely. However, it should be noted that some business areas
of UPM also cross the boundaries of forest industry. From an innovation
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standpoint it is crucial to note that the company operates within a low to
medium tech sector.

UPM operates through six distinct business areas and a biorefining business
unit, each contributing to the company’s diverse portfolio and sustainability
goals as described in Table 3. On top of these, there are multiple cross-
organisational functions to support these businesses such as the corporate
research and development (R&D) and Technology function’s new business
development. Specifically, corporate R&D is mainly responsible for the initial
research on new product and business expansions in collaboration with the
individual businesses. In technology function new technologies are inspected
but also on a wider scale potential new business areas are carefully inspected.

Business Business Area

Pulp UPM Fibres

Timber

Forest

Energy UPM Energy

Label Materials UPM Raflatac

Specialty Papers UPM Speciality Papers
Communication Papers UPM Communication Papers
Plywood UPM Plywood

Biofuels UPM Biorefining
Biochemicals

Biomedicals

Biocomposites

Table 3 UPM Businesses (UPM, 2024, Businesses)

3.2 Research Design

This research adopts an inductive approach, utilizing mainly qualitative
methods to collect data with some quantitative insights added to validate the
functionality of the PoC. The objective is to identify common patterns across
the various businesses within the company. As common for the inductive
research, with reasoning these patterns can further be aligned into a theory
and insights (Woo et al., 2017). Therefore, this study follows an inductive
reasoning process, where specific observations are followed by broader
generalizations and theories.
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This study aims to explore the integration of generative Al, particularly
LLMs, into the early stages of the innovation funnel, specifically focusing on
the ideation and initial screening phases. First, Chapter 2 presented a review
of existing research on the topic through a comprehensive literature review.
In the second part, this study adopts a mixed-methods approach for
exploring the potential of generative Al in innovation context. By utilizing
mixed-method approach, the research combines qualitative insights from
interviews with members of the case organisation, and a proof-of-concept
study designed to evaluate the performance and potential impact of LLM-
driven tools in refining and filtering early-stage ideas both qualitatively and
quantitatively. This design enables a comprehensive understanding of
current innovation practices while assessing the practical application of Al in
enhancing efficiency and creativity across the organisation.

In this case study, the multi-method approach provides complementary
insights, as the interviews offer valuable information on both general
innovation processes in large multi-industry corporations and the current
stance on integrating LLMs as an assistant in these processes. The targeted
output from these semi-structured interviews was twofold. Firstly, the
interviews were utilized to inspect the current situation in innovation and
identifying the common bottle necks along the process across the
organisation. Secondly, the goal is to build a rubric for formulating and
evaluating the early-stage ideas in a clear format. These insights are further
explored through the systematic analysis of the developed PoC that utilizes
the built rubric.

Table 4 demonstrates the flow of data collection and data analysis during the
study. It illustrates how the data collection and analysis do not go linearly.
The early interview analysis acts as a basis for the proof-of-concept
development. The PoC was made iteratively by collecting feedback from the
specialists during the development in informal discussions and feedback
sessions. Finally, the PoC analysis included both qualitative and quantitative
evaluations. Six human-created ideas are evaluated with the finished PoC
model, and two innovation managers provided feedback of the outputs in a
two-hour workshop. The brief quantitative analysis compares the PoC's
performance to human evaluations by analysing the assessment of 45
innovative ideas conducted by both humans and the model.

Ultimately, the multi-step methodology offers a thorough examination of the
current state of early-stage innovation and provides valuable insights into
how effectively state-of-the-art generative Al, in the form of an LLM agent,
can address issues related to it. Additionally, the methodology allows for a
detailed examination of the key steps and critical aspects involved in
integrating such models into real-world workflows across the organisation.
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Research Step

Details

1) Interviews with innovation
specialists

2) Qualitative analysis of inno-
vation drivers and bottlenecks

3) Develop proof-of-concept
LLM agent with Python

4) Iterative feedback and refine-
ment of PoC

5) Qualitative testing with sam-
ple ideas

6) Workshop evaluation with in-
novation managers

7) Quantitative testing with 45
innovation ideas

8) Qualitative analysis of the
workshop

9) Quantitative analysis of PoC

Six  semi-structured interviews  with
innovation decision-makers from different
business areas.

Qualitative analysis following methodology by
Gioia et al. (2013).

Goal of the PoC is to tackle the main
bottlenecks of early innovation identified in
the interviews. The evaluation and idea
enhancement derives from the key drivers
identified in the interviews.

Non-structured feedback and comments to
refine the model.

Six human-created ideas are tested and
evaluated with the PoC.

Two innovation managers qualitatively
evaluate the outputs of the model for the six
human-created innovation ideas. The
functional characters to evaluate are derived
from ISO/IEC 25010 (2011) framework to
evaluate software products.

A set of 45 LLM created ideas are first
evaluated by two innovation managers, and
then evaluated with the PoC. These results are
then compared.

Analysing the workshop results i.e. where the
model succeeds and where it does not.

Comparing human evaluations of the 45 ideas
to PoC evaluation.

Table 4 Step-by-step research methodology

3.3 Interviews

The qualitative data collection utilized two methods: semi-structured
interviews and qualitative evaluation and feedback of the built proof-of-
concept. As described above, the data analysis and data collection phases did
not progress linearly. Hence, this chapter introduces data collection and
analysis methods of the conducted interviews which preceded the

development of PoC.
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3.3.1 Data Collection

To gain insights into innovation activities within large, multi-industry
organisations, six semi-structured interviews were conducted by the author.
This method of data collection provides versatility and flexibility as the
interviewer can further clarify the topics through follow-up question based
on the given answer (Kallio et al., 2016). This flexibility of semi-structured
approach is especially beneficial in complex topics such as innovation
processes within large organisations, as the responses may vary widely
among roles and departments. Interviews were designed as a guiding early-
stage tool for clarifying the common pain points that happens during the
ideation-to-concept stage of innovation. Furthermore, a common rubric for
initial evaluation, formulation, and providing feedback of ideas was
constructed with the data derived from the interviews.

All interviewees work in the case company UPM in different roles
participating in innovation activities or in new product development. Since
UPM works in multiple businesses as described in the Section 3.1, innovation
occurs in large scale. Hence, the interviewees were selected to represent the
broad scope of the company's innovation activities. More precisely, the
interviewees represented the following businesses at the company: specialty
papers, plywood, biomedicals, and the rest represent cross functional units
that do not fall under any specific business. These included corporate R&D
and Technology functions. This combination of participants in interviews
gave a good cross-organisational look into both the perspectives of individual
businesses in developing their product portfolio and the perspective of
supporting functions. To ensure participant anonymity, detailed personal
information, including titles, will neither be disclosed nor required in the
context of this study.

The interviews were held through Microsoft Teams. To guarantee the
accuracy of collected data, each interview was recorded with a consent of the
participant. All interviews were conducted in Finnish to facilitate
conversational flow and maximize the quality of the collected data.
Interviews were on average 45 minutes to an hour long which led to cleaned
transcripts of around 5000 words per interview.

The interviews were organized around two main topics, current innovation
practices and potential points of improvements there and gaining
information about evaluation criteria required from initial idea. Identifying
the common bottle necks and pain points allowed for a better scoping of the
solution. The latter topic was important for implementing the proof-of-
concept that will be discussed in Chapter 3.4.
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3.3.2 Data Analysis

Data analysis of conducted interviews was done mainly according to the Gioia
methodology (Gioia et al., 2013). The process, however, began with the
preparation of collected data. The creation of transcripts was done by
listening to the interview recordings and correcting the mistakes made by
Transcription tool embedded in Microsoft Teams that had automatically
conducted the first version of word-to-word interview transcripts. These
transcripts were transferred into qualitative data analysis software ATLAS.ti
which was the main tool for reading and coding the data.

The coding began with first round of reading each interview transcript while
collecting all 1st-order codes relevant for the forementioned two topics. All
these codes used terms portrayed by the informants as suggested by Magnani
and Gioia (2023). As the interviews were held in Finnish, this was the phase
when the phrases were translated to achieve cohesive results from the data
that can be reported. This might have affected the originality of these in-vivo
codes slightly, but the original meaning and tone was a key point of interest
in the translation. As described by Al-Amer et al. (2015), by focusing on to
the meaning of the words and by conducting the translation with the context
knowledge of a native speaker, the errors can be minimized.

After the initial round of coding and translating, the 1st-order codes were
analysed further. By grouping the codes and inspecting the answers from a
wider perspective, some 2nd-order themes could be extracted from the raw
codes. During this stage, LLM tools, particularly Microsoft CoPilot, were
employed to assist in identifying emerging themes and patterns across more
than a hundred codes. The LLM-supported analysis helped accelerate
pattern recognition by highlighting frequently occurring terms and
relationships. To ensure contextual accuracy and relevance, the author
carefully reviewed and refined these patterns manually, addressing potential
ambiguities or misinterpretations inherent in the LLM analysis. This step of
transforming the raw codes towards more grounded theory is essential for
bridging the gap between informants’ answers and theory required for the
PoC.

Finally, these themes were translated into highest level of abstraction,
aggregate dimensions (Gioia et al., 2013) which would act as a basis for an
idea grading and enhancing rubric when programming the PoC. On the other
hand, this level also highlights the key problems associated with early-stage
innovation and adaptation issues with generative Al that the PoC model
should address.
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3.4 Proof-of-Concept

The proof-of-concept was designed to address critical pain points identified
during the ideation-to-concept phase of innovation within large, multi-
industry organisations. Insights gathered though semi-structured
interviews, as discussed in Chapter 3.3, revealed common bottlenecks across
multiple businesses of the case company regarding both Al implementation
and early-stage innovation. To respond to these challenges, a LLM based
agent tool was developed, leveraging a customized large language model
designed to streamline and enhance the ideation and early screening
processes. This section introduces the development and evaluation
methodology regarding the PoC.

Slightly modified code of the final proof-of-concept is publicly available at:
https://github.com/aapo-k/thesis-model

3.41 Goals

The PoC’s primary objective was to create a model capable of evaluating and
enhancing the initial concept ideas in a way that aligns with key criteria
identified from the interviews. The target users for this model include two
main groups: innovators (anyone withing the organisation) with preliminary
ideas or development concepts, and the initial decision makers responsible
for determining which ideas progress through the innovation funnel to the
first round of research and development. The model is aimed at providing
distinct value to both groups:

e For Innovators: The model offers low threshold guidance on whether
their idea has potential for further development, along with
suggestions for enhancement based on initial evaluation criteria. This
early feedback enables anyone within the organisation to refine their
ideas before formal evaluation, increasing the likelihood of alignment
with organisational goals and expectations.

e For Decision-Makers: The model serves as a preliminary filter that
reduces the volume of raw, unrefined ideas entering the innovation
funnel. By providing an initial evaluation and enhancement, the PoC
saves resources for decision-makers, allowing them to focus on the
most promising initiatives that have already undergone a first round
of assessment and refinement. The idea enhancement ensures that the
ideas entering the funnel should already be more viable for further
development.

3.4.2 Design

The PoC was developed mainly with Python’s open-source LLM-
development framework LangChain which has been widely recognized in the
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Al community due to its seamless interaction with various third-party data
sources and applications (Topsakal and Akinci, 2023) as well as standardized
base for all LLM API providers. The key aspect of LangChain is the chaining
which are sequences of linked prompts and actions within a LLM workflow
that enable the model to perform complex tasks by guiding it through a series
of independent steps (Topsakal and Akinci, 2023).

The PoCis an LLM based agent which aims to provide better solutions to user
queries by interacting with the real-world and environment (Yuan et al.,
2024). Given the complexity of evaluating innovative ideas, a language
model-based solution is well-suited to manage open-ended inputs, provide
feedback, and support the idea enhancement. The agent structure enables
the PoC to offer constructive guidance while adding the benefits of rapid data
processing and information retrieval. Table 5 illustrates how the agent
structure assesses multiple problems that are faced with common LLMs such
as ChatGPT and Microsoft CoPilot when applying to innovation scenarios.

Stage Problems with general | Solution provided by
LLMs (ChatGPT, the LLM Agent
CoPilot)

Response structure Untraceable and Agent formatting
unpredictable output complemented with JSON

Blob answer structure
makes the agent’s steps
traceable. Use of metadata
within answers allows the
user to observe the exact
sources of the answers.

Idea generation

Idea evaluation

Requires large context
prompt to behave in
desired manner

Year cutoff with training
data

>
Missing critical
information about news,
trends, and latest
technologies

Very general knowledge
about specific companies

Non-public data withing
the organisation (current
project and product
portfolio, strategies, goals,
capabilities, outlook, etc.)
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Comprehensive system
message to guide the LLM
SO user can concentrate on
idea elaboration.

Giving the agent access to
internet by implementing
web search tool (and

potentially access to specific
news sites).

Providing access to
company’s internal files and
databases through RAG
(retrieval augmented

generation) based tools.



Latest insights about Web access tool (and

competitors potentially updating
database)

Makes financial Financial estimator tools

estimations in very general | that can achieve superior

level results with better input
data and more accurate
calculations.

Table 5 Problems solved by using LLM agent. Source: Adapted from Thanasi-Boge and
Hoxha (2024)

While LLMs develop at an extremely rapid pace, they are still limited with
their reasoning and knowledge about specific contexts and current events.
Language agents mitigate these issues by connecting LLMs to internal
environments and providing them with tools specific to succeeding in given
tasks (Li et al., 2023; Summers et al., 2023). Although, fine tuning of existing
LLMs provides case specific benefits, the lack of sufficient data for this use
case reduces the efficiency of additional model training. Thus, modular tool
integration to the agent offers flexibility without extensive retraining (Yuan,
et al., 2024).

The agent provides a flexible chain of calls to LLMs, and tools based on user
input (Topsakal and Akinci, 2023). The built PoC is an action agent that
follows a cycle, thought — choose tool — execute, N-times after which it
provides the desired output. The tools are functions within the environment
that the LLM model can invoke. These functions can utilize both Python
libraries and 3rd party APIs such as Google search, Wikipedia, and Article
retrieval or other LLM functionalities such as retrieval augmented generation
(RAG). With concise tool descriptions the model can be guided to getting
most out of each tool when formulating an answer (Yuan et al., 2024).

A crucial aspect of implementing this LLM agent is the inclusion of
conversational memory since language models are inherently stateless and
do not retain information across interactions by default (Sumers et al., 2023;
Thanasi-Boce and Hoxha, 2024). Incorporating memory within the PoC
enables the agent to engage in chat-type interactions based on prior outputs
and in this case allows the user to receive feedback and specify the initial
outputs. Sumers et al. (2023) categorize LLM memory into four distinct types
based on complexity, however, this PoC employs only the most fundamental
form, working memory. In this design, the system maintains knowledge
about the ongoing decision cycle by appending user queries and model
responses to a transient memory buffer, which resets as the model restarts.

Figure 4 illustrates a flowchart of the agent that combines the utilized
OpenAl based LLM model, tools, and the conversational memory to
formulate the desired output. After the user inputs a query, the agent
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evaluates whether to use a tool or respond directly. The agent only bypasses
tool usage if the query does not relate to a potential innovation for the
organisation or is an idea that does not require further filtering or is clearly
not relevant within the current context. A more detailed version of the
flowchart can be seen in Appendix C.

]
ol
User
Idea to
evaluate Response
LangChain Agent Appends prompt
and response to
Custom W A memory Conversation
LangChain Tools <~ e > memory
------ >
Used to execute OpenAl API <. EI
tasks
Retrieves
@ conversation history
A

t I tavily A : :
N System message
3rd party APls H '

.............

Thought process -
Tool or Response

Figure 4 Flowchart of the PoC Agent

3.4.3 Prompt Engineering

Crucial part of LLM architecture is the prompt engineering with a clear and
concise prompt patterns increasing the effective performance of language
models (e.g. Giray, 2023; White et al., 2023). Thanasi-Boce and Hoxha
(2024) propose using advanced prompting techniques for organisational
learning cases such as idea generation and selection alongside viable agent
tools.

As illustrated in Figure 4, a system message or system prompt is appended
to the conversation memory to provide a starting point for the LLM. System
prompt defines the starting point and context for the model to work with
(Giray, 2023). The system message of PoC was based on the agent prompt
template by Langchain AI (2024), where the prompt is divided into three
sections prefix, format instructions, and suffix. This is done to ensure a
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structured and predictable behaviour for the agent that follows a specific
reasoning flow and consistency between interacting with humans and tools.

A well-constructed prefix in a language model prompt provides essential
components: the context and the desired outcome. Although there are several
techniques for prompt engineering (Thanasi-Boce and Hoxha, 2024; White
et al., 2023), the PoC agent used here was guided with a simple prefix
structure. This prefix contained minimal context about the case company and
limited guidance on the final answer's structure. This approach was taken to
balance crucial elements, specificity and generality, in effective prompts
(Giray, 2023). By keeping the context general, the focus remained on
formatting instructions and the application of tools, key considerations when
working with LLM agents.

The thought-action-observation structure, defined within the “format
instructions” -stage, encourages the agent to work through the ideas step-by-
step, repeating as necessary until reaching a final answer. This prompting is
based on reasoning and acting (ReAct) methodology introduced by Yao et al.
(2023) which pursues to transform the LLM into reasoning engine for
choosing the correct tools in each case. This approach ensures thorough
reasoning and transparency in each decision the agent makes. Here is how
each part contributes to the process:

e Thought: Represents the agent’s internal reasoning based on the
information available so far.

e Action: Specifies agent’s next step, which could be either using a tool
or providing the final answer

e Observation: Captures the result or feedback from previous action,
allowing the agent to adjust its reasoning based on new information

The JSON Blop format ({“action”: ..., “action_input”: ...}) enforces a
predictable and structured output that provides two key benefits: consistency
and traceability. With this format, each decision is possible to be tracked
step-by-step improving the clarity and trustworthiness of the model. On the
other hand, this structure also provides a significant amount of transparency
as each action is logged in a distinct JSON Blop. This allows the users to
observe exactly which tools were used and what were the corresponding
outputs. This enhances accountability in the agent’s decision-making
process, making it easier to review and understand how the agent arrived at
a final answer.

The suffix section reinforces JSON Blob formatting expectations and
prompts the agent to adhere to the thought-action-observe sequence,
ensuring that responses remain structured and clear. Regardless of tool
usage or immediate response generation, the suffix helps keep the LLM
within the structured loop.
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The prompt used for quantitative analysis was slightly modified from the
described since the point of interest in this case is the idea evaluation rather
than idea enhancement. Hence, the idea enhancement part was left out of the
prompt to reduce the number of tokens used, and the model was only asked
to evaluate whether an idea would be sufficient given the context and the
same set of tools. The same thought — action — observation pattern was still
followed by the model in this quantitative testing phase.

3.4.4 Versions

As presented in Chapter 3.2, the PoC development is done in an iterative
fashion by collecting feedback from the innovation decision makers and
other members of the organisation. The feedback was gathered informally in
small discussions and in fortnightly updates. This approach allowed the
author to gather additional performance requirement feedback on top of the
interviews.

The first version of the model was basic, aimed at getting quick feedback from
experts. It used Google's Gemini-1.5-Flash LLM API model mainly because it
is free, allowing the author to start development. The Gemini LLM model is
known to have some flaws, such as not handling data confidentially, and
lower performance in text generation and embedding compared to more
popular models like OpenAl's (Artificial Analysis, n.d.). Thus, the model was
limited to public data and limited number of external documents due to
limits in text embeddings. However, the initial system prompt did not change
significantly during the whole development cycle.

This version integrated four different tools that the agent had an autonomy
to invoke based on the given idea and specified tool descriptions. These tools
allowed the agent to search Wikipedia for further information, search web to
assess the cutoff year problem with LLMs, search Google Trends, and provide
scientific articles from Scopus.

The second version incorporated OpenAI’s API. Mainly used model for text
generation in the development phase was GPT-40-mini due to its cost
efficiency and OpenAlT’s superior performance compared to other LLMs as of
December 2024 (Artificial Analysis, n.d.). However, the more powerful GPT-
40 model was also tested at times to get some data about differences of these
models. The final version that was run for the evaluation purposes utilized
gpt-40 model due to its superior speed and performance. For text embedding,
text-embedding-3-small -model was used. The embedding model was
needed as this version also used a tool that utilized RAG (retrieval augmented
generation).

Although this version made significant changes to the LLM model, some
tools were also updated. Mainly, RAG was included since data privacy was no
longer a concern. However, the only document used was a publicly available
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annual report, which provided a more comprehensive look at the latest
business developments and business areas than the pre-trained LLMs. This
gave an initial glimpse into the possibilities of using RAG in the context of
LLM agent for innovation.

The final PoC version, which was used for the testing and evaluation, made
the most significant changes in the system prompt. The initial prompt
provided idea evaluations on a loose basis and determined almost all the
ideas viable. This required a change in the prompt that would emphasize the
required strictness much more. With the minor changes to the initial system
prompt the model performance increased significantly.

3.4.5 Evaluation

The final phase of the empirical part of this thesis consists of evaluating the
PoC solution. The LangChain library provides four options for evaluating
LLM agents: Al-judge evaluation, gold standard evaluation, functional tests,
and human evaluation (LangChain, n.d.). While Al-judge evaluation could be
argued as a flexible and efficient option due to its rubric-based assessment,
human evaluation offers the most reliable and insightful data, as the PoC
agent addresses a complex, subjective topic that demands specific industry
knowledge, product expertise, and professional intuition (Sukhov et al.,
2021).

The evaluation was carried out by industry professionals with extensive
experience in innovation management, particularly in the field relevant to
the model's outputs. ISO/IEC 25010 (2011) provides nine quality characters
for evaluating complete software products. However, as the PoC model is
built to provide insight and is not a finished product, only the functional
suitability dimension is evaluated in this thesis. The functional suitability
characteristic can be divided into three sub factors: functional completeness,
functional correctness, and functional appropriateness (ISO/IEC, 2011). For
clarity, these dimensions are discussed as Effectiveness, Value, and Domain-
Specific Relevance, determined by the author.

The experts’ insights are based on model outputs generated from a set of pre-
defined test inputs suggested by an innovation manager. The author ran
these ideas through the model and conducted a dataset with outputs of each
idea. Two LLM API models were tested for outputs for qualitative analysis:
OpenAl's GPT-40 (the most advanced model available as of December of
2024) and a more cost-effective alternative, GPT-40-mini. The quantitative
evaluations were done with answers from GPT-40 model.

The outputs were evaluated through a two-hour workshop with the experts.
During this session, the author guided discussions using semi-structured,
qualitative questions and documented the insights for analysis. These topics
of evaluation and discussion are presented below:
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Effectiveness (Functional Completeness)

“Functional completeness - Degree to which the set of functions covers all
the specified tasks and intended users' objectives” (ISO/IEC, 2011).

This dimension focused on the model’s ability to filter and enhance
innovative ideas while responding to user inputs and follow-up questions.
The discussion addressed:

e Strengths: Experts assessed how well the LLM agent identified
promising ideas and enhanced them.

e Failures: Specific cases where the tool failed to identify or improve
ideas, providing insights into potential shortcomings.

e Follow-Up Responses: The model's ability to handle user follow-up
questions effectively was evaluated, assessing the clarity and relevance
of its responses.

e Fit for Early-Stage Innovation: The PoC’s suitability to the early
innovation process and its potential to support ideation and decision-
making was discussed.

Value (Functional Appropriateness)

“Functional appropriateness - Degree to which the functions facilitate the
accomplishment of specified tasks and objectives” (ISO/IEC, 2011).

This section explored the benefits and risks associated with the tool:

e Workload Reduction: Specific ways the tool could streamline
processes and make decision-making more efficient were discussed.

e Risks and Downsides: Potential risks, such as over-reliance on the
model or challenges in integration into existing workflows, were
considered.

Domain-Specific Relevance (Functional Correctness)

“Functional correctness - Degree to which a product or system provides
accurate results when used by intended users” (ISO/IEC, 2011).

Given the focus on the forest sector, the alignment of the model’s outputs
with the specific needs of the industry were examined:

e Relevance: Discussion about how well the model can identify up-to-
date trends and insights of a specific industry.

Usability

Although the PoC model did not include any user interface, the usability was
defined as a key factor for potential integration of the model by one of the
experts.

47



The usability aspect concentrated on how the tool should be implemented to
provide value for both target groups since the PoC did not have any user
interface implemented.

e C(Clarity and Frustrations: Identifying any potentially confusing or
frustrating aspects of using the tool with a key focus on how the tool
should be implemented to motivate each targeted user.

e Actionability of Feedback: Evaluating whether the outputs were clear,
actionable, and easy to interpret for innovation practitioners.

e Missing or Confusing Features: Highlighting critical missing
functionalities or aspects that could complicate adoption or usability.

In addition, a set of 45 innovative ideas was generated using ChatGPT. The
ideas were targeted towards the case company by providing enough context
in the prompt. These ideas were evaluated by experts and categorized into
four groups: “bad,” “average,” “good,” or “already implemented.” The
purpose of this categorization was to assess the model’s ability to identify
ideas with potential while filtering out those that decision-makers would
likely discard, all within the specific context of the company. Since innovation
is about finding and refining the top ideas, only the ideas marked as “good”
were analysed as the potential winners and ideas marked either as “average”,
“bad”, or “already implemented” formed the group that the model should
reject with justifications. This evaluation aims to measure the alignment
between the model’s outputs and expert judgment, emphasizing the
retention of high-potential ideas. This approach provides a quantitative look
into the performance of the model as an idea filtering agent for the early
stages of innovation.

Results from these evaluations serve two primary purposes. First, the
primary objective is to provide critical insights into whether the model
improves innovation accuracy and reduces the workload of initial decision-
makers, thus validating its practical value. Secondly, the results can be used
to further enhance the PoC model to capture the context of the organisation
more accurately. Beyond these immediate additions, the evaluation results
also contribute to a deeper understanding of how generative Al, especially
LLM tools, can be integrated into complex innovation processes, laying the
groundwork for future advancements in generative Al-driven innovation
management.
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4 Results

This chapter presents the results of the study, beginning by outlining the key
characteristics of early-stage innovation derived from the interview analysis.
Following this, a theory for integrating LLM agents into this process is
introduced, structured as a three-level framework necessary for successful
implementation. The second part of the chapter details the results obtained
from the PoC model. These findings offer both quantitative and qualitative
insights into the performance of LLM-based tools in innovation tasks,
evaluated against specific criteria from the perspective of professionals in
their respective innovation areas.

4.1 Integrating Generative Al into Early Innovation

The interviews provided a good overview into established innovation
activities. Implementing and embedding generative Al into this process
requires three different dimensions to be satisfied. Firstly, the tool provided
must be accurate and provide insights and evaluations beyond general
jargon. This can be achieved by using a rubric consisting of relevant drivers
and criteria that the provided LLM tool can base the outputs on. Secondly,
the provided Al-based tool must ease the work of innovation managers. This
can happen if the model provides structure to the early-stage innovation,
helps function-level collaboration, and provides consistency into ideation
and idea evaluation by bringing the stages closer to each other. Finally, since
the technology is still somewhat new, many employees struggle to change
their existing procedures. This is emphasized by doubtful experiences with
the currently available models which makes the cultural change around these
technologies pivotal in the adaptation process. At the forefront of this change
will be positive experiences with tools equipped with intuitive usability.

These levels of implementation, derived from a qualitative analysis using the
Gioia et al. (2013) method, are illustrated in Figure 5. The requirements of
this change can be understood followingly:

Level 1 — The LLM based agent tool must work for the specified context.

e To lay the foundation at Level 1, organisations can reduce workload
during early innovation stages by screening out unsuitable ideas and
enhancing promising ones based on pre-determined criteria with LLM
based tools.

Level 2 — The implementation of LLMs must enhance the innovation process.

e At level 2 the requirement is to provide more structure and
consistency into innovation process, ideation, and collaboration with
correctly implemented LLM agent tool. In a long-term, this must lead
to increased innovation success and effective results.

Level 3 — The people within the organisation must collectively be invested in
using the generative Al tools in their everyday workflows.
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e At the highest level, the goal is to guide organisational change and
encourage both technical people with ideas and decision-makers to
integrate generative Al tools into their innovation workflows. This can
be achieved by mitigating the Al scepticism through positive user
experiences and achieving visible workload reductions.

As shown in Figure 5, this approach highlights how foundational actions
(Level 1) cascade forward to enable broader organisational adaptation (Level

3).

This part further elaborates on these three levels that are required to drive
positive change in innovation activities hence providing a partial answer to
the main research question: How can generative Al be effectively integrated
into the ideation-to-concept phase of the innovation funnel to enhance
efficiency, accuracy, and innovation success? These insights are further
expanded through the PoC findings in Chapter 4.2 to provide a
comprehensive answer to the research question.
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4.1.1 Drivers for Enhancing Idea Formulation and Screening

The early stage of innovation, which involves ideation and initial idea
screening, is crucial for innovation success in general. Hence, improving the
accuracy of which ideas to develop further and which to discard can improve
the success rate significantly but also mitigate the decision maker’s workload.
The most concrete level of enhancing early innovation is to look at the key
drivers and pursue to screen out potential loser ideas and enhance the
potential winner ideas based on criteria derived from these drivers. By
leveraging data from past innovations, companies can refine their evaluation
processes and make more informed predictions about an idea’s viability.

The analysis reveals that, while the initial screening process heavily relies on
intuition, decision makers still adhere to a reasonably well-defined set of
criteria to guide their intuitive judgments. These criteria are, however, not
totally coherent between each business area or even between distinct
decision makers. Some business areas require more emphasizes on certain
criteria while others might not even be needed to consider. Thus, it is not
even relevant to build such a framework that determines all relevant
dimensions of an any given innovation. Rather it is essential to capture all
the common nominators that are used to determine whether an idea has
potential for the specific company.

With a collective analysis from the interviews, it is possible to derive three
high-level strategic dimensions that are a starting point for initially
evaluating an idea regardless of the business area: business potential,
strategic fit, and sustainability impact. These dimensions then include
individual criteria, some of which can vary significantly between different
types or scopes of innovation.

A rubric for the initial evaluation and enhancement of innovation ideas was
developed based on insights from interviews and literature. This rubric,
illustrated in Figure 6, served primarily as a reference when creating a
prompt and tools for the PoC LLM agent. The subcategories below each main
dimension illustrate common example drivers for evaluating an idea.
However, the subcategories can vary between different industries,
businesses, and individual ideas. The three dimensions the rubric covers
provide only a shallow level of analysis. Due to the limited data available in
the early stages and the reliance on human intuition and rough analytic
estimates, LLMs operate with limited accuracy. Therefore, requiring in-
depth analysis at this stage would not be feasible.
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Figure 6 Common Innovation Criteria Rubric

Another key dimension not apparent in the above rubric is the type of
innovation. According to Brown and Anthony (2011), innovations can be
categorized based on their scope and business impact into four types:
sustaining, commercial, transformational-sustaining, and disruptive. Each
category has different needs and goals, making it challenging to create a
comprehensive rubric that covers everything. However, this three-
dimensional approach to evaluation can also include incremental
innovations without necessarily analysing all the subcategories shown in
Figure 6. For instance, a suggestion to improve a production line must still
satisfy all three dimensions:

e Business Potential: Does it decrease costs or increase efficiency?

e Strategic Fit: Do we have the capabilities to implement this
improvement?

e Sustainability Impact: Does it have a climate-positive impact?

4.1.2 Areas of Improvement for Increased Innovation Efficiency

Early-stage innovation can be enhanced in booth efficiency and accuracy.
Tools based on large language models can improve the success rate of
innovation by addressing known pain points in the process. Implementing
the correct criteria for screening ideas is the first step in utilizing LLMs as
discussed in the previous part. When applied, this should increase efficiency
in several ways that were recognized in the interview analysis:

Providing more structure to the early innovation process:

As a development process advances, it becomes more structured. Regardless
of the innovation process model a company uses, measuring and defining the
potential or success of an innovation in the early stages presents challenges.
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Traditional process models typically follow a structure where ideation is
followed by idea screening. However, ideas rarely come from a single ideation
session or from the same individuals. The analysis reveals that ideas can
emerge from various sources, ranging from blue-collar workers to new
regional regulations that drive innovation in specific directions. The key to
maximizing ideation success is taking the first action rapidly with a low
threshold for taking the action.

Despite the existence of structured processes, their implementation is not
always consistent in practice. As one participant noted:

"We have a process of principle that exists and is described. Do we always
follow it slavishly, maybe not."

This variability can create gaps between ideation and screening phases,
resulting in unrefined ideas entering the innovation funnel or potentially
valuable ideas being overlooked. LLMs offer greater structure to these early
stages. LLMs can assess and elaborate on raw ideas thus presenting them in
a more actionable format while filtering out unsuitable ones. By streamlining
this initial evaluation, LLMs enable rapid action with a low threshold,
ensuring that only well-formed ideas progress to decision-makers.

Helping with Intuitive Decision-Making:

In the early stages of innovation, decision-makers often face the challenge of
evaluating initiatives with little to no concrete data. This necessitates rapid
yet informed decision-making, frequently relying on professional intuition.
Given the inherently subjective nature of idea screening, intuition emerges
as a valuable and practical tool for navigating uncertainty. Interviews with
managers underscored a broadly positive perception of intuitive decision-
making. As one interviewee explained:

"And yes, quite a lot in the end, this strategic fit is intuitive. It's like this, I
wouldn't say on a mood basis, but through expertise when you can't get any
figures directly."

This perspective highlights that subjective intuitive judgments are based on
consistent and widely recognized criteria across business areas. Final
decisions are often influenced by a combination of these known criteria and
professional expertise, allowing decision-makers to act decisively even if
there is not any quantitative data to base a decision on. Intuition, in this
context, is not arbitrary but a strategic tool shaped by experience and
situational understanding.

However, incorporating additional evidence and dimensions of analysis
through LLMs can enable decision-makers to form more sophisticated and
well-rounded opinions without requiring extensive groundwork. These
dimensions include not only the previously mentioned criteria but also
forward-looking insights into evolving regulatory and competitive
landscapes such as patents and regulations. By continuously adapting to
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these dynamic factors, LLMs can provide decision makers with actionable
perspectives, enhancing the strategic depth of their evaluations.

Facilitating cross-functional collaboration within the
organisation:

Cross-functional collaboration plays a critical role in innovation, especially
in the early stages of development where diverse expertise is crucial for
shaping ideas into actual concepts. Organisations that embrace cross-
functional collaboration can benefit from knowledge and skills of multiple
departments, enhancing the quality and feasibility of innovative ideas. The
conducted interviews emphasized the importance of cross-functional
collaboration:

"My team, we support and contribute to product knowledge through
product know-how, but not necessarily to technical development. Then
again, the technology organisation and R&D people may well be involved
in those projects and participate in that work together with their factory
developers and factory engineers."

This perspective highlights the complementary nature of knowledge-sharing
across businesses and departments, where product know-how and technical
expertise can be combined to create innovations. This is a key aspect of
enabling to refine technical raw ideas into innovative concepts.

LLMs offer a transformative solution for facilitating cross-functional
collaboration by acting as a bridge between distinct teams. These models can
combine complex inputs from various functions, ensuring that each
department’s contributions are recognized and seamlessly integrated into
idea formulation and evaluation. This approach provides easier access to
domain-specific knowledge, fostering a more cohesive and informed
innovation process.

4.1.3 Supporting Organisational Learning

The analysis reveals twofold opinions towards generative Al as some are
more sceptical while others are more optimistic. While some express doubts
about the capabilities of current technologies, everyone the author has
discussed with in the interviews recognize some potential in Al transforming
current work practices. The scepticism often stems from bad trials with the
current tools and a lack of awareness about the full range of possibilities that
generative Al offers.

Although, LLMs, such as ChatGPT, have been in free use for a couple of years,
their integration into everyday work tasks remains limited for many
employees, despite their potential to enhance performance. Based on the
interviews, employees can generally be categorized into three groups based
on their engagement activity with generative Al:
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1. Non-users: These employees might have experimented with
generative Al tools once or twice but prefer to rely on traditional
methods. This might stem from limited exposure to generative Al or
perceived complexity of these technologies.

“I don't know much about AI and its capabilities.”

2. Exploratory users: These employees are often testing new tools out
of curiosity but have not yet integrated any generative Al tools into
their routine workflows. The use cases are often perceived as limited
in creating actionable outputs or efficiency increases.

“Well, just on an experimental basis. It wasn't long before I asked
CoPilot about ... So, it could hardly answer it. There were some pretty
good generic answers ... but what we could do differently ... I did not
get any sensible answer to that.”

3. Performance users: These individuals constantly use generative Al
tools effectively to enhance productivity and creativity in their tasks.

“At the moment, the way I use it (generative Al) is mainly that it
saves time. But of course, when it does things a little differently than
what you would do, that already adds a little extra input to the
creativity.”

While many organisations are actively encouraging non-users and
exploratory users to experiment with LLM tools by providing accessible
platforms and offering training and support, transitioning most knowledge
workers to the performance-user level remains a gradual process. Successful
adaptation of LLMs as a tool for enhancing early-stage innovation requires
both decision-makers and idea generators to move beyond exploratory usage
into consistent, performance-driven application. This shift is important for
embedding LLMs as a meaningful component of the innovation funnel.
Facilitating this transformation involves not only technical training but also
fostering a culture of experimentation and iterative learning within the
organisation. The transformation is possible through observing meaningful
benefits from LLMs as described in 4.1.2.

Managers play an important role in fostering a culture where technical
expertise is effectively utilized also to innovation. The interviews reveal that
the engagement of technical staff, who often hold the greatest domain-
specific knowledge, has been inconsistent in innovation activities despite
having the expertise to identify areas for improvement in both processes and
products. Encouraging technical staff to contribute their ideas through
accessible and low-barrier tools would offer a totally different approach to
traditional idea banks that are not perceived functional by innovation
decision makers. As stated by one interviewee:
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“We used to have this kind of innovation tool where ideas were collected, but
it was discontinued because it was found that it was not a functional system
in our context.”

LLMs offer a dynamic and interactive approach to idea development. Unlike
traditional idea bank systems, LLM models allow users to refine their ideas
and receive instant feedback which creates a more engaging and efficient
process for capturing potential innovations at all organisational levels. By
making it easier for technical staff to specify their ideas, LLMs could bridge
the gap between concepts and well-defined innovation proposals. As the
same interviewee commented after revealing some of the potential use cases
of LLMs in innovation context:

“Well, 1 feel like it's definitely good because one of the experiences was when
we had this idea bank back then, so the ideas weren't limited in any way.
Many times, they had to be returned so that they need to be specified to
make them more concrete. In my opinion, this would perfectly support the
idea of having the suggested ideas initially more ready for decision-
making.”

4.2 Evaluation of the LLM Agent

The LLM agent was analysed through both quantitative data comparing
human evaluation of innovative ideas and qualitative insights provided by
the experts as detailed in Section 3.4.5. This part presents these results
followingly. First the quantitative analysis is presented which proves the
LLM agent can help idea screening phase of innovation with high specificity
but has some serious weaknesses in the predictions. The second part of this
chapter concentrates on providing the qualitative insights collected in a
workshop type of discussion with the professionals and provides insights into
how well the agent can enhance ideas. Furthermore, the analysis also reveals
some key observations about the next steps for integrating this model into
the actual early-stage innovation funnel to assist both decision makers and
innovators.

4.2.1 Quantitative Evaluation of the LLM Agent for Idea Screening

The testing of the model as an idea screening agent began by giving the same
set of ideas to two evaluators heavily involved in innovation. As described in
the part 3.4.5, the ideas were generated with ChatGPT by providing it with a
sufficient context of the company. The full set can be found in Appendix B.
Subjective and intuitive nature of innovation was imminent in the human
analysis of the tested innovative ideas with evaluator one marking 18 out of
45 ideas as “good” and evaluator two marking 8 out of 45 as “good”. Six of
these ideas were determined as good by both evaluators indicating that there
are similar intuitive aspects between innovators. However, the second
evaluator was stricter with the evaluations.
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These six ideas were designated as the “winner” ideas, representing concepts
that should ideally not be screened out by the model. The entire set of ideas
was then processed by the LLM agent at least twice to ensure reliability in its
responses. Ultimately, the model categorized 15 of the 45 ideas as “good”. A
comparison between the model's predictions and the six "winner" ideas,
determined by human evaluators, is summarized in the confusion matrix
shown in Figure 7.

Confusion Matrix for Model Predictions
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Figure 7 Model evaluation versus human evaluation Confusion Matrix.

From the confusion matrix, the following counts were derived:

e True Positives (TP): 5, where both the model and both evaluators
agree an idea was “good”.

e False Positives (FP): 10, where the model identifies idea as “good” but
at least one of the evaluators does not agree with it.

e False Negatives (FN): 1, where the model failed to identify a “good”
idea according to both evaluators.

e True Negatives (TN): 29, where both the model and evaluators agreed
an idea was not “good”.

Using these counts, key performance metrics were calculated to assess the
model’s effectiveness:

¢ Accuracy (75,56 %) reflects to the overall correctness of the model’s
predictions, combining its ability to correctly identify both “good” and
“not good” ideas. It is notable that the number of good ideas is
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relatively small compared to the “bad” ones. Hence, the No
Information Rate (NIR, 86,67 %) is higher than the model’s accuracy.

¢ Sensitivity (83,33 %) measures the model’s success in identifying
true “good” ideas, indicating it is highly capable of detecting these
when present.

e Specificity (74,36 %) evaluates the model’s ability to correctly
reflect non-good ideas, showing moderate success but a slight
tendency to overpredict.

¢ Positive Predictive Value (PPV, 33,33 %) reflects the proportion
of ideas predicted as “good” by the model that were perceived as
“good” by both evaluators, highlighting challenges in precision.

e Negative Predictive Value (NPV, 96,67 %) shows that most
ideas dismissed by the model were indeed not “good”, emphasizing its
reliability in avoiding false negatives.

¢ McNemar’s Test p-value (0.01586) indicates a statistically
significant difference between the model’s classifications and human
evaluations, suggesting a mismatch in their classifications is unlikely
to be due to random chance.

These results demonstrate that the LLM agent exhibits notable strengths in
identifying potentially good ideas (high sensitivity) and in reliably dismissing
non-promising ideas (high NPV). However, its relatively low PPV indicates a
high chance for false positives and the model seems to be overly positive in
keeping innovative ideas. In case of innovation, where only a handful of ideas
pass through the whole innovation funnel, this is not such a problem since it
increases the chance that a good idea enters the first human evaluators while
still correctly disregarding many of the bad ideas.

Further analysis of these metrics suggests that while the model is a robust
tool for assisting in early-stage idea screening by correctly screening out most
of the non-suitable ideas, it should be complemented by a human oversight
to mitigate potential weaknesses. The high sensitivity and NPV values make
the model particularly valuable in ensuring promising ideas are not
prematurely discarded which aligns with the exploratory nature of early
innovation processes. The statistical significance observed in McNemar’s test
suggests that the model does not perfectly align with human classifications.
As shown by the differences between the two human evaluators, achieving
complete alignment with human evaluations is impractical, given the
inherent variability in individual intuition, perception, and biases in human
intuition. The misalignment with the model and humans, indicated by the
McNemar’s test, can also be an improving factor that addresses the biases
with human intuition-based decisions. However, this assumption requires
further research to validate its implications.

Overall, the LLM agent shows potential as a screening tool within the early

innovation funnel, particularly for identifying and retaining good ideas. Its
performance metrics highlight key strengths in predicting the less intriguing
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ideas and in finding the key opportunities, laying a foundation for future
development and integration into decision-making process.

4.2.2 Qualitative Evaluation of the LLM Agent for Enhancing Ideas

The PoC was built to inspect LLMs ability to both evaluate and enhance
innovative ideas. The second goal, enhancing the user provided idea through
actionable insights, domain specific data, and responsive feedback, is not
easily measurable as the innovation relies so heavily on intuitive judgements.
Thus, this part of the evaluation is done through qualitative data collected in
a workshop session with two innovation managers as described in the section
3.4.5. This part presents the analysis of discussed categories: effectiveness,
value, domain-specific relevance, and usability. These observations are
presented through actual sections taken from the answers of the model.

Effectiveness

The effectiveness of the LLM agent lies in its ability to balance reasoned idea
evaluation with actionable guidance. The model demonstrates a solid
capability to identifying high-potential ideas while promptly rejecting many
of the less relevant ones. This filtering functionality is particularly valued by
the evaluators as it reduces the cognitive load on users and allows the
decision makers to focus on a more niche set of good ideas.

The model also simulates creative thinking well and can be an effective
addition to intuitive decision making. By providing solid feedback of the
ideas and having the potential to iterate through follow-ups, the model can
aid users in refining the ideas or uncovering hidden opportunities that might
otherwise be overlooked. However, while the model maintains its promise to
real-time support, the insights lack depth in complex or highly specialized
contexts. Nonetheless, the tool is seen as reliable in serving its primary
purpose of complementing the ideation process by enabling more efficient
evaluation and early-stage enhancement.

Value

Even though the model was noted for its inability to constantly provide in
depth analyses and insights, it still was perceived to bring tangible benefits
by streamlining innovation workflows such as the first screening. A core
advantage of this lies in its ability to save time for decision-makers, who can
then allocate their limited resources towards improving the best
opportunities.

The value of insights is in the little facts and details that might be easily
overlooked when conducting more in-depth analyses. For example,
providing recent research papers and articles about the topic in question is
perceived as value-adding benefit. This could be further elaborated by
providing article summaries. The features are aimed to improving an idea
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that has already been formulated by an expert in the field. Thus, providing
niche facts and dimensions beyond the core expertise of the user is essential
in leveraging LLMs into a visible business impact in innovation success.

Domain-Specific Relevance

According to both managers, the model provides some interesting facts about
the industry related topics. The model can quite efficiently search for up-to-
date information about market sizes and potential of some trends using the
web search tool. However, occasionally the model’s answers struggle with
alignment of industry specific needs and the answers are a left a bit general
such as when estimating the properties of natural materials or understanding
niche technical challenges. This should still be further improved through fine
tuning by incorporating internal data from various domains (e.g. about raw
materials, suppliers, and past innovations).

Another aspect that would increase the potential for incorporating such
models into the innovation funnel would be to ease the repetitive research
tasks that are required especially with novel-to-market innovations such as
going through existing patent databases and inspecting the constantly
changing regional regulatory landscape.

Usability

Both evaluators considered the provided answers as clear and positive which
supports the goal of increasing the cross-organisational involvement.
However, the usability aspect mainly concentrated on discussion about how
the tool should be implemented to provide value for both target groups since
the PoC did not have any user interface implemented. This is essential part
of effective integration of LLM based tools.

A key observation from this discussion is the emergence of various Al
chatbots across multiple functions which some wusers find even
overwhelming. Chatbot for an innovation use would not be a suitable option
for either the innovation managers or for the technical people willing to test
and improve their ideas. The managers and decision makers are very limited
with their time and do not incorporate anything inconvenient into their
workflows. Thus, the LLM implementation needs to be very intuitive, and it
must provide instant actionable results without trial and error through
prompt engineering. On the other hand, a new chatbot incorporated into
company forum does not differ from traditional LLM chatbot experiments
such as CoPilot or ChatGPT and can lead similar adaptation issues.

As identified from the interviews, the cross-organisational involvement in
innovation is relatively low. Hence, the proposed LLM solution should lower
the threshold of submitting ideas through effective feedback and by adding
an aspect of fun into innovation. The final discussion emerged a common
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idea of making the user interface somewhat gamified where the user does not
have to submit anything else than the idea and then just click through the
different dimensions described in part 4.1.1.

Evidence of the mentioned observations related to the different categories
can be seen in Table 6 which provides small sections of the actual answers
from the LLM agent. There are both positively and negatively perceived
examples. As the agent has limited tools and non-optimized architecture,
some of the negatively perceived outputs could be removed with better model

design.

Evaluation
Topic

Snippet of Successful PoC
Output

Snippet of Unsuccessful PoC
Output

Identifying po-
tentially good
ideas

Filtering out less
relevant ideas

Reaction to
user’s follow-up
question

Betulin, a naturally occurring com-
pound found in birch bark, has various
beneficial properties for skincare, such
as anti-inflammatory and skin-sooth-
ing effects. Developing a cosmetic
product line based on betulin could ca-
ter to the growing demand for natural
and sustainable beauty products.

The concept of new, extra soft, and dec-
orated toilet paper lacks significant in-
novation in a market that is already
saturated with various toilet paper op-
tions. While there may be a niche mar-
ket for decorative toilet paper, the pri-
mary function of toilet paper is practi-
cality and hygiene. The focus on soft-
ness may not provide a substantial
competitive advantage, as many
brands already offer ultra-soft op-
tions.

After a follow-up “Which companies
are the biggest players in this field?”:

The biggest players in the field of
nanocellulose for cosmetics include:

1) **Borregaard AS** - A leading
supplier of biochemicals and biopoly-
mers, including nanocellulose, with
applications in cosmetics.

2) **Cellucomp Ltd** - Specializes in
producing nanocellulose products for
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The idea of developing plant-based
glitter using cellulose fibers for eco-
friendly cosmetics has potential. Cellu-
lose fibers are already used in various
industries due to their sustainable na-
ture and mechanical properties. Utiliz-
ing them in the cosmetic industry
aligns with the increasing consumer
demand for sustainable and biode-
gradable products.

After a follow-up “Are some companies
already developing this kind of prod-
ucts?”:

Several companies and startups are al-
ready working on active bio-packag-
ing solutions, including those that use
seaweed-derived materials, additives
for food packaging, and temperature-
controlled packaging. This indicates a
competitive market landscape but also
validates the potential demand for
such products.



Reduces deci-
sion-makers’
workload

Providing in-
sights beyond
general jargon

Identifying
broader trends

various applications, including cos-
metics.

3) **CelluForce** - A pioneer in
nanocrystalline cellulose production,
offering solutions for the cosmetic in-
dustry.

4) **GranBio Technologies** - En-
gages in developing nanocellulose-en-
hanced products across various sec-
tors, including cosmetics.

5) **FiberLean Technologies Ltd** -
Focuses on sustainable materials, in-
cluding nanocellulose for cosmetic ap-
plications.

(the answer continues).
Relevant articles to read:

- Semple K.E. (2022). Moulded
pulp fibers for disposable food packag-
ing: A state-of-the-art review.

- Pulikkalparambil H. (2023). Re-
cent Advances in Natural Fibre-Based
Materials for Food Packaging Applica-
tions.

- Singh A.K. (2022). Promoting
sustainable packaging applications in
the circular economy by exploring and
advancing molded pulp materials for
food products: a review.

Examples include startups and estab-
lished companies focusing on com-
postable oxygen barriers, organic bi-
obased materials, temperature-con-
trolled packaging, and integrating
seaweed-derived materials.

The global nanocellulose market in
cosmetics is projected to grow signifi-
cantly, with estimates suggesting a
market size of USD 1053.09 million by
2027, growing at a CAGR of 19.9%.
This indicates a strong demand for
sustainable cosmetic ingredients, pre-
senting a lucrative opportunity

While specific articles on sustainable
materials for toilet paper were not
found, the company could benefit from
researching sustainable materials and
consumer preferences for eco-friendly
products to enhance the product's sus-
tainability aspect.

Utilizing nanocellulose in cosmetics
can significantly reduce plastic pollu-
tion and reliance on fossil fuels. As con-
sumers increasingly seek eco-friendly
products, the company can position it-
self as a leader in sustainable cosmetic
ingredients, appealing to environmen-
tally conscious consumers.

The active packaging market is bur-
geoning, driven by consumer demand
for sustainable and effective food
preservation solutions.

Table 6 Observations from the LLM Agent Performance
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4.3 Al-Enhanced Innovation Process

In the traditional industrial industries, the innovation process usually begins
with a significant number of ideas that are gradually reduced and developed
into more concrete projects through assessment and development. With
generative Al, we can enhance this traditional process by redefining the
innovation funnel thinking to consist of two bases — LLM Evaluation and
Development, and Human Evaluation and Development. In this part, first,
the new version of innovation funnel is introduced. Secondly, the new funnel
is connected to the innovation process models to provide a structure for Al-
enhanced innovation process.

4.3.1 LLM-Modified Innovation Funnel

Traditional innovation funnels, such as the one described by Hayes et al.
(1988), follow a linear progression where ideas are generated, evaluated, and
developed, with human involvement beginning from the earliest stages of
idea evaluation. The LLM-modified innovation funnel reimagines this
process by introducing a LLM as a key player in the initial screening and
development of ideas before they reach human evaluators. The LLM
enhanced innovation funnel can be seen in Figure 8. The key observations of
this funnel are twofold:

1. Wider mouth of the funnel

In the traditional model, the initial stages are limited by human capacity to
screen out new ideas. By leveraging LLMs, we can significantly expand this
capacity. The LLM model can process and evaluate much higher volume of
ideas. This results in a more exploratory and inclusive ideation phase which
can be observed from the new funnel as a widened “mouth” that can take in
more observations.

2. Thinner neck of the funnel

Ideas entering the human evaluation and development part of the funnel
are no longer raw investigations but rather further developed concept ideas.
The initial LLM part serves as a refiner that transforms the ideas to more
structured concepts. This means fewer but higher-quality ideas reach the
resource-intensive human evaluation phase, enabling managers to allocate
resources more effectively and focus on concepts with greater potential. In
the new funnel this can be observed as a thinner “neck” of the early funnel.
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LLM Evaluation and Development Human Evaluation and Development

A
investigations concept ideas development introduced
projects products

Figure 8 LLM-enhanced innovation funnel

While the Al-enhanced funnel can improve the early innovation process in
terms of capacity and initial development, results gathered from PoC indicate
that the LLMs cannot fully replace human judgement. Human evaluators
bring in critical expertise, intuition, and contextual understanding that
generative Al currently lacks. As a result, LLM serves as a complementary
tool rather than a replacement for the initial screening of innovation ideas,
supporting a hybrid model where humans and AI can collaboratively derive
the best results.

4.3.2 Al-Integrated Innovation Model

The most used innovation models in traditional industries, presented in
Chapter 2.2.2, follow a linear approach that usually begins with ideation and
ends in product launch. During this process the number of developed
concepts is reduced constantly which is well presented in the innovation
funnels. In some models, such as the Cooper’s Stage-Gate (1990), the
screening occurs at precise intervals between each stage by making
constantly more informed decisions based on the collected data and research.
However, integration of generative Al into the process modifies the early-
stage approach slightly making the existing innovation-process describing
models outdated.

Based on the positive results of the LLM model’s performance, we can
present an innovation model that changes the early-stage approach by
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closing the gap between ideation and idea screening. The model, presented
in Figure 9, can reduce the steps of traditional innovation process by
combining human intuition with AI provided insights to form an amplified
ideation and screening phase. As LLMs can process and evaluate ideas
multiple times faster than people or human teams, the resources required to
ideation and initial screening phases are reduced significantly. As expressed
in 4.2.1, the model can reduce a significant number of initial ideas even
though the alignment with human evaluation is not fully equivalent.

Al Amplified Business Develop-
Ideation and Case mentp Testing Launch
Screening

Figure 9 Al-Enhanced Innovation Model

65



5 Discussion

In this chapter the results of this thesis are discussed and connected to
existing literature. First, a recommendation for implementing the presented
LLM tool into actual innovation process is presented. Next, the contributions
to previous research are discussed which is followed by inspecting the
contributions of this study to practice. This is followed by a brief discussion
of the limitations of both the PoC tool and findings of this study, addressing
key considerations for improvement. Finally, the chapter concludes with
future directions, focusing on expanding Al-enhanced innovation beyond the
ideation-to-concept stage and evolving the tool for broader organisational
impact.

5.1 Recommendation

The results section presented promising opportunities in implementing
generative Al into being a constant part of the innovation process and thus
widening the innovation funnel. This recommendation is tailored to the case
company but can also serve as a guide for implementing similar novel tools
in comparable organisational contexts. The proposed implementation builds
on the case company’s existing processes and aligns with O’Sullivan and
Dooley’s (2008, p. 63) four key factors for successful innovation: people,
structure, environment, and culture.

A key part of this recommendation is embedding the finished LLM agent tool
into company portal or system, making it easy for employees to share and
develop their innovation ideas. The system should be easy-to-use so that
providing an idea is just one click away. This accessibility helps address
common challenges faced within hierarchical organisations where
individual’s innovation motivation is often limited. To encourage
engagement, the company should offer clear and meaningful incentives for
using the tool, paired with transparent communication about its benefits.
Without these, employees may feel their effort isn’t worth the potential
reward, as highlighted by Wendelken et al. (2014).

It’s important to note that this LLM agent tool should not be viewed as a
"finished product” at any point. Instead, it must grow and evolve
continuously. Every idea or suggestion submitted by employees offers a
chance for the tool to learn and improve. By creating a feedback loop, the
system can adapt to new challenges, identify emerging trends, and refine how
it supports users over time. This ensures the tool stays relevant, useful, and
aligned with the organisation’s needs. Furthermore, generative AI’s
capabilities are not restricted to early-stage innovation which provides even
more opportunities for future. This will be discussed in the Chapter 5.5.
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The tool’s design is also critical to its success. It should go beyond a basic
chatbot, offering an intuitive, click-based interface that makes it easy to
navigate and explore different innovation areas that are described in the
Section 4.1.1. This design is especially important for decision-makers, who
want to see the value of the tool immediately and intuitively. Without
sufficient user interface, a value providing tool will most likely not be used in
a continuous base.

Unlike the common Cooper's Stage-Gate process model, where each stage is
discrete and resource-intensive, the Al-enhanced approach introduces
iterative feedback loops early on and thus reduces decision-making blind
spots. By adapting this continuously improving system, innovation process
can be made more inclusive, adaptable, and efficient which ensures that
generative Al becomes a dynamic and constant part of companies’ innovation
strategy.

5.2 Contributions to Research

Innovation funnel, originally presented by Hayes et al. (1988) has been the
cornerstone of innovation in companies for over three decades. The concept
of feeding ideas and gradually but systematically reducing the number of
them holds still. However, the introduction of different Al tools, especially
generative Al, will eventually modify this approach towards more efficient
process. The current research on generative Al in innovation management
mainly focuses on idea generation and concept design. However, humans
remain as a reliable source of ideas due to their explicit industry knowledge
and first-hand observations. The contributions of this research to prior
studies are discussed in this section.

This study challenges established innovation models, including the
traditional innovation funnel, by considering them partially outdated for
industrial innovation settings where linear models restrict the flow of
continuous innovation and decision-making.

This study makes the following three contributions to existing literature:

1. It complements current research on generative Al in ideation by
demonstrating how these tools can be leveraged for both idea
generation and improvement.

2. It complements current research on generative AI in process
automation by illustrating its potential to streamline and enhance
innovation workflows.

3. It presents a new technique to utilize LLM-based agents in
organisation-specific contexts for idea screening and idea
development, offering a practical framework for integrating
generative Al into early-stage innovation management.
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Although generative Al is a relatively novel technology, its implications have
been widely studied across various fields, including innovation management.
The ideation potential of LLMs has been demonstrated by multiple
researchers (e.g. Bilgram and Laarmann 2023; Bouschery et al., 2023;
Girotra et al., 2023; Xu et al., 2024). Furthermore, other capabilities such as
mimicking creative work and novelty of generative AI-produced outputs (e.g.
Girotra et al., 2023; Kirkpatrick, 2023) as well as the potential for automating
processes (e.g. Beheshti et al., 2023; Wong et al., 2023) have also been
explored. This study complements the process automation capabilities of
generative Al by presenting a way to reduce the human steps required in early
innovation. Additionally, the proven ideation capability of LLMs is further
elaborated by presenting that the human created ideas can be improved.
However, it should be noted that the improvement of ideas is still lacking a
level of depth in some key areas as presented in the Chapter 4.2.2.

Furthermore, this study is the first to investigate the application of LLM
agents in idea screening and the enhancement of human-created ideas
against context specific criteria. Although various other AI models have been
utilized to provide human-like evaluations (e.g. Bell et al., 2024), there is
little scientific research on generative Al as a screening agent in innovation.
To demonstrate this, a proof-of-concept that transforms these investigations
into an actionable early-stage ideas was built, providing a practical
framework for leveraging generative Al in innovation in forest industry
context. The provided frameworks for carrying out innovation re-define the
traditional stage-by-stage approach by introducing an LLM-assisted
feedback loop for more streamlined and dynamic initial ideation and idea
screening thus reducing the workload of decision-makers and lead times.

The results both complement the existing literature in the LLM capabilities
of providing ideas and automating processes but also provides new insight
into initial idea evaluation where decision-making is traditionally very
intuitive and relies on relatively deep level of professional understanding of
a specific business.

5.3 Contributions to Practice

The results presented in this study provide actionable insights for companies
seeking to integrate generative AI into their innovation processes. The
traditional models such as Stage-Gate by Cooper (1990), NPD process by
Booz, Allen, and Hamilton (1982), or PACE method by McGrath (1996), rely
on step-by-step approach that involves lengthy evaluation cycles and high
dependence on professional intuition of decision makers. While most of
these approaches ensure as thorough decision-making as possible in early
stages, they often result in extended lead times and slower adaptability to
industrial changes.
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This study demonstrates how organisations can utilize generative Al to
streamline early-stage innovation processes while maintaining the option for
managerial intuition in the later stages. The frameworks for innovation
funnel and LLM integrated innovation process introduced in this study
reduce the bottlenecks of traditional methods by embedding an LLM-
assisted feedback loop that offers continuous and context-specific
improvements and evaluations to ideas in real time.

More specifically this study makes the following two contributions to
practice:

1. Introduces a tailored LLM agent model for streamlining
early innovation process.
Unlike generic tools such as ChatGPT or CoPilot, the architecture of
the proposed LLM agent is designed to adapt and improve continually
while remaining aligned with state-of-the-art technology (e.g. GPT-
40). This model is tailored to deliver precise and actionable results
within specific industrial domain, making them more relevant and
effective for professional use.

2. Balances automated work with managerial oversight.
The conducted interviews emphasize that managers do want to use
their own experiences and industry specific understanding as a basis
for decision-making. As described by Hogarth (2010), intuition might
be beneficial in many decision-making situations due to humans’
ability to encode frequent information, recognize previous stimuli, and
process information automatically in an effective way. This study
provides a framework that allows decision-makers to balance their
intuitive judgement with more objective external evaluation of an LLM
agent to mitigate inherent biases in individual intuition.

The LLM-based tool surpasses existing generic Al tools by addressing two
key challenges in practice. This is essential from users’ perspective since the
barrier to act is higher for novel tools. If the difference to for instance CoPilot
or ChatGPT is not clear, the tool will not be used. First, the context of industry
and the company are integrated within the tool. By utilizing domain specific
data and criteria, the model generates outputs that are more aligned with the
unique challenges and opportunities in the organisation’s field. This does not
just reduce the need to provide context with a long prompt to the model but
increases the accuracy and performance of the outputs. Secondly, the
demonstrated solution allows constant improvement in results by utilizing
the collected inputs and re-training the model to respond even more
accurately based on real-life examples.
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5.4 Limitations and Considerations

This study acknowledges several limitations related to the model’s
performance and methodology. First, the findings are based on a specific set
of operating industries of the case company. As such, the generalisability of
the results across diverse sectors may be limited. This is particularly relevant
for industries with novel technologies, unique challenges such as regulatory
environments, or highly specialized knowledge requirements. These contexts
may require tailored approaches for generative Al integration.

Second, the study primarily focused to the early stages of the innovation
funnel, leaving the later stages largely unexplored. Thus, the findings may
not fully capture the challenges and opportunities of applying generative Al
in the entire lifecycle of innovation.

Third, data availability posed a notable limitation. In this study, the model
was only given access to publicly available company data, which constrained
the depth and relevance of insights the LLM could generate. Access to
internal databases and past innovation data, such as provided ideas and
projects, could significantly influence the model’s performance and the
quality of results. Future research should explore the integration of
proprietary data sources to better evaluate the model’s potential.

Integrating novel technologies such as generative Al involves certain
considerations, particularly regarding legal and ethical aspects. The legal
challenges stem from the uncertainty surrounding future regulations for
generative Al. Ethical issues, such as biases inherent in the training data of
LLMs (Nguyen et al., 2023), can influence innovations to favour certain
groups or perspectives. Additionally, the ambiguous nature of LLMs
emphasizes these concerns, as their reasoning and decisions are difficult to
trace. The implemented agent structure partially addresses this issue by
improving the traceability of the model's decision-making process. However,
human oversight remains essential to verify facts and identify potential
biases in decision-making.

5.5 Future Directions

This study primarily explored the integration of generative Al, especially
LLMs, into the early stages of the innovation process. However, the potential
for Al-driven enhancement extends well beyond this phase. The early
development process, which often includes data gathering through tests and
research, presents opportunities to utilize this data more efficiently. For
instance, predictive analytic models could analyse historical innovation data
to estimate success probabilities across different fields. By combining such
approaches with generative Al further in the funnel, the innovation process
could evolve into a comprehensive, Al-augmented framework or
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environment, integrating tools across all stages from ideation to product
launch.

In this reimagined process, Al could accelerate cycle times by merging stages
traditionally treated as separate. For example, generative AI could
simultaneously support business case development during the ideation and
idea screening phases, while testing models could incorporate past process
data to enhance solution validation earlier in the development phase.
Ultimately, the process model thinking can be re-designed to account for
increased opportunities Al presents in increasing the efficiency in innovation
management. Nonetheless, further research is necessary to adapt AI models,
particularly generative Al, to later stages of innovation, where decision-
making increasingly relies on detailed analytics rather than professional
intuition.

Furthermore, this thesis concentrated on enhancing and screening of ideas
that yield from humans. Yet, studies (e.g. Girotra et al., 2023; Si et al., 2024)
have already presented the potential of generative Al in ideation compared
to humans. The study also explored LLM-driven ideation by generating a
dataset of ideas using ChatGPT, which included "good ideas" as determined
by evaluators. This approach could be further integrated into innovation
process models to enhance the efficiency of the initial ideation stage. This,
however, requires more research on both novelty and success of Al generated
ideas when developed further.
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Conclusion

The innovation funnel has long been the cornerstone of managing journey
from a raw idea to impactful innovations. The classical innovation funnel
model proposed by Hayes et al. (1988) aims to progressively reduce the
number of ideas while simultaneously increasing the resources dedicated to
the remaining ones. Yet nearly half of the resources spent on innovation goes
to projects that end up failing at some point of the funnel (Cooper, 1990).
This study presented how integration of generative Al, particularly LLMs,
can increase the efficiency of traditional innovation process by enabling
companies to process more initial ideas while also ensuring that the decision
makers receive only the most potential initiatives into further development.

Innovation is surrounded by uncertainty of novel technologies and trends.
Managers are expected to make early decisions for deciding the most
potential innovation projects to the portfolio which leads to intuitive
decision-making process. Although intuitive decisions delve from similar
criteria as analytical decisions (Hoghart, 2010; Sukhov et al., 2021), the
judgements are hard to trace afterwards and may be prone to biases.
Combining the advantages of professional intuition and generative AI
provides more efficient solution to early-stage innovation by increasing the
knowledge-based decision making and by adding a layer of traceability to the
process. This modifies the classical innovation models to combine the
ideation and initial screening phases into one Al amplified ideation and
screening phase, where both actions can be done simultaneously with LLM
based tool that provides a feedback loop.

This study aimed to explore the integration of generative Al, particularly
LLMs, into the innovation process for assessing and enhancing early-stage
ideas, making them more viable before human evaluation and development.
The findings indicate that a customized LLM agent, tailored with appropriate
drivers for idea evaluation and enhancement and with customized tools, can
effectively identify promising ideas as judged by professionals. This
capability helps reduce the volume of ideas requiring human assessment. The
proof-of-concept model demonstrated the potential to provide minor
improvements to initial ideas based on pre-defined dimensions. However,
the depth of these improvements remains limited and could be enhanced by
incorporating more confidential data sources for further examination.

With a correct implementation of such tool, highly hierarchical, low- to
medium tech companies can mitigate the main challenges recognised within
innovation processes. Especially managerial level decision makers are
hesitant to adapt new tools into their workflows if the tool requires excessive
learning, is not intuitive to use, and does not provide tangible results
immediately.
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The results presented in this study support previous studies in generative
AT’s potential to streamline workflows. Additionally, this study provides a
new approach to innovation management through LLM agents, and the built
solution can act as a basis for further development. This approach has
multiple benefits when compared to general generative Al models such as
CoPilot or ChatGPT as it combines the state-of-the-art LLM technology with
domain specific solutions that increase the evaluation accuracy.

Overall, the gained benefits of integrating generative Al into innovation
include cross organisational involvement of employees in innovation by
lowering the threshold to participate, providing more structure to the
ambiguous early stages of innovation, and by providing the decision makers
with additional information to form the decision around. Only through
intuitive and positive user experiences with generative Al, individuals will
gradually integrate the tools into their everyday workflows. The result of this
transformation modifies the traditional innovation funnel by adding an
extended early part where human evaluation is not needed. Thus, more ideas
can be processed with reduced human resources.
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Appendix A: Interview Transcript

This research is about integrating generative Al into innovation process. To get an
overview about innovation activities, I am conducting several interviews for em-
ployees. The interview is recorded for transcribing and analysing the answers. The
recordings will be deleted afterwards. Interviewees will be kept anonymous. How-
ever, some aspects of their work might be revealed in the study. Before submitting
my thesis, you can read the part where interviews are discussed to ensure that con-
fidential information is not published.

Do you agree to these terms?

Section 1: Introduction

Brief introduction of myself and the thesis.
Defining innovation and idea

Idea: An idea is a novel concept or solution that has the potential to create value,
improve processes, or drive change when transformed into a tangible product, ser-
vice, or method.

Innovation: Innovation is the process of turning creative ideas into practical and
impactful solutions that introduce improvements or entirely new ways of doing
things in products, processes, or business areas. Innovation can be small and in-
cremental such as improving the manufacturing process or large and disruptive
such as coming up with a new business for the company.

The thesis focuses on the whole scale of innovations ranging from incremental to
disruptive. Depending on your area of expertise, you can discuss about innovations
you work close to.

Section 2: Background
Tell me briefly about yourself and about your role in the company.

e How does your role relate to innovation/development?
e What kind of innovations are you working around?

Section 3: Innovation process

Can you describe the current process for innovation from your perspective?

What are the key steps in the process?
Has it evolved over time? If yes, how?
e What are the innovation goals?

e How is innovation success measured?

Where do the ideas for innovations come from?

e How engaged are ground-level employees in innovation? Do they submit
ideas?
o Ifyes, what channels are used to submit these ideas?
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o Are they incentivised to do so?
¢ Do you think there are enough ideas being generated?

How do you decide which ideas get taken forward?

e Isthere a formal process for selecting ideas?
e  Who makes the final decision?

Section 4: Challenges in innovation
Can you identify some challenges in the current innovation process?

e Isthere any bottleneck or area that could be improved?
e What are the most time-consuming parts of innovation?

How effective are the current methods for generating and screening ideas?
e Are there any gaps in the process for capturing or filtering ideas?

Section 5: Al in Innovation

Are you currently using any Al tools in the innovation process?

e Ifyes, which ones and how are they used?
e How effective have these Al tools been?

What potential do you see for Al, particularly generative Al, in improving the inno-
vation?

e Can you see it helping in the identified challenges?
e How about in generating, screening, or improving early-stage ideas? How?

Conclusion
Would you like to address something we haven’t covered so far?

Thank you for the interview.
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Appendix B: List of ChatGPT Generated Ideas

Product Innovations

1. Biodegradable electronics casings made from wood-based materials.

2. 3D-printed furniture using bio-based polymers developed from UPM's pulp
products.

3. Wood-based carbon fiber alternatives for lightweight, sustainable automotive
components.

4. Plant-based glitter using cellulose fibers for eco-friendly cosmetics.

5. Bio-packaging with active properties, such as keeping food fresher longer.

6. Self-healing materials made from wood-based biopolymers.

7. Sustainable medical devices, such as cellulose-based syringes or catheters.

8. Bio-based water purification membranes for use in water filtration systems.

9. Lignin-based batteries for renewable energy storage.

10. Edible packaging films made from renewable plant materials.
Sustainability Innovations

11. Reforestation-as-a-service, allowing businesses to offset their carbon foot-
prints.

12. Carbon-negative construction materials, combining biochar with existing
plywood products.

13. Al-driven sustainable forestry, optimizing tree growth and biodiversity in
UPM forests.

14. Bio-based asphalt for more sustainable roads.
15. Upcycled fashion materials, using by-products from pulp or biochemicals.

16. Circular packaging design, where UPM customers can return used materials
for repurposing.

17. Wood-based solar panels, integrating bio-materials into photovoltaic technol-
ogy.

18. Forest fire prevention technologies, such as smart sensors and bio-based fire
retardants.

19. Carbon-capturing paper products with embedded organic materials that se-
quester CO2.

20. Sustainable insulation panels for green building designs.
Energy Innovations

21. Small-scale bio-refineries for decentralized renewable energy production in ru-
ral areas.

22, Wood-based hydrogen fuel production as a green energy source.

23. Biomass-powered data centers, using UPM's bioenergy solutions.

24. Energy-generating materials, such as piezoelectric bio-polymers.

25. Floating biofuel platforms for offshore renewable energy production.
Consumer Products

31. DIY bio-composite Kits for at-home crafting of sustainable goods.

32. Wood-based air fresheners that are compostable and free of synthetic chemi-
cals.

33. Eco-friendly diapers, utilizing UPM’s specialty papers for absorbent cores.
34. Paper-based smart tags for tracking perishables or inventory in supply chains.
35. Biodegradable plant pots infused with fertilizers for gardening enthusiasts.
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Digital Innovations

36. Al forestry planning software for global adoption, leveraging UPM’s expertise
in sustainable forestry.

37. Consumer carbon calculators for UPM’s products, showing eco-impact in real
time.

38. Virtual forests, allowing users to "walk through" sustainably managed UPM for-
ests online.

39. Smart labels with QR codes, offering product lifecycle information.
40. Gamified sustainability apps, where users "grow virtual trees" by supporting
UPM products.

Collaborative Innovations

41. University partnerships for student-led innovation labs in renewable materials.

42. Co-branding with electric vehicle companies to offer bio-based interior so-
lutions.

43. Open-source bio-material designs, fostering global innovation using UPM’s
products.

44. Forest retreats, showcasing UPM’s sustainability in immersive eco-tourism.
45. Shared R&D programs with pharmaceutical companies for bio-based solutions.

Unconventional Innovations

46. Living bio-walls, incorporating UPM materials into building-integrated vegeta-
tion.

47. Eco-friendly board games, using UPM’s papers and bio-materials.

48. A cellulose-based alternative to leather, targeting fashion and automotive in-
dustries.

49. Reusable shipping containers, incorporating bio-composites for durability and
sustainability.

50. Wood-based chewing gum for a biodegradable alternative to synthetic gums.
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Appendix C: Flowchart of the PoC Model

Receive Idea
from the user

Thought

—

Action: Final Action: Tool
answer

Observation:
Data received
from the tool

Thought
Action: Final Action: Tool
answer
Observation:

Data received
from the tool

Thought

Step

Example 1

Example 2

Receive the idea from user as a text prompt

“Wood fiber-based composite for tableware.”

“New, extra soft, and decorated toilet paper.”

Thought: the model processes the idea and thinks
whether to give “final answer” or use a "tool".

Thought: "I need to know more about fiber-based
composite products in the company”

Thought: "I need to know more about the toilet paper
markets”

Action: Can be either “Final answer” or “Tool". If the
madel thinks it needs more information it uses a tool
and gives it an input as a string.

Action: “Company reports”
Action_Input: “Wood fiber-based composite”

Action: “Web"
Action_Input: “global toilet paper market size”

Observation: the model receives the output from the
tool {usually from API request).

Small part of the output from the “company reports” -
request: ...the safety of wood-based fibres in
contact with food and...

API request output: output from internet when
searching the above keywords

Thought: the model processes the observation and
thinks what action to take.

Thought: “The idea seems promising. Let's see if
there are recent studies about the topic.”

Thought: “The market for decorative toilet paper Is
00 niche.”

Action: The LLM uses different tocls as many times
as needed to form the final answer.

Action: “Articles”
Action_Input: “Wood fiber-based composite
tableware”

Action: “Final answer”
Action_Input: -Final answer to the user-

This cycle Thought < Action - Observation repeats
as many times as needed for the LLM to form the
final answer (evaluation and enhancement for idea if
there is potential)

Usually 3-4 tools are used for good ideas. Some tools
are called multiple times.

Usually 0-2 tools are used for not sufficient ideas
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