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Abstract

Our paper explores the integration of generative artificial intelligence (GenAl) into
organizations’ innovation and new product development processes, focusing on
when and how to trust Al-generated outcomes in this context. We propose a frame-
work to assess the level of trust required based on task-specific needs and the distinc-
tion between general and expert Al models. While inaccuracies in GenAl outputs can
foster creativity during ideation, higher accuracy, and trust are essential for tasks
requiring domain-specific expertise. The paper concludes by discussing the necessary
human capabilities and organizational strategies for effectively deploying GenAl in
innovation management.
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A defining feature of generative artificial intelligence (GenAl) is its capacity to gener-
ate novel and creative outputs, a capability that sets it apart from traditional discrimi-
native Al (Acar et al., 2024; Bouschery et al., 2023). This has given rise to a new
interest in artificial intelligence (Al) as a tool for innovation. As the majority of data
pertinent to innovation projects is textual (market insights, customer needs, technolog-
ical knowledge, concept descriptions, project documentation, etc.), the growing capa-
bilities of large language models (LLMs) such as OpenAl’s ChatGPT, Google’s
Gemini, or Meta’s Llama have contributed to the increased interest in Al as a novel
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innovation tool (Piller et al., 2023). While prior literature has discussed the relationship
between GenAl and innovation in general (Bilgram & Laarmann, 2023; Cooper &
Brem, 2024; Fiiller & Hutter, 2024; Roberts & Candi, 2024), we ask in this article:
When can you trust the outcomes of Al in the context of innovation?

We propose that answering three questions can guide organizations in navigating
the opportunities of Al (especially GenAl) for innovation. First, firms must structure
their tasks (and desired outcomes) regarding the level of trust required when engaging
a GenAl to support a development process. Second, managers need to know when
general Al models are sufficient and when customized models trained for a firm’s spe-
cific domain are required to generate a trustful outcome. Third, different Al models
require different skills and capabilities from their users. Only when the skills match
the task requirements will using GenAl lead to higher innovation performance.

Question |: Do We Need Trust in the GenAl Outcome?

One of the most prominent concerns organizations have when deploying GenAl is its
inaccuracy (McKinsey, 2023), such as LLMs’ infamous hallucinations of making up
facts and references (Ji et al., 2023). Recent developments like combining a generative
output with a web search have reduced this tendency. Still, everyone who asked
ChatGPT to draft their curriculum vitae (CV) will have recognized that the algorithm
makes up facts. While easily spotted in one’s CV, this can lead to severe concerns
when summarizing technical literature or prompting the system to identify latent cus-
tomer needs. Ultimately, decisions along the innovation process must be based on
accurate attributes developed from robust prediction models using the best available
data. This points to the need for these systems to be developed and trained specifically
for an industry or product line to derive trustworthy results from domain-specific data,
leading to informed decisions.

However, there are also situations wherein inaccuracy is not inherently bad. For
example, in upfront ideation and discovery tasks, organizations don’t need to trust
GenAl’s results. Here, GenAl’s hallucinations are a feature that fosters creativity. In
ideation, creativity and out-of-the-box thinking are the goal. Trained models could
lead to path dependencies and unwanted biases. Thus, contrary to popular belief, we
suggest that the issue is not to find a way to make all Al-generated results accurate
so that they are always trustworthy but rather to be able to assess the level of trust
that specific use cases require and adjust the accuracy of GenAl results accordingly.

The level of accuracy of, and therefore trust in, the GenAl depends on the kind of
data and resources invested in its development and training. Organizations must first
understand the factors and their interplay that make up a particular task to assess
whether the GenAI’s underlying models sufficiently reflect these in their ground
truth (Lebovitz et al., 2023). Second, they must ensure the quality and quantity of
data that the model training process requires to achieve the desired accuracy of
Al-generated results. By understanding the trust dimension, organizations can manage
expectations and allocate resources accordingly and effectively. For example, under-
standing customer sentiment on a certain product using ChatGPT will give you an
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answer, but the accuracy will be low. However, using an LLM on internal customer
reviews can provide highly accurate insights into customer preferences (Yuan et al.,
2022). Some starting questions to explore the trust dimension further are: What are
the output expectations? Will the AI's output be used as a thought starter or as the
base for a decision? What type of information is required as input for the model: internal
or external data? If external information is sufficient, how credible and verifiable are the
underlying data and training?

Question 2: Do We Need a General or an Expert Model?

Al models can be differentiated into general and task-specific expert models. General
models have been trained on a large set of diverse data (e.g., corpora of information
gleaned from the Internet over the last twenty years). This allows general Al platforms
to be versatile and handle various tasks by ingeniously connecting information from
multiple domains. Examples of General Models are the commercially available
GenAl systems (e.g., OpenAl’s ChatGPT, Google’s Gemini, or Meta’s Llama.).
These powerful general models primarily constitute the current fascination with
GenAl They are easily accessible, fast, and amazingly knowledgeable about many dif-
ferent fields and domains (e.g., from software coding suggestions to questions on mar-
keting). They also can connect very different bodies of knowledge innovatively,
constituting their ability for lateral thinking and creativity.

Additionally, the structure of the models and built-in fluency can help summarize
and categorize information extremely efficiently. Finally, these abilities can be
accessed at a very low cost. But at the same time, the knowledge capabilities of
these systems cloud people’s understanding and expectations of what these systems
can do. Using ChatGPT for ideation can yield interesting ideas (Bouschery et al.,
2024; Guzik et al., 2023; Meincke et al., 2024). However, the underlying model is
not explicitly trained for a specific market. Therefore, even if the response sounds cred-
ible because the underlying language model excels at fluency, it is not credible enough
to make authentic design and business decisions at advanced innovation stages that
require specificity and accuracy.

Expert models can bridge the gap between sounding credible and being credible.
They are designed to handle the additional complexity introduced by domain- and
organization-specific factors. Expert applications built out of expert models excel in
their domain of expertise and deliver tailored results compared to general models.
To transition to expert models by integrating specific information into LLMs, an
expert model can either be created from scratch through fine-tuning existing LLMs
on domain-specific data (e.g., using OpenAl’s GPT builder to create custom
ChatGPTs) or prompt-tuning commercially available LLMs (e.g., input expertise
into OpenAI’s ChatGPT using prompts without changing its underlying model) so
that the Al-generated outcomes reflect experts’ real-world knowledge processes and
thus the complexity that certain use cases ask for. A growing trend in developing spe-
cialized expert models is models that serve as “Al agents” (Xi et al., 2023). These
agents generate specialized information and can collaborate with other models,
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fostering a more connected and efficient Al ecosystem. This approach leverages the
strengths of individual expert models while allowing them to work together to
provide comprehensive solutions. This trend toward collaboration among Al agents
can enhance accuracy and specificity, making them valuable assets in complex
decision-making processes that require detailed and precise information (Chen et al.,
2024).

Navigating the Possibilities of GenAl for Innovation
Management

A synthesis of these two questions and decision flows reveals a landscape that can
facilitate navigation of the potential applications of GenAl in innovation management,
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Figure |. Matching GenAl applications to specific innovation tasks.
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as shown in Figure 1. The horizontal axis asks about the level of trust and confidence a
task requires. The vertical axis shows the type of GenAl, either a general model or an
expert system. The two left quadrants (#1 and #2) correspond to tasks where trust in the
outcome is unimportant, as there will be other checks and evaluations of the results.
These are generally questions in the problem space of an innovation project to
develop compelling concept alternatives. The quadrants on the right (#3 and #4)
address the solution space, where, for example, the best concept is transformed into
a technical solution and launched into the market. Hence, these situations require
high trust in the AI’s prediction. In the following, we explore these four quadrants
in more detail.

Quadrant 1: General models with public data for ideation & discovery: This quad-
rant represents tasks characterized by a relatively low level of trust required in the AI’s
output and the applicability of general models. Typical tasks in this quadrant include
ideating novel ideas and brainstorming, discovering initial customer needs and
market requirements, and exploring new topics to gain a basic understanding of
various domains. General models in the form of the popular commercial LLMs can
support these. This class of GenAl enhances lateral thinking capabilities by providing
diverse perspectives and facilitating connections across different knowledge areas,
which can lead to more innovative and creative solutions. Innovation teams get
quick access to more knowledge from many domains that might otherwise be
outside the team’s expertise.

Additionally, these models assist in navigating larger general knowledge fields by
quickly assimilating and presenting information that would otherwise require extensive
manual research, thereby enabling innovation teams to focus on applying this knowl-
edge to develop and refine their concepts. In addition to knowledge extraction capabil-
ities, text-to-image generators DALL-E, Stable Diffusion, or Midjourney are robust
general models that can generate basic mock-ups to make “crazy” ideas more tangible.
Much of the prior literature on GenAl for innovation can be placed in this field.

Quadrant 2: Expert models with domain-specific data for concept refinement: In
this cluster, tasks are still related to exploration and creativity but require more specific
knowledge about a domain. Typical tasks include concept refinement, latent need iden-
tification and validation, and experimentation and prototyping. An example could be
further elaborating concepts or ideas from the first quadrant or generating ideas in
highly specialized areas not adequately covered by general models. Evaluating the
market fit of a concrete idea or initial validations that concepts are technically, finan-
cially, and operationally viable and aligned with an organization’s overall strategy and
goals requires access to specific, often in-public information. Still, results don’t have to
be completely accurate and 100% trustworthy to be useful at this stage. However, such
tasks require GenAl outputs reflecting solution information covered by engineering
expertise to produce acceptable results. Thus, the GenAl must be trained on
domain-specific data to understand the required information and become an expert
system (Bouschery et al., 2023; Piller et al., 2023). In addition to critical technical
requirements, the GenAl output should also reflect domain- and organization-specific
knowledge, such as evaluating the viability of the concepts using customer sentiment
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data culled from customer reviews, which consider the context of the specific industry.
This requires training on the product’s particular attributes and its industry vertical. The
result is a more targeted and precise approach to developing ideas, ensuring that they
are not only innovative but also viable within the specific context of the industry.
Furthermore, by leveraging expert models, organizations can refine concepts with a
higher degree of relevance and accuracy, thus increasing the likelihood of successful
market entry.

Quadrant 3: Expert models with distinct capabilities for engineering & technical
problem-solving: This quadrant represents tasks that cover a critical area where the
highest level of trust and confidence in Al outputs is required. In this quadrant,
tasks such as technical or scientific problem-solving, engineering and design, and man-
aging regulatory and compliance procedures are central. For years, computer-aided
engineering (CAE) and advanced simulation systems have defined this space. These
expert systems must incorporate knowledge of scientific laws, industry standards,
safety regulations, and any applicable legal requirements that designers and engineers
must recognize when developing a product’s features or technical solutions to defined
problems. This information constitutes the expert model’s “ground truth”—the anno-
tated data that the model is trained on—and thus significantly influences the trustwor-
thiness of the Al-generated outcomes.

The promise of GenAl in this stage is to navigate the overall complexity that comes
with the traditional tools and find optimal solutions more quickly. At the same time,
engineers and designers often focus too much on the technical solutions they
already know and are comfortable with. GenAl can help explore a more extensive sol-
ution space and overcome path dependencies. We see this combination of established
(but also complex to operate) expert systems with GenAl capabilities as a significant
opportunity (Davenport et al., 2023; Salvador & Sting, 2022). Marion et al. (2024)
discuss the case of Siemens Simcenter. This established simulation package allows
engineers to simulate the physical behavior of products or processes, replacing phys-
ical prototypes and testbeds with digital ones. While very powerful, Simcenter tradi-
tionally required long setup times and could only be used after extensive training.
Interpreting the results of a simulation also traditionally demands deep expertise. To
overcome these challenges, Siemens combined the established expert system with a
GenAl-based frontend (user interface), creating an expert application called
HiSimcenter. It can handle tasks ranging from simple queries, such as selecting the
proper CAE tool for a given task, to a fully automated design capability that takes
product requirements (in natural language) as input and directly generates a compliant
design. This expert application not only makes the use of CAE tools more accessible
but also makes their results more understandable to a broader set of users who have
domain expertise but are not simulation specialists.

Quadrant 4: General models with proprietary data for evaluation and planning: In
the final stage of the innovation process, general models can be used to increase the
efficiency of these tasks if the innovation team can provide data about the solution
to be evaluated and planned to build confidence in the outcome. In this phase, tasks
encompass summarization and categorizing diverse content, such as text for user
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manuals or training documentation. The scope of tasks extends to launch support,
including creating media announcements or instructions for service representatives
who provide user support. Additionally, activities can involve code exploration and
debugging, ensuring the efficiency of software development processes. All of these
tasks have to be executed so that the user can fully trust the outcome of the Al This
quadrant has recently seen much progress, with the ability to quickly train a general
model with context-specific information, such as creating one’s own ChatGPT.
Normally installed on a secure and private service instance, organizations here upload
corporate documentation, like product descriptions or engineering files, to provide
context and industry knowledge to the model. Still, the main efficiency gain of using
GenAl in this cluster stems from building on powerful general models that can be
enhanced easily by context-specific information to establish trust in the results.

Question 3: Do We Have the Right Al Capabilities Within the
Innovation Process?

Our discussion of the first two questions proposes that organizations navigating the
deployment of GenAl for innovation face a nuanced challenge, balancing concerns
about inaccuracies, especially in critical tasks, with the benefits of GenAlI’s creativity
during ideation. The trustworthiness of GenAl hinges on understanding the specific
requirements of different innovation tasks and adjusting its accuracy accordingly.
This involves discerning between versatile general models, exemplified by widely
used systems like ChatGPT, and task-specific expert models tailored to handle
domain-specific complexities. Firms need to ensure GenAl aligns effectively with
the intricacies of the specific use cases on the task level within their innovation process.

There is a third question organizations have to ask next to understanding the
required trust on a task level and the difference between general and expert models:
How to assess and develop the human capabilities of their innovation teams (Gama
& Magistretti, 2023; Igna & Venturini, 2023; Kemp, 2024). Given the speed with
which these technologies are evolving, the question of integration within the organiza-
tion becomes more critical. As Siemens demonstrates, a top-down approach of strate-
gically investing in internal development and strategic partnerships is one approach.
However, these initiatives take time, and the latency of implementation may result
in technology deployment that is already dated. Hence, bottom-up, more democratized
approaches are required, too, where teams and individuals select, use, and build tools
as they see fit. While this comes with challenges within an organization, such as control
and security, this “citizen development” approach fosters speed and agility—and is pri-
marily supported by the abilities of GenAl (Davenport et al., 2023).

Merck, the German healthcare and electronics company, provides an example in this
regard. A long-time user of conventional Al for laboratory automation, Merck has
developed more than 300 predictive models of compound properties through past
experimentation with various Al systems. One of their primary goals in adding
GenAl (LLMs) to their Al portfolio was to create an interface to these specialized
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discovery systems, similar to Siemens’ HiSimcenter, in a very top-down, strategic
approach. In parallel, Merck started a bottom-up exploration with GenAl by giving
all 64,000 employees early access to ChatGPT (in a secure private cloud environment).
Providing broad access was seen as the best way to increase GenAl literacy. To get
people excited about the possibilities of GenAl, access was phased in at a rate of a
few thousand users per week, and in return, users were asked to participate in local
communities of practice and share their GenAl experiments. By fostering peer learning
and collaboration, the company expects to increase R&D productivity by 50% over the
next few years through more effective use of traditional Al systems. We suggest com-
bining both approaches to allow companies to strategically build better data and trusted
solutions while enabling dynamic experimentation. However, much future research is
needed to explore this proposition and many of the contingencies of building trust in an
Al output in the context of innovation.

Conclusions and Outlook

Incorporating GenAl into the innovation process presents a unique set of opportunities
and challenges. As previously stated, the most effective means of leveraging GenAl is
understanding the subtle nuances of trust, the distinction between general and expert
models, and the alignment of human capabilities with Al tools. The decision-making
process regarding the degree and manner of trust to be accorded to Al outputs is not
merely a technical consideration; instead, it is a strategic one that can influence the tra-
jectory of innovation within an organization. Our investigation underscores the signifi-
cance of contextual factors in determining the optimal degree of trust in Al-generated
outcomes. In the ideation and discovery phases, where creativity and unconventional
thinking are paramount, the inaccuracies of GenAl can be utilized as a distinctive
feature rather than a shortcoming. Conversely, in the later stages of product develop-
ment, where precision and domain-specific knowledge are paramount, reliance on
expert models becomes indispensable.

This dual approach to Al deployment suggests several avenues for future research.
It is incumbent upon scholars and practitioners alike to investigate the manner in which
disparate industries and organizational contexts shape the equilibrium between creativ-
ity and accuracy in Al-generated outcomes. Furthermore, the ever-changing landscape
of Al capabilities, like the current emergence of Al agents, necessitates further inves-
tigation to ascertain the optimal ways of utilizing these tools to enhance decision-
making and innovation. In this context, Hagendorff et al. (2023) suggest studying
LLMs’ behavior and reasoning abilities. They propose to engage LLMs in behavioral
experiments that have traditionally been aimed at understanding human cognition and
behavior to better understand their “reasoning” and factors that generate a specific
response. Our findings highlight the necessity of a strategic and multifaceted approach
to Al integration for practitioners. It is imperative that organizations not only invest in
the requisite technological infrastructure but also cultivate the human expertise neces-
sary to interpret and leverage Al outputs effectively—as well as the human expertise to
know the nature of the task in the first place. The potential of GenAl to democratize
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innovation processes through “citizen development” initiatives, as well as the risks
associated with inadequate training and oversight, require careful consideration.

In conclusion, as GenAl continues to reshape the innovation landscape, the critical
challenge for researchers and practitioners is to develop frameworks that balance the
inherent trade-offs between creativity and accuracy, generalization and specialization,
and automation and human judgment. By addressing these challenges head-on, we may
come closer to unlocking the full potential of GenAl for innovation.
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