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ABSTRACT

Innovation is crucial for small businesses to remain competitive and adaptable in dynamic markets. Recent advancements in
Al, particularly machine learning and natural language processing, offer promising tools for enhancing product innovation.
However, small businesses often face significant challenges in adopting AI due to limited financial resources, data infrastruc-
ture, technical expertise, operational and cultural barriers. This paper presents a novel and holistic human-AI-assisted product
innovation (HAIAPI) framework designed to address these challenges by integrating an advanced large language model ap-
proach across four key stages of the product innovation process: (1) Al-augmented problem articulation, (2) human expert prob-
lem selection, (3) Al-augmented solution generation and (4) human expert solution selection. Through an in-depth case study
of an Australian e-retailer, this paper provides practical insights into how AI can enhance problem articulation and solution
generation, while human expertise ensures relevant problem and solution selection. The detailed instructions on implementing
this framework, including Generative Pre-Trained Transformers prompts, for small businesses are supported by a comprehen-
sive resource toolkit and checklist detailing necessary financial, technical and human resources. Last, three key principles of
human-AI collaboration are synthesised, offering further actionable strategies for small business managers/owners looking to
effectively integrate AT into their product innovation processes.

1 | Introduction

Innovation is crucial for small businesses.! It drives growth,
competitiveness and sustainability. In today's dynamic mar-
ket, small businesses must continuously adapt and inno-
vate to meet evolving customer needs and to stay competitive
(Forsman 2011). Research shows that firms that prioritise dig-
ital innovation tend to perform better in terms of profitability
and market share (Kohli and Melville 2019). For small busi-
nesses in particular, the adoption of new technologies is crucial
to facilitate the development of products that differentiate them
from larger competitors (Chan et al. 2019). Beyond creating new

revenue streams, innovation improves operational efficiencies,
reduces costs and enhances customer satisfaction (Mandviwalla
and Flanagan 2021).

Recent data shows a 5% increase in global AI adoption by firms
between 2022 and 2023, with North America leading at 61%
(Thormundsson 2024). This increase reflects a growing reliance
on Al to enhance operational efficiency and decision-making
across industries. Importantly, AI has made considerable ad-
vancements in recent years, particularly through developments
in natural language processing (NLP) and machine learning
(ML), significantly transforming the product innovation process
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(Bouschery et al. 2023). For example, Proven Skincare, specialis-
ingin personalised skincare, offers a rare case of a small business
effectively utilising ML through its AI-powered Skin Genome
Project (Prosser 2022). By analysing over 28 million customer
reviews, scientific studies and ingredient data, Proven develops
customised skincare products tailored to individual skin types,
environmental conditions and lifestyle factors. This data-driven
approach enables Proven to meet evolving consumer demands
with personalised, science-backed skincare solutions, allowing
the company to remain competitive in the beauty industry. This
example illustrates AI's potential to automate and enhance var-
ious stages of product innovation, highlighting its importance
as a tool for small businesses seeking to remain competitive and
efficient (Verganti et al. 2020).

However, despite AI's transformative potential in product inno-
vation, most small businesses struggle to adopt these technol-
ogies and establish effective human-AI collaboration. One of
the most pressing barriers is limited financial resources, which
often restricts small businesses from investing in advanced Al
systems and the technical expertise required to implement and
maintain such tools (Ransbotham et al. 2018). For example, hir-
ing Al specialists or data scientists to design, train and manage
AT models may place a financial burden on small businesses.
Ongoing costs for maintaining and updating AI systems can
also add to the financial strain, making long-term investment
difficult (Ghezzi and Cavallo 2020). In addition to financial lim-
itations, small businesses often lack the necessary data infra-
structure to fully exploit AI's capabilities. Al systems depend on
large datasets to detect patterns, make predictions and generate
valuable insights (Kanbach et al. 2024). Yet, small businesses
frequently have limited access to such data, either because they
have not yet accumulated significant customer or product data
or because they lack the tools to manage and analyse existing
data (Duan et al. 2019). That is, while large corporations might
have access to comprehensive customer databases, small busi-
nesses often deal with fragmented or incomplete datasets, re-
ducing AT's ability to deliver accurate and actionable results.

Another significant challenge is integrating AI into existing
business processes, which requires significant cultural shifts
and organisational restructuring that can be daunting for small
businesses. Al adoption often demands shifting from manual or
human-driven decision-making processes to those that are more
data-driven and automated (Bouschery et al. 2023). Specifically,
small businesses typically rely on intuition-based, relationship-
driven decision-making, which contrasts with AI's data-driven
automation, creating resistance as employees fear job displace-
ment or diminished roles (Brougham and Haar 2018). To add,
unlike larger corporations, which often have dedicated change
management teams, small businesses also operate with lean
structures where employees wear multiple hats. This makes it
challenging to implement AI-driven changes without disrupting
daily operations (Schwaeke et al. 2024). Furthermore, building
trust in AT outputs is essential, for both small business and large
corporations, but often difficult due to the opaque nature of AI
decision-making processes. Many AI models operate as ‘black
boxes’ where the rationale behind certain outputs is not read-
ily explainable. This lack of transparency can lead to scepticism
among employees and decision makers, where personal expe-
rience and intuition have traditionally played a central role in

decision making (Rudin 2019). For example, in a hypothetical
scenario, if an independent local bookstore were to implement
an Al-powered recommendation system, staff might resist, fear-
ing it would replace their expertise in customer engagement.
The AT's data-driven suggestions could conflict with traditional
intuition-based curation, creating scepticism, while the owner
might struggle with operational adjustments.

The rapid advancement of AT has created significant opportuni-
ties for product innovation, yet small businesses often struggle
with its adoption due to financial, technical, cultural and oper-
ational barriers. While Al-driven frameworks typically cater to
large organisations with extensive resources, small businesses
require tailored, scalable solutions that prioritise accessibility
and practical integration. Building on Bouschery et al.'s (2023)
conceptual work on the use of large language models, specifi-
cally Generative Pre-Trained Transformers (GPTs), for product
innovation and design, we aim to bridge this gap by develop-
ing a novel and holistic human-ATI-assisted product innovation
(HATIAPI) framework that integrates AI's analytical power with
human expertise to ensure actionable insights by building on
the Double Diamond design model (Design Council 2015). Our
framework facilitates human-AI collaboration across the four
distinct stages of the product innovation process: (1) problem
articulation, (2) product selection, (3) solution generation and
(4) solution selection. What sets our work apart is its empha-
sis on AI-human collaboration rather than automation alone,
as evidenced by the four key stages of our framework: (1) Al-
augmented problem articulation, (2) human expert problem
selection, (3) AI-augmented solution generation and (4) human
expert solution selection.

A major contribution of our paper is the development of a struc-
tured, resource considerate Al implementation guidance, comple-
mented by a practical toolkit detailing the financial, human and
technological resources needed for successful adoption. By incor-
porating GPTs, our framework allows small businesses to harness
AT's capabilities without requiring extensive proprietary datasets
or specialised technical knowledge. To validate our framework, we
conducted an empirical case study with an Australian e-retailer, il-
lustrating the practical viability of Al-assisted product innovation
in small business environments. Based on our learnings from the
case study, we distilled three key principles for effective human-
AT collaboration, specifically addressing the challenges of small
business. In our practical paper, moving beyond theoretical ex-
ploration, we offer concrete strategies that equip small businesses
with the tools to integrate Al effectively, drive product innovation
and enhance their competitive edge.

2 | Problem Statement

The increasing integration of AI in business operations presents
substantial opportunities for enhancing product innovation,
particularly for small businesses. However, despite the potential
benefits, they often struggle to adopt AI-driven approaches due
to limited financial resources (Ransbotham et al. 2018), inad-
equate data infrastructure (Kanbach et al. 2024), insufficient
technical expertise (Duan et al. 2019) and cultural (Brougham
and Haar 2018) and operational barriers (Schwaeke et al. 2024).
These challenges hinder their ability to compete with larger
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counterparts that can leverage AT to streamline product devel-
opment, improve efficiency and enhance customer satisfaction.

Research highlights the transformative role of AI in product
innovation (e.g., Yin et al. 2023), yet its practical application
in small business contexts remains underexplored. Large cor-
porations have successfully implemented AlI-driven solutions
to automate their problem articulation and selection and solu-
tion generation and selection (BMW Group 2023; Creery 2024).
However, these implementations typically require considerable
resources, making them less accessible to small businesses
(Duan et al. 2019). Consequently, there is a pressing need for
frameworks that allow small businesses to integrate AI into
their product innovation processes in a way that is both practi-
cal and resource-efficient. The significance of this issue extends
beyond theoretical implications, as ineffective product innova-
tion processes in small businesses lead to prolonged develop-
ment cycles, increased costs and missed market opportunities
(Heidenreich and Kraemer 2016). Traditional approaches to
identifying and addressing product-related problems often rely
on informal methods, such as anecdotal customer feedback or
intuition-based decision-making, which lack scalability and sys-
tematic rigour, as evidenced by key insights from our case study.
Without structured and resource-efficient Al-assisted frame-
works, small businesses risk inefficient allocation of resources
and delayed responsiveness to market demands.

Addressing these challenges requires a novel approach that
integrates AI's computational power with human expertise
to ensure both efficiency and relevance in product innova-
tion processes. We thus develop and evaluate a comprehensive
framework, designed to integrate AI capabilities and human
intelligence across the four different stages of product problem
and solution space in the product innovation process. By system-
atically leveraging GPTs for data-driven insights while preserv-
ing human judgement in critical decision-making processes, our
framework provides small businesses with a structured yet flex-
ible and resource-efficient model to enhance their innovation
capabilities. Crucially, the practical significance of solving this
problem is notable. By implementing an effective and efficient
Al-assisted approach to product innovation, small businesses
can enhance their ability to detect and prioritise customer prob-
lems, generate creative solutions, and make informed design
decisions—all while reducing costs and development time. We
contribute to business practice by offering a tested framework
that small businesses can adopt to harness Al in a way that
aligns with their unique constraints and operational needs.

3 | Background

NLP and ML are the main Al-assisted approaches for automating
the first two stages of product innovation: problem articulation
(e.g., our product’'s complexity is causing user frustration, leading
to decreased satisfaction and higher return rates) and problem
selection (e.g., prioritise product complexity issue over other con-
cerns to improve customer satisfaction and reduce return rates).
NLP tools can analyse vast amounts of unstructured customer
feedback, product reviews and social media posts to detect re-
curring issues, such as product complexity leading to user dissat-
isfaction (Zachlod et al. 2022). For example, sentiment analysis,

a subset of NLP, can identify specific complaints and gauge the
intensity of customer emotions in user-generated data, such as
customer reviews, social media posts, blogs and personal web-
sites, helping to articulate problems such as frustration due to
product design flaws (Aldunate et al. 2022). Moreover, through
clustering techniques, ML can categorise identified problems
based on their frequency and significance. For instance, unsu-
pervised ML algorithms can group similar customer issues, high-
lighting major pain points such as product complexity, and then
rank these issues according to their predicted impact on metrics
such as customer satisfaction and return rates (Noori 2021).

ML is the key Al-assisted approach for automating the next two
stages of product innovation: solution generation (e.g., the prod-
uct design team held a series of brainstorming sessions to gen-
erate a wide range of potential solutions, combining ideas from
different departments and stakeholder feedback) and solution
selection (e.g., after generating multiple ideas, the product design
team used multiple criteria to evaluate each solution’s feasibility,
cost and potential impact). Generative design tools, powered by
algorithms, can rapidly create multiple design variations by ex-
ploring a wide range of possibilities based on predefined con-
straints, such as user preferences or cost limitations (Martorelli
and Gloria 2023). For example, in addressing a problem such as
product complexity, generative design tools, such as Autodesk
Generative Design,? can propose various solutions that simplify
the product's interface while maintaining core functionalities. In
addition, ML is used to refine these generated solutions by predict-
ing their performance based on historical data. For solution selec-
tion, multi-criteria decision analysis (MCDA) models, combined
with ML, can automate the evaluation of each potential solution
against criteria such as feasibility, cost-effectiveness and potential
impact on customer satisfaction (Martorelli and Gloria 2023).

While these tools have tremendous promise, current AI ap-
proaches for automating product innovation processes, such as
NLP and ML, are not ideal for small businesses, who often have
limited resources. These methods often require large datasets, ad-
vanced technical expertise and substantial financial investment,
all of which small businesses typically lack (Duan et al. 2019).
GPTs, on the other hand, offer a more accessible solution for
small businesses. GPTs are advanced AI models that generate
human-like text by predicting and assembling words based on
vast pre-existing language data. These models are designed to
perform a range of language-related tasks, from answering ques-
tions to creating content, with minimal additional training (Orru
et al. 2023). Such tools are more suited for small businesses for a
number of reasons. First, GPTs can function with smaller data-
sets, making it more feasible for businesses with limited data.
Second, they are versatile and user-friendly, reducing the tech-
nical barriers that traditionally accompany AI implementation.
Third, GenAl provides a wide range of applications, from auto-
mating content creation to facilitating brainstorming sessions,
making it a flexible tool for innovation across various industries.

4 | Human-AlI-Assisted Product Innovation
(HAIAPI) Framework

The Double Diamond design model provides a comprehensive
approach for understanding and effectively resolving complex
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FIGURE1 | Human Al-assisted product innovation framework.

problems, making it a valuable tool in design thinking and in-
novation (Design Council 2015). The model is divided into four
stages: (1) discover (i.e., understanding the problem by gathering
insights), (2) define (i.e., defining the problem by analysing in-
sights), (3) develop (i.e., brainstorming to develop solutions) and
(4) deliver (i.e., refining and delivering the final set of solutions),
with each stage contributing to a structured approach to inno-
vation. Bouschery et al. (2023) built on this model to propose a
conceptual framework to demonstrate that GPTs can foster the
innovation process, with their aim being to stimulate discussion,
provoke thought and inspire further research on the integration
of Al into human innovation teams.

Building on Bouschery et al.'s (2023) conceptual work, we de-
veloped a comprehensive and holistic framework—namely,
HAIJAPI—that details how Al can be effectively integrated into
the four traditional design stages. In Figure 1, we illustrate our
framework, which encompasses four stages addressing both the
problem and solution spaces: (1) Al-augmented problem articu-
lation, (2) human problem selection, (3) Al-augmented solution
generation and (3) human solution selection. The first stage, Al-
augmented problem articulation, involves leveraging existing
resources, such as user-generated product reviews, to identify
opportunities for innovation by pinpointing existing problems or
complaints using Al It comprises of divergent thinking, where
product experts gather information to clearly understand the
problem and identify underlying issues and unmet needs that
may not be immediately apparent (Patnaik and Becker 1999). In
this stage, we develop a new approach to articulating problems
using GPTs for data labelling and problem extraction and sum-
marisation. The second stage, human expert problem selection,
remains primarily human driven. It involves critical thinking,
empathy and contextual understanding, areas where human
judgement excels (Dorst 2011). In this stage, human experts use
their experience and intuition to evaluate the significance and
feasibility of potential Al-generated product problems, ensuring
that the focus is on the most impactful issues.

In the third stage, Al-augmented solution generation, Al can ex-
plore various combinations of design elements and rapidly pro-
duce multiple design alternatives based on predefined problems.

Humans Select
Promising Solutions

Human-Al
Collaborative
Solutions

___——= I Al
T
il  Al-Generated
Base Product
Solutions

This capability allows designers to consider a wide array of po-
tential solutions early in the process, which can then be refined
and iterated upon (Bouschery et al. 2023). In this stage, we pro-
pose a novel GPT-based approach for construction of a knowl-
edge base of potential solutions and solution idea extraction,
which in turn ensures that the ideation process is both expan-
sive and efficient, fostering an environment conducive to inno-
vation and creativity. The fourth stage, human expert solution
selection, is predominantly human driven and again involves
convergent thinking, focusing on evaluating and refining the
generated concepts. It involves critical evaluation, where human
expertise is essential to interpret Al-generated insights within
the broader context of social, cultural and ethical considerations
(Brown 2008). In this stage, through iterative testing and refine-
ment by product experts, the most promising concepts are devel-
oped into detailed designs ready for implementation.

5 | Case Study

We present a case study® detailing the operationalisation and
implementation of the proposed HAIAPI framework in collab-
oration with an Australian e-retailer—Simply Headsets Pty Ltd.
Established in January 2008 by Pete Williams, Simply Headsets
operates as the largest e-retailer in the Australian headset market.
With a small team of approximately 15 employees, the company
distributes renowned headset brands such as Jabra, HP Poly,
Yealink and EPOS, serving around 90000 customers nationwide.

Innovation in the headset retail industry is essential due to
rapid changes in consumer preferences and advances in tech-
nology. Recognising this, Simply Headsets, with annual rev-
enue surpassing AU$10 million, initiated plans to relaunch its
private-label headset project. The company historically relied on
a simple and informal approach to new product development,
resulting in costly outcomes and lacking structure. Simply
Headsets' approach to identifying customer issues was reaction-
ary, based on short-term feedback from sales teams, rather than
driven by long-term strategic goals. This led to elongated devel-
opment cycles, typically spanning 6-8 months, resulting in costs
of up to AU$10 000 for a new product.
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TABLE1 | Product development processes and stages at simply headsets.

Product problem space

Product solution space

Simply headset’s existing process and stages

Stage 1: Problem Identification

Stage 2: Solution development and selection

Step 1: Manual data collection and storage

- Sales representatives and customer service staff manually
record customer complaints, returns and feedback in a
spreadsheet.

- Order issues, product defects and support requests are logged
in spreadsheets or written records.

- Warranty claims and product failure incidents are
documented manually.

— Customer feedback from emails and calls are compiled into a
centralised but non-automated system.

Step 2: Manual extraction of key problems

- Staff members review collected data to identify recurring
issues, such as faulty microphones, poor battery life or
connectivity problems.

— Critical issues are flagged based on frequency, severity, and
impact on customer experience.

- Staff rely on intuition and experience to prioritise issues.

Step 3: Group discussion about key problems

- Team meetings are held to discuss and validate identified
product issues.

- Sales, customer service and technical support staff share
insights on frequently reported problems.

Step 1: Brainstorming potential solutions

— Gather sales, support, and store staff for a relaxed
discussion—maybe over coffee.

— Share real customer complaints or feedback to spark ideas
on what needs fixing.

- Look at what other retailers are doing—any better
products or services we can adopt?

- Identify quick, low-cost improvements (e.g., clearer
product descriptions, better troubleshooting guides).

Step 2: Feasibility check and selecting most practical

solutions

- Narrow down the best ideas with a quick team
discussion—no overcomplicating.

- Reality Check: Can we actually pull this off with our
current budget, suppliers and stock?

- Reach out informally to see if they have better models or
warranty options.

— Customer Impact: Would this change make customers
happier or just complicate things?

- DIY vs. Supplier Fixes: Can we solve this ourselves (better
product listings, troubleshooting guides) or do we need a
manufacturer fix?

- Ask a few regular customers what they think—would this
solution help them?

Recognising these inefficiencies and the rising costs associated
with their new product development approach, founder Pete
Williams sought to revamp the process by integrating AI-driven
insights and collaborating with academic partners to imple-
ment the HAIAPI framework, aiming to reduce development
time and costs while fostering innovation. Table 1 summarises
Simply Headset's existing new product development process and
its stages, while Table 2 summarises the processes and stages
of the HAIAPI framework. In the following sections, we out-
line the operationalisation and implementation of the HAIAPI
framework within the product problem and solution spaces.*
Last, we discuss the evaluation of our framework.

5.1 | Product Problem Space

To operationalise and implement the product problem space of
our proposed framework, we synthesised the collected customer
reviews to identify key insights and define a clear problem state-
ment, an approach small businesses can follow to inform their
product innovation efforts. The objective in the product problem
space is to narrow the broad spectrum of issues to specific, ac-
tionable problems that can be addressed through design, ensur-
ing that design efforts are directed towards the most impactful
and feasible challenges (Dorst 2011). The product problem space
within our framework consists of two stages, broken down into
five critical steps: (1) data access, collection and preprocess-
ing, (2) data labelling, (3) atomic problem extraction, (4) atomic

problem deduplication and summarisation and (5) problem se-
lection and prioritisation. These steps, conducted by both AI
and human experts, can guide small businesses in systemati-
cally identifying and prioritising product-related issues, ensur-
ing that their design efforts are directed towards addressing the
most critical and actionable product issues perceived by custom-
ers. By following these steps, businesses can streamline their
product problem identification and selection processes; thus, en-
hancing product development and customer satisfaction.

5.1.1 | Operationalisation of Stage 1: AI-Augmented
Product Problem Articulation

5.1.1.1 | Step 1: Data Access, Collection and Prepro-
cessing. The data used to operationalise our framework
was sourced from the ‘Electronics’ subset of the McAuley-Lab/
Amazon-Reviews-2023 dataset (Hou et al. 2024). To identify
headset products within the dataset, we searched for the key-
word ‘headset’ in the ‘main category’, ‘title’ and ‘categories’
fields of the review metadata. Small businesses can access sim-
ilar databases through platforms such as Kaggle (https://www.
kaggle.com/datasets), the UCI Machine Learning Repository
(https://archive.ics.uci.edu/datasets) and Papers with Code
(https://paperswithcode.com/datasets). To obtain relevant data,
businesses can search these platforms for industry-specific
reviews, using keywords related to their product or market.
They can also download the data in formats such as CSV, JSON
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or XML, or access it through APIs, making it easier to incorpo-
rate the data into their analysis workflows. Alternatively, small
businesses can use spreadsheet tools such as Google Sheets
(https://docs.google.com/spreadsheets).

We then filtered user reviews to include only those published
between April and September 2023, yielding a total of 25265
customer headset reviews. The period from April to September
2023 was selected to capture recent and relevant user feedback.
This 6-month window balances the need for data recency with
a manageable dataset size, providing insights applicable to the
present market conditions. We further pre-processed the data
by removing reviews with fewer than 10 words and splitting
lengthy reviews at sentence boundaries into manageable seg-
ments of up to 100 words each. Small businesses can automate
the removal of short reviews with limited insight using spread-
sheet functions or a Python script, for which they need to hire
or assign a programmer proficient in Python and experienced
with NLTK or SpaCy to develop and test scripts for data prepro-
cessing. For segmenting lengthy reviews, NLP libraries such as
NLTK (https://www.nltk.org) or SpaCy (https://spacy.io) can be
used. In the Simply Headsets case, completing data preprocess-
ing resulted in 21072 textual customer headset reviews, total-
ling 816 795 words. This step ensures that only relevant data are
retained, improving the focus of the subsequent analysis.

5.1.1.2 | Step 2: Data Labelling. To assist with data label-
ling, three product experts at Simply Headsets identified 14 key
product aspects that significantly influence consumer purchas-
ing decisions, including aftersales support services, battery,
comfort, connectivity, controls design/functionality, endurance,
material quality, noise cancellation, price, sound quality, shape/
appearance, microphone quality, portability and water resis-
tance. Each aspect’s definition and measurement scales were
clearly defined by experts. Small businesses can replicate this
task by first identifying the key factors relevant to their industry,
using team discussions, customer feedback analysis or market
research to determine which aspects are most important to their
target audience. For example, in consumer electronics, aspects
such as sound quality and comfort are critical, whereas in sec-
tors such as home appliances, factors such as energy efficiency
and durability may be more pertinent.

Once the aspects are identified, businesses should establish
clear, measurable scales for each, such as numerical ratings
(e.g., 1-5 for satisfaction) or descriptive labels (e.g., low, me-
dium, high for durability). Precision in defining these scales
is crucial to avoid ambiguity in the data labelling process and
to ensure consistent application. For instance, a rating of 1 for
comfort could represent ‘uncomfortable for short use’, while a
5 might indicate ‘highly comfortable for extended use’. They
can further refine these scales through iterative testing, where
a team labels a sample dataset and adjusts the scales as needed
to resolve any inconsistencies.

In the Simply Headset case, the experts initially labelled 307 cus-
tomer reviews each (921 in total) for detecting headset-related
problems. This task, which took five and a half hours, was re-
ported to be time-consuming and resulted in information over-
load and inconsistencies. To automate this task, GPT-4 Turbo
was prompted to label the reviews based on these predefined

aspects and scales, and experts spent 2h refining the prompts
for ChatGPT-4 Turbo to label all the review data.’ The initially
labelled 307 reviews by experts were used to test the prompt.
Small businesses can implement this Al-assisted labelling by
first formulating clear prompts for GPT-4 Turbo, for which they
should hire or assign a programmer proficient in Python and
experienced with GPT-4 Turbo's API to develop and test scripts
and prompts for large dataset labelling. Access to GPT-4 Turbo
is available through OpenAlI platform, where businesses can
subscribe to use API access to integrate the model into their ex-
isting workflows. A well-structured prompt should direct the AT
to analyse customer reviews systematically by providing clear,
step-by-step instructions. This ensures a structured, evidence-
based analysis, enhancing both the accuracy and transparency
of the AI's assessment process. After creating the initial prompt,
it is essential for businesses to test its effectiveness by running a
small set of reviews through the AI to evaluate the accuracy and
quality of its responses. If necessary, the prompt can be refined
to improve clarity and consistency. Small businesses should also
identify and hire or assign three suitable product experts to man-
ually label sample datasets and refine GPT-4 Turbo's prompts.

To evaluate GPT-4 Turbo's performance, we tasked the Simply
Headset experts to label 307 reviews, which were also labelled
by GPT-4 Turbo for comparison. The accuracy showed an aver-
age agreement of 91.03%, demonstrating that GPT-4 Turbo's per-
formance was comparable to human experts. This step reduces
manual workload while maintaining accuracy, allowing small
businesses to streamline the analysis of customer feedback aug-
mented by AL

5.1.1.3 | Step 3: Atomic Problem Extraction. Customer
reviews often address multiple issues across various prod-
uct aspects, necessitating a targeted approach to analysis. To
enhance the relevance and focus of aspect-specific corpora,
we applied atomic problem extraction. This task, facilitated
by GPT-4 Turbo, identified and isolated discrete, standalone
(atomic) problems related to specific product aspects within
each review. This extraction approach improved the informa-
tion density of the product review data, enabling a more pre-
cise and granular analysis of the user-generated data. We also
iteratively optimised the prompt to maximise the correctness
of the extracted problems to their source reviews by using GPT-4
Turbo.®

Small businesses can leverage atomic problem extraction using
GPT-4 Turbo via its API to identify specific, unique issues re-
lated to product design or development, such as ‘battery life too
short’ or ‘uncomfortable ear cushions’, for which they should
hire or assign a programmer proficient in Python and experi-
enced with GPT-4 Turbo's API to develop and test scripts and
prompts for atomic problem extraction. To begin, businesses
should start with clear instructions for GPT-4 Turbo. To im-
prove the precision and relevance of the extracted problems,
they should iteratively refine the prompt based on initial results.
For example, if the AI's outputs are too vague, the prompt can be
adjusted to be more specific. By testing variations of the prompt
and reviewing the results for accuracy, they can optimise the
extraction process, assuring that the atomic problems closely
reflect the original review content and are aligned with the tar-
geted product aspects.
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In the case of Simply Headsets, the ChatGPT-4 Turbo gener-
ated 17045 atomic issues with a total of 310650 words, provid-
ing a rich dataset for further analysis and product refinement.
By following this step, small businesses can effectively extract
detailed product problems from customer reviews, facilitating
more targeted product development efforts.

5.1.1.4 | Step4: Atomic Problem Deduplication and Sum-
marisation. The deduplication process was performed on
the atomic problem dataset using the K-Means++ clustering
method (Arthur and Vassilvitskii 2007) to remove duplicate
atomic problems with the help of Eext-Embedding-3-Small
embeddings provided by OpenAl, resulting in a total of 92 dis-
tinct clusters of atomic problems.

Small businesses should hire or assign a programmer profi-
cient in Python and experienced with GPT-4 Turbo's API, Text-
Embedding-3-Small’'s API, and Scikit-learn to develop and test
scripts and prompts for atomic problem embeddings, clustering,
deduplication and summarisation. To replicate the deduplica-
tion task, they should first convert text data, such as customer
reviews or identified problems, into numerical vectors. This
is done using text embedding models, such as OpenAl's Text-
Embedding-3-Small, which capture semantic similarities be-
tween different text entries. These embeddings can be generated
via OpenAlI's API, providing a foundation for subsequent analy-
sis by representing text data in a structured numerical form suit-
able for ML tasks. Once the data are converted into numerical
vectors, the next task is to group similar atomic problems into
clusters using the K-Means++ algorithm, which is accessible
through tools such as Python's Scikit-learn library (https://sciki
t-learn.org). The clustering task is critical as it helps to identify
and eliminate redundant feedback, thereby consolidating simi-
lar reviews or issues into unique problem groups.

In the case of Simply Headsets, we utilised GPT-4 Turbo to
further summarise these clusters and ultimately yielded 417
uniquely identified problems.” Each summarised problem in-
cluded a reference to the original set of issues that informed the
conclusion. After clustering, businesses can utilise GPT-4 Turbo
to summarise the core issues within each cluster. By feeding the
clustered data, such as customer reviews or atomic problems,
into GPT-4, concise summaries can be generated that capture
the main themes or concerns from each group. This step reduces
the redundancy and complexity of the data and also provides a
clear direction for small businesses in addressing key product
design or development issues.

5.1.2 | Operationalisation of Stage 2: Human Expert
Product Problem Selection

5.1.2.1 | Step 5: Problem Selection and Prioritisa-
tion. In the Simply Headsets case, GPT-4 Turbo generated
417 key problems across 14 product aspects, categorising issues
by factors such as price, quality and performance. To prioritise
these identified problems, three product experts at Simply Head-
sets independently reviewed each issue, assessing them based
on two primary criteria: urgency (the immediacy and severity
of the problem) and feasibility (the ease with which the prob-
lem can be addressed). This assessment was conducted using

a simple rating scale, for instance, a 1-5 scale where a higher
number indicates greater urgency or feasibility.

Small businesses can adopt a similar approach by first ensuring
they have a diverse group of experts who understand different
facets of the product and customer experience. They should
hire or assign three suitable product experts to select and pri-
oritise urgent and feasible problems. These experts should in-
dependently evaluate each Al-generated problem, assigning
ratings that reflect both the urgency and feasibility of addressing
each issue. To facilitate this, they can use spreadsheet software
(e.g., Google Sheets) to organise and record the ratings system-
atically in a well-documented, transparent and easily accessible
way to stakeholders.

After the independent reviews were completed, a focus group
session was held with the experts from Simply Headsets to dis-
cuss the identified problems, compare their ratings and reach
a consensus on the most critical issues. This collaborative pro-
cess allowed the experts to refine their individual assessments
and agree on which problems required immediate attention.
Following the session, the experts finalised a list of 30 headset
problems that were considered both urgent and feasible to ad-
dress®. For small businesses, this collaborative approach can
be easily replicated by organising focus groups or workshops
to strategically prioritise identified product problems. This step
can help businesses to reduce an overwhelming number of prob-
lems into a manageable, targeted and actionable list.

5.1.3 | Insights From Implementation of Stages 1 and 2
at Simply Headsets

In the implementation of Stage 1, during the data labelling, the
three product experts at Simply Headsets encountered ambi-
guity in defining and applying the 14 product aspects. Despite
establishing clear definitions, some product problems were
difficult to categorise. The root cause of this ambiguity lied in
the complexity and overlap inherent in product features and
customer feedback. For example, a customer complaint about
volume control posed a classification challenge for the experts.
While some viewed it as a ‘sound quality’ issue, others consid-
ered it more appropriate to categorise it under ‘controls design/
functionality’. This variation in interpretation reflected the un-
derlying difficulty of assigning rigid categories to issues that are
multifaceted and context dependent. The variability was noted
by one product experts:

I was trying to work out this and it took me some
time. It wasn't very straightforward. Like, where
should I fit a headset volume issue? I wouldn't put it
under sound quality [...] There was a lot of room for
interpretation.—Product Expert A

Discrepancies between human interpretations and AI-generated
labels for customer reviews were observed, stemming from fun-
damental differences in how each approaches the labelling pro-
cess. GPT-4 Turbo applied predefined labels strictly according
to established rules, ensuring consistent application but with-
out the ability to interpret nuanced contextual information or
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sentiment. In contrast, human experts relied on subjective
judgement, which was influenced by the tone, sentiment and
broader context of the review, leading to variability in classifi-
cations. This variability arose because humans are capable of
interpreting subtle cues in language and considering the overall
emotional tone of a review, whereas Al systems operate within
the constraints of their algorithmic parameters. The root cause
of this discrepancy lied in the divergence between algorithmic
precision and human intuition. As two of the experts stated:

Initially, I label one review as a 2. But then, after
reading another review, you'd think, ‘Oh no, this one
should be a 2. This made you question if you needed
to go back and re-label the earlier reviews. There was
no consistent standard.—Product Expert C

The AT stuck to its parameters, but sometimes, that
didn't align with the subtle differences I picked up in
the reviews. It's like it was missing the context that
a human would immediately understand.—Product
Expert A

The process of refining the prompts for GPT-4 Turbo to accu-
rately extract atomic problems from customer reviews required
multiple iterations, which was regarded as demanding by the
three product experts from Simply Headsets. Initially, the AI
struggled to distinguish between overlapping issues within the
same review, especially when customers raised concerns about
different product aspects simultaneously. For instance, reviews
often contained feedback about both ‘battery life’ and ‘sound
quality’ making it difficult for the AI to treat these as distinct
problems. Early iterations of the prompt often produced overly
general or simplified responses, failing to capture the more nu-
anced problems conveyed by the customers. To address this, the
product experts, together with the research team, repeatedly
adjusted the prompt, testing different phrasings and instruc-
tions on the Al in separating these complex, multi-dimensional
reviews into clear, standalone problems. Two of the experts
reflected:

We helped had to tweak the prompts a quite many
times [..] the AI combined different issues, but
with each adjustment, it got better at separating the
problems clearly.—Product Expert A

It took some trial and error to make sure the Al
understood the difference between related issues.
Its first pass would be too vague and we had to fine-
tune the language to get closer to what the customer

actually meant.—Product Expert B

In the implementation of Stage 2, the three product experts at
Simply Headsets questioned the practicality of Al-generated
product summarisation, especially when dealing with relatively
small datasets comprising around 300-500 customer headset
reviews. They highlighted a significant concern regarding Al
hallucinations—instances where the AI fabricates issues not
actually present in the customer review data. As one product

expert put it, ‘Humans would not say that’, stressing the no-
tion that AT sometimes identifies problems that are not explic-
itly stated by customer reviews. Another product expert added,
‘It's like it knows what it's talking about but it's seeing problems
where people haven't said there's an issue,” pointing to the AI's
tendency to overanalyse and infer issues that might not exist.
Furthermore, they criticised the AI for generating excessive and
unnecessary details, a phenomenon they referred to as ‘creat-
ing problems within problems’. This dilutes the focus and com-
plicates the extraction of actionable insights, as argued by two
product experts:

The AI keeps producing layers of irrelevant
information [...]| making it harder for us to pinpoint
the actual issues. It's like creating problems within
problems and this just ends up muddling the overall
analysis instead of clarifying it—Product Expert A

I noticed that the AI's summaries often include too
many details that don't really help me. Instead, this
complicates the extraction of good actionable insights
[.] This turns a straightforward problem into a

convoluted mess of minor issues—Product Expert B

Despite the criticisms regarding small datasets, the three prod-
uct experts acknowledged the efficiency of AI in handling large
datasets, such as those exceeding 10000 customer headset re-
views. They noted that in these scenarios, AI problem summari-
sation becomes particularly valuable. The ability of AI to process
vast amounts of data swiftly and consistently was praised, with
experts suggesting that such outputs would be especially benefi-
cial for novices lacking experience in the retail headset industry.
‘Al doesn't suffer these distractions’, one expert remarked, al-
luding to the ATI's capacity to remain focused and objective, free
from the biases and distractions that can affect human analysis.
The product experts conceded that Al-generated problem sum-
maries for large datasets might indeed be more objective and of
higher quality compared to manually extracted summaries by
humans, who might miss patterns or become overwhelmed by
the volume of data, as explained by two experts:

When dealing with thousands of reviews, it's
easy for us to miss recurring patterns or become
overwhelmed by too much data thrown at us. AI,
however, could process everything consistently and
perhaps objectively [...] highlighting trends we might
overlook—Product Expert C

I think, Al-generated summaries for large datasets
should be more reliable because they aren't influenced
by human biases or fatigue [...] From what I gather,
AT could handle large volumes of data easily and spit
out cool insights that might take us much longer to
extract and put together manually—Product Expert B

The three product experts at Simply Headsets also inherently
distrusted Al-generated problem summarisation. They ex-
pressed a need to double-check Al findings by cross-referencing
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the original reviews from which these summaries were derived.
This scepticism stems from a desire to understand the logic be-
hind the AI's decision-making process. As one product expert
noted, there is a critical need to know how the AI arrives at
selecting key headphone problems that need urgent attention.
Without transparency in the AI's reasoning, the experts felt un-
easy relying solely on Al-generated summaries. They empha-
sised that ‘human intervention is necessary to make sense out
of the problems’, highlighting the belief that while AI can aid in
problem identification, human expertise is crucial for contextu-
alising and prioritising these issues. This is elaborated on by two
product experts:

Having the ability to refer back and verify that a
problem is valid based on actual data, versus seeing
information that has been misinterpreted, is essential
[...] So, understanding the ATI's reasoning and how it
derived its conclusions about the problems would be a
must—Product Expert A

Al is not entirely up to the task yet; there still needs
to be a lot of manual intervention. However, Al
can generate good ideas, even if some problems it
identifies aren't explicitly mentioned. For instance,
people do experience issues connecting devices to their
PlayStations. Whether that is a major problem is for
people to decide, but there is definitely some usefulness
in collaborating with AL.—Product Expert C

5.2 | Product Solution Space

To operationalise and implement the second section of our
proposed framework, we build upon the selected and priori-
tised product problems to generate viable product solutions.
The primary objective in the product solution space is to de-
velop a range of product innovation ideas that are grounded in
the most pressing product problems, yet are concrete, specific
and feasible or visionary and groundbreaking to provide small
businesses with actionable insights to inform their innovation
efforts (Chiesa et al. 2009). The product solution phase of the
framework is organised into two main stages, which are further
divided into three key steps: (1) Al-generated knowledge base,
(2) atomic ideas extraction and (3) solution review and selection.
These steps, involving both AI and human expertise, enable
small businesses to systematically and rapidly generate product
innovation concepts. By following these steps, businesses can
accelerate their idea generation while ensuring that product de-
velopment is aligned with market needs, resulting in innovative
products that directly address the most critical issues identified
in customer feedback and increasing the likelihood of customer
satisfaction and competitive advantage.

5.2.1 | Operationalisation of Stage 3: AI-Augmented
Product Solution Generation

5.2.1.1 | Step 6: AI-Generated Knowledge Base. We
conducted atomic idea extraction to populate a knowledge base

of potential product solutions. Atomic ideas refer to individ-
ual suggestions or solutions that are aimed at guiding product
improvement or innovation, with each atomic idea representing
a distinct and standalone concept. In the Simply Headsets case,
using GPT-4 Turbo, we extracted 7775 atomic ideas to populate
the knowledge base.’

Small businesses should assign a programmer proficient in
Python and experienced with GPT-4 Turbo's API to develop and
test scripts and prompts for extracting atomic ideas and con-
structing a knowledge base. To replicate this task, they should
utilise GPT-4 Turbo by inputting customer reviews and prompt-
ing the AI to identify atomic ideas for each product aspect. For
example, if customers frequently express dissatisfaction with
battery life, the AT might identify atomic ideas such as ‘extend
battery capacity’ or ‘introduce faster charging technology’. By
continuing this task across multiple reviews, businesses can
build a knowledge base containing numerous atomic ideas cov-
ering various product aspects.

Once the atomic ideas are generated, they should be systemat-
ically stored in a structured knowledge base to enable efficient
idea extraction and generation in the next step. Businesses
should first select an appropriate storage method based on the
volume and complexity of their data. For smaller datasets, sim-
ple solutions, such as Google Sheets, may suffice. However, for
larger datasets, more robust systems such as MySQL (https://
www.mysqgl.com) or MongoDB (https://www.mongodb.com)
databases are recommended. The next step is to define key data
fields for organising the atomic ideas. Essential fields may in-
clude the atomic idea (the specific suggestion or solution), prod-
uct aspect (the product category or feature it addresses, such as
battery life or sound quality) and a customer review reference (a
link to the original review from which the idea was generated).
This structured step can assist small businesses to organise
customer insights systematically and effectively utilise them to
guide their product development efforts.

5.2.1.2 | Step 7: Atomic Idea Retrieval. After building
the knowledge base, we next conducted atomic idea retrieval.
We retrieved atomic ideas based on the product problems identi-
fied by human experts using a cosine similarity score exceeding
0.5, calculated with the Text-Embedding-3-Small embeddings
model. This allowed us to measure the semantic similarity
between the product problems and the atomic ideas stored in
the knowledge base. Atomic ideas that exceeded the threshold
were selected for further analysis. Once these relevant ideas
were retrieved, they were input into GPT-4 Turbo to develop
feasible, practical solutions as well as visionary, groundbreaking
ideas. For each problem, GPT-4 produced 10 potential solutions,
5 of which were concrete and feasible and 5 that were more inno-
vative and forward-thinking. In the Simply Headsets case, this
step produced a total of 4170 solutions, comprising 2085 con-
crete ideas and 2085 visionary ideas.!°

Small businesses should hire or assign a programmer profi-
cient in Python and experienced with GPT-4 Turbo's API and
Text-Embedding-3-Small's API to develop and test scripts and
prompts for atomic idea embeddings, problem matching, atomic
idea retrieval, and the generation of concrete and groundbreak-
ing ideas. To replicate this step, they should first calculate cosine
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similarity scores between the identified product problems and
the atomic ideas. Using Text-Embedding-3-Small (via OpenAlI
API), businesses can transform both the problem statements
and atomic ideas into numerical vectors that reflect their seman-
tic content. Once the embeddings are generated, cosine similar-
ity should be calculated between the problems and the atomic
ideas. A threshold of 0.5 or higher is recommended to ensure
that only the most relevant atomic ideas—those closely aligned
with the product problems—are retrieved (Mihalcea et al. 2006).
By filtering out ideas below this threshold, businesses can focus
their attention on the most relevant and actionable insights.

Next, the retrieved atomic ideas should be organised in a struc-
tured format for further analysis. Businesses can store these
ideas in a spreadsheet or a database, categorised by the specific
problem they address. At this point, the stored ideas are input
into GPT-4 Turbo for solution generation. They should prompt
GPT-4 to generate both concrete, specific solutions and vision-
ary, innovative ideas. GPT-4 will generate solutions tailored to
each problem, offering a balance between actionable improve-
ments and innovations.!!

5.2.2 | Operationalisation of Stage 4: Human Expert
Product Solution Selection

5.2.21 | Step 8: Solution Review and Selection. A final
set of 60 potential solutions produced by AI was sent to the three
product experts at Simply Headsets for review and selection
of the most promising solutions/ideas. The experts were tasked
to select the 30 most promising ideas from a pool of 2085
Al-generated concrete, specific and feasible ideas. They were also
presented with 2085 Al-generated groundbreaking, visionary
and potentially revolutionary ideas, out of which they needed to
select 30 and provide comments on how to improve them to make
them more feasible.'? A focus group was then organised to discuss
and finalise the selection of the most promising ideas/solutions.
Last, the three experts, along with the founder/manager and other
design specialists from Simply Headsets, selected three product
solutions to move forward with prototype development.

Small businesses should hire or assign three suitable product
experts to review and select viable solutions. When conduct-
ing the review step, they should consider several key criteria:
feasibility, relevance and potential impact. Feasibility refers
to whether the idea can realistically be implemented with the
business's current resources, technology and market constraints
(Novak 1996). For example, a solution that requires advanced
materials or technology that the business cannot access may be
less feasible. Relevance focuses on how closely the idea aligns
with the business's product goals, customer needs or market
trends (Berry and Shabana 2020). A highly relevant idea directly
addresses pressing customer issues or future market demands.
Potential impact involves evaluating the degree to which the
idea can affect customer satisfaction, product performance or
market competitiveness (Alegre et al. 2012). High-impact ideas
typically solve critical problems or introduce innovative features
that can differentiate the business in the marketplace.

To reach consensus, businesses can use several tools and tech-
niques. Voting systems such as the Delphi Method (Ehringfeld

et al. 2023) can be employed, where experts anonymously pro-
vide ratings for each idea, followed by rounds of feedback to re-
fine selections. Alternatively, they can use digital platforms such
as Trello (https://trello.com) to facilitate real-time collaboration,
where team members can review, comment and vote on ideas/
solutions. Last, collaborative decision-making software such as
StormBoard (https://stormboard.com/) can also help visualise
the prioritisation process by allowing teams to rank ideas based
on the agreed criteria (feasibility, relevance and impact). These
tools encourage transparency and participation, helping busi-
nesses streamline the decision-making process and ensure that
the most valuable ideas are selected for implementation.

5.2.3 | Insights From Implementation of Stages 3 and 4
at Simply Headsets

In the implementation of Stage 3, the product experts observed
that the quality and specificity of the atomic ideas and solutions
produced by GPT-4 Turbo were directly dependent on the AI's
capabilities. The AI often missed crucial nuances or oversimpli-
fied customer feedback, leading to ideas that were too vague or
lacked the necessary detail. This reliance on AI for generating
solutions necessitated additional human oversight to provide the
contextual understanding needed to enhance the relevance and
applicability of the Al-generated ideas. The experts also men-
tioned that the AT often overlooked deeper, implicit customer
issues. As noted by one of the experts:

ATl didn't always pick up on the context or implicit
issues that were embedded in the reviews. Say, it
might suggest ‘fix battery life’ but miss the underlying
problem of customers using the headsets in extreme
environments.—Product Expert C

In the implementation of Stage 4, the three product experts at
Simply Headsets expressed a general distrust in Al-generated
ideas/solutions. They emphasised the necessity of being able
to trace these ideas back to the original product reviews from
which they were derived. This traceability was considered cru-
cial for verifying the validity and relevance of the AI's sugges-
tions. Without reference to the actual reviews, there is a risk of
accepting solutions that may not be grounded in real customer
feedback. As one product expert noted, ‘having the ability to
refer back and verify that a problem is valid based on actual
data, versus seeing information that has been misinterpreted, is
essential’. Two of the experts explained:

Yeah, I'd want to see the customer comments that
led to that conclusion. You're identifying this as a
problem, but if there are multiple answers for the same
issue, it makes me distrust the results. I would want
to double-check where the information is coming
from. If the data appears duplicated or inconsistent,
I'won't trust it.—Product Expert A

Focusing on the specific problems of the headset
rather than the one the customer currently has is

crucial. It's about how the AI interprets and relays
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https://trello.com
https://stormboard.com/

that information. That's why I think it's necessary to
double-check the ATI's conclusions.—Product Expert
C

The three product experts were also concerned about the occur-
rence of AI hallucinations—occasions where the AI develops
ideas or solutions that were never mentioned in the customer
review data. This led to confusion and mistrust among the prod-
uct development team. One expert humorously pointed out, ‘I'm
pretty sure no one wrote a review about their headset exploding’,
highlighting the absurdity of some AlI-generated issues. Such
hallucinations underscore the importance of having human
oversight to ensure the AI's outputs are accurate and relevant.
Another expert added, ‘these Al-generated problems can some-
times be so off-base that it makes us question the reliability of
the entire system. If the AT is producing issues that have no basis
in the actual customer feedback, we can't trust its other conclu-
sions either’. This sentiment was echoed by another expert who
emphasised the need for a verification process: “‘We need to have
away to trace back every Al-generated suggestion to the original
customer comments. Without this transparency, we can't confi-
dently act on the AI's recommendations’. As noted by two of the
experts:

And if youre going to invest millions of dollars in
developing a new headset or making a significant
change, you want to ensure that it's relevant. So, yes,
humans need to be included in the process.—Product
Expert A

Even if there was a review about the battery
expanding, it was just one out of 300. If you expand
the sample to 1,000 or 10,000, that issue might only
appear 2 or 3 times. Do you really want to focus on
such an extreme outlier? Without us or someone else
actually reading through the reviews, you might
end up focusing on the wrong problem.—Product

Expert B

The three product experts at Simply Headsets also noted that
while some Al-generated concrete ideas/solutions were spe-
cific and feasible, many were repetitive or incomplete. The
experts stressed the need for AT to produce more refined and
applicable solutions. Despite these drawbacks, they acknowl-
edged that AT could still be useful in generating a large vol-
ume of ideas quickly, especially when dealing with extensive
datasets. The efficiency of AI in processing and summaris-
ing information from over 10000 product reviews was seen
as a significant advantage in terms of remaining consistent
and objective with ideas/solutions amidst vast amounts of
data. The experts recognised that Al-generated ideas could
serve as a valuable foundation for product innovation discus-
sions. However, they emphasised that human interpretation
is necessary to refine these ideas into practical solutions. AI
can provide a broad range of suggestions, but it takes human
expertise to evaluate, adapt and implement them effectively.
This collaboration between AT and human experts can lead to
more innovative and feasible product developments, as stated
by two experts:

Yeah, I mean, it's easier for AI to process 3,300
reviews and come up with 60 ideas, then narrow it
down to 20 key ideas to focus on. AI does the hard
work of sorting through the mass amounts of data
and finding commonalities. Then, humans can step
in to fact-check those findings, rather than starting
with 3,300 reviews themselves.—Product Expert A

Yeah, I think it would. The groundbreaking,
visionary ideas are important, even though 90% of
the commonsense stuff has probably already been
considered. It's the remaining 10% of innovative
ideas that we haven't explored yet. For example, self-
healing material might not be possible, but it could

spark other innovative ideas.—Product Expert B

When further refining the groundbreaking solutions, the experts
highlighted AI as a starting point for truly innovative product
development while also emphasising the need for human re-
finement and practical adjustments. One expert remarked on
the value of Al-generated groundbreaking ideas/solutions as
stepping stones to innovation, appreciating the creative prompts
provided by AI, which can inspire feasible alternatives and im-
provements. Another elaborated that the breakthrough ideas
and solutions were somewhat feasible and, with a bit of work,
could be successfully implemented into new products. As ex-
plained by two of the experts:

I would say they are a good stepping stone for you
to maybe say, yeah, this sounds good, but maybe we
don't have self-healing material. Instead, we have
more robust materials that don't break as much.—
Product Expert C

Just things that looked, you know, they weren't so
far-fetched that you couldn't see them becoming a
reality. Things like self-healing materials for battery
compartments are really beneficial, even if they're a
bit out there.—Product Expert A

5.3 | Framework Evaluation

To evaluate the efficacy of the implemented solution, we as-
sessed the performance of the proposed methods (see Table 3).
GPT-4 Turbo was employed for its zero-shot learning capabil-
ities to identify product attributes in each review. A random
sample of 307 reviews was independently annotated by three
domain experts external to Simply Headsets. Only reviews with
consistent labels across all experts were retained, resulting in
a benchmark dataset of 270 validated reviews. GPT-4 Turbo's
performance was evaluated on this dataset using four standard
multi-label classification metrics: Accuracy (0.910), Hamming
Loss (0.090), Micro-AUC (0.878) and Micro-F1 (0.717) (Zhang
and Zhou 2013). We also benchmarked GPT-4 Turbo against
other models, such as Claude-3 and GPT-3.5, across metrics
including processing time of labelling 307 reviews in a sin-
gle thread (we parallelised 100 threads to label all reviews in
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2h). GPT-4 Turbo outperformed both models, particularly in
generating precise, nuanced responses and relatively efficient
handling of large datasets, making it better suited for complex,
high-demand applications.

To evaluate the outputs of our framework, another group of de-
sign experts from Simply Headset was invited. Questionnaires
were sent to three independent experts to evaluate the problems
and solutions generated by AI. We received valid responses from
all of them. Then, a focus group was organised post-evaluation
to finalise the selected problems and solutions, which will be
taken into consideration in the new private-label product design.
In the questionnaire for problem evaluation, we included the 30
problems identified by AT and selected by product experts in the
first and second stages and the 30 solutions identified by AI and
selected by product experts in the third and fourth stages.

For each problem, the design experts answered six questions
using a five-point Likert scale for evaluation. For each problem,
we calculated an average score (ranging from 5 to 30) based on
the evaluations of the human experts. The average score from
the three experts was 25.4 out of 30 (with individual scores of
29.2, 27.6 and 19.5, respectively). This result indicated that the

problems identified by AI and selected by humans received a
positive evaluation from the design experts (see Table 4).

For each solution, the design experts answered four questions
(see Table 4), which were adopted from Yin et al. (2023). A five-
point Likert scale was used for the evaluation. We calculated
an average score (ranging from 4 to 20) for each solution based
on the experts' evaluations. For the four questions, the average
score from the three experts was 15.2 out of 20 (with individual
scores of 11.2, 14.2 and 20.2, respectively). This result indicated
that the solutions generated by AI and selected and refined by
humans received positive evaluations from the design experts.

6 | Discussion and Conclusion

In this paper, we propose the HAIAPI framework, designed to
address the unique challenges small businesses face in AI adop-
tion, such as limited financial resources, data infrastructure
technical expertise, as well as cultural and operational barriers.
The GPT-based framework integrates human-AI collabora-
tion across four stages of product innovation: (1) AI-augmented
problem articulation, (2) human expert problem selection, (3)

TABLE 3 | Performance evaluation of GPTs.
Model Accuracy Hamming loss Micro-AUC Micro-F1 Time (min)
GPT4-Turbo 0.910 0.090 0.878 0.717 113.1
GPT3.5-Turbo 0.877 0.123 0.806 0.610 31.2
Claude-3-opus 0.899 0.101 0.877 0.696 152.2

TABLE 4

| Evaluation questions for problems and solutions detected and generated by AI and selected and refined by humans.

Evaluation domain Evaluation dimensions

Questions

Al-detected problems Customer impact
Business impact
Customer needs and preferences
Resources allocation

Cost vs. benefit

timeframe

Al-generated solutions Breakthrough Potential
Usefulness

Feasibility

Adoption

Q1: How urgent is it to address this problem to
prevent customer dissatisfaction or loss?

Q2: How critical is it to resolve this problem
to avoid negative business impacts?

Q3: How significant is this problem in addressing
customer needs and preferences?

Q4: How feasible is it to allocate the necessary
resources to solve this problem?

Q5: How does the cost of addressing this problem
compare to the expected benefits?

Q6: How realistic is the timeframe for addressing this problem?

Q1: Do you agree that this is a breakthrough innovative
idea for product modification/improvement?

Q2: Do you agree that this idea will be useful, i.e., have a practical
utility, for product modification/improvement in practice?

Q3: Do you agree that this idea will be feasible,
i.e., capable of being done, in practice?

Q4: Would you add or recommend this idea to future
product development or improvement work?
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Al-augmented solution generation and (4) human expert solu-
tion selection. The implementation of the HAIAPI framework
offered three tangible benefits to Simply Headsets, particularly
in optimising their product development efficiency and strate-
gic decision making. First, by leveraging AI-augmented problem
articulation, Simply Headsets can systematically analyse vast
amounts of customer feedback to identify product issues, which
might have been previously overlooked due to manual efficien-
cies. This data-driven approach to identifying pain points in
product performance, design and user experience led to targeted
product improvements and innovations aligning with customer
needs. Second, the framework's Al-assisted solution generation
improves Simply Headsets' ideation process by rapidly produc-
ing innovative and feasible product design alternatives. The
company can use this GPT-based approach to generate solu-
tions tailored to specific customer concerns, such as improved
battery life or enhanced microphone quality; thus, reducing the
risk of costly trial-and-error methods for new product designs.
Third, the structured human-AI collaboration embedded in the
HAIAPI framework fosters a balance between Al-generated
insights and human expert judgements in Simply Headsets.
The company can make sure that the product solutions gener-
ated by GPT are in line with its business objectives and market
demands, such as a focus on the use of sustainable materials,
leading to higher customer satisfaction and increased market
competitiveness.

6.1 | Principles for Human-AI Collaboration in
Product Innovation for Small Businesses

Based on our insights from Simply Headsets, we identified three
main principles of human-AI collaboration offering practical
further guidance for small businesses aiming to integrate Al
into their product innovation processes, summarised in Table 5.
These principles highlight the need for a balanced and struc-
tured approach to human-AI collaboration that enables small
businesses to effectively and efficiently integrate AI while miti-
gating risk and maximising its potential benefits.

First, AT and human expertise must work in tandem to maxi-
mise efficiency, drive innovation and ensure feasibility of AI-
generated ideas. Human-AI collaboration should be built on
complementarity, where AI provides computational efficiency
while human expertise ensures contextual understanding
(Bouschery et al. 2023). Small businesses often lack the financial
and technical resources to experiment with extensive AI-driven
product development. AI provides an opportunity to process
vast amounts of data quickly, but without human oversight, gen-
erated insights can be misaligned with real customer needs or
business priorities. Simply Headsets demonstrated that while
Al identified frequent complaints about headset weight, human
experts recognised that improving battery life would yield a bet-
ter advantage over currently available headsets on the market.
Furthermore, AI proposed groundbreaking solutions including
futuristic headset features, such as voice-activated noise cancel-
lation, but human decision-makers prioritised refining micro-
phone quality as a more cost-effective and immediate solution.
The human-AI complementarity at Simply Headsets enabled
efficient resource allocation, focusing on high-impact and ac-
tionable improvements—crucial for preserving the company's

Principles for human-ATI collaboration in product innovation.

TABLE 5

Enabling actions (how?) Examples of Implementation

Rationale (why?)

Principle (what?)

Simply Headsets used AI to detect common

Use Al to process customer feedback while
human experts validate, interpret, and prioritise

Human-AI complementarity Al efficiently analyses data but lacks strategic

for strategic decision-making

1

complaints but relied on human experts

judgement, requiring human oversight

to prioritise battery life improvements

improvements based on feasibility and impact.

to align insights with business goals.

over minor headset weight issues.

Simply Headsets refined AI prompts
multiple times to distinguish overlapping

Establish feedback loops to iteratively
refine AT outputs with human validation

AT outputs need continuous refinement

Refinement and validation
of Al-generated Insights

2

product issues in customer reviews.
Product experts at Simply Headsets ensured
Al-suggested issues could be traced back to
original customer reviews for validation.

and cross-functional collaboration.
Implement traceability mechanisms that
link AT findings to original data sources,
enhancing accountability and reducing errors.

to enhance accuracy, ensuring that small
businesses avoid costly misinterpretations.
Ensuring AT outputs are interpretable
builds trust, enabling businesses to use
AT effectively in decision-making.

3 Transparency in Al processes
for trust and adoption

1616

Information Systems Journal, 2025

85U8017 SUOWIWOD SAIERID 3dedt|dde au A peusenob a2 saole YO ‘8sh JO SNl 1oy Akeid1auljuQ AB|IM UO (SUONIPUOD-PUB-SULLBI WD A8 1M AReiq 1 Ul |Uo//:Schiy) SUORIPUOD pue swie | 8y} 89S *[G202/TT/.2] Uo ARiqi78uliuo A8]IM ‘[10UNnoD Yotesssy [BOIPBIN PUY UiEeH euolieN Ad 2652T  BI/TTTT'0T/I0P/W00 A8 |m Akeiq pul|uo//Sdiy wo.j pepeojumod ‘9 ‘SZ0Z 'SLSZS9ET



limited resources. In conclusion, this principle is crucial for
small businesses to avoid investing in impractical product im-
provements or innovations and to ensure that AI-driven insights
lead to tangible business value.

Second, Al systems require iterative refinement to enhance
accuracy and relevance while mitigating the risks of AI ‘hal-
lucinations’—fabricated insights that may mislead decision-
making (Rudin 2019). Small businesses, unlike larger firms
with dedicated AI teams, cannot afford costly trial-and-error
approaches, making precision essential. In Simply Headsets,
Al produced vague or misleading problem statements, such as
broadly categorising customer dissatisfaction with connectivity,
in its early iterations. However, through an iterative refinement
process that included prompt adjustments and human valida-
tion, Simply Headsets improved the outputs generated, enabling
the identification of specific issues—such as Bluetooth pairing
failures and interference with multiple devices—leading to
more targeted and effective solutions. Moreover, Al sometimes
misidentified non-existent issues, such as headset discomfort,
which upon review, was found to be a rare occurrence. By sys-
tematically cross-referencing Al findings with human analysis,
Simply Headsets avoided unnecessary product modifications
and directed development resources towards solving actual,
high-priority customer issues. In conclusion, for small busi-
nesses, this principle highlights the importance of refining AI
outputs at multiple stages of the product innovation process to
maintain their reliability, actionability, and alignment with real
market needs.

Third, transparency in AI processes is critical for building
trust and ensuring accountability in decision-making (Dolata
et al. 2022). Small businesses often lack the in-house technical
expertise to fully comprehend AlI-driven insights, increasing the
risk of misinterpretation. Without transparency, Al-generated
product problem and solution recommendations can lead to
misinformed decisions, either by being blindly trusted or out-
right dismissed due to uncertainty. Ensuring traceability of Al
findings builds confidence in its outputs and enhances decision-
making credibility. Simply Headsets encountered this chal-
lenge when AI prioritised minor complaints due to their high
frequency in customer reviews. By implementing traceability
mechanisms, human experts could verify Al conclusions against
original data sources, ensuring that only the most relevant is-
sues were acted upon. This transparency fostered greater trust
in AI recommendations and encouraged its broader adoption
across the organisation. In conclusion, this principle emphasises
that for small businesses, embedding clear and interpretable AI
processes is crucial for maximising AI's value while preventing
errors that could result in misinformed decisions or resistance
to Al integration.

6.2 | Limitations and Future Research

Despite the promising results, our research has several limita-
tions. The scalability and adaptability of the HAIAPI frame-
work to different business environments and domains require
further experiments and validation through additional case
studies. While our case study on the headset industry demon-
strates the framework's potential, additional case studies across

diverse sectors are necessary to validate its broader applicabil-
ity. Another limitation is the reliance on manual prompt engi-
neering when utilising GPTs, which relies on domain experts’
expertise and reduces the framework's level of automation.
Future research could explore automated prompt engineering
(APE) techniques to mitigate this challenge and enhance the
framework's generalisability across different use cases. These
enhancements could further streamline the innovation process,
making Al-driven insights more accessible and practical for a
wide range of industries.

Importantly, the foundational tenets of the HAIAPI frame-
work—(1) iterative human-AI collaboration, (2) contextualised
prompting and (3) systematic validation—are subject to adapta-
tion as Al capabilities advance. First, iterative human-AlI collab-
oration ensures that generative AI augments human creativity
and decision-making rather than replacing it entirely. As Al
technologies advance, this collaborative interaction might shift
from structured prompting to more intuitive, conversational
engagements, allowing users to interact naturally without ex-
tensive prompt engineering (Amershi et al. 2019). Second, con-
textualised prompting enables Al-generated outputs to closely
align with specific organisational contexts, tasks and objectives.
Currently, detailed prompts are meticulously crafted; however,
with future AT models gaining enhanced contextual awareness
and sophisticated conversational capabilities, less rigid prompt-
ing methods may emerge (Radford et al. 2019). For example,
organisations might increasingly rely on general guidelines, al-
lowing AI to infer specific requirements from broader instruc-
tions, thus simplifying the interaction process. Third, systematic
validation mechanisms address risks such as misinformation
and inaccuracies in Al-generated outputs. Advances in model
transparency and interpretability could significantly streamline
validation processes (Rudin 2019). For instance, more transpar-
ent AI models may enable automated or semi-automated vali-
dation, reducing manual checking and allowing practitioners
to focus primarily on strategic innovation aspects rather than
routine AT output verification.

Although these tenets form a robust conceptual foundation, prac-
titioners must remain agile, proactively adapting their application
to evolving Al capabilities. Continuous learning, iterative exper-
imentation and openness to technological updates will be essen-
tial. The sustained effectiveness of the HAIAPI framework relies
on its flexibility to integrate emerging technological affordances
while consistently preserving its core intent: fostering responsible,
contextually relevant and impactful AI-driven innovation in small
business environments.

6.3 | Conclusion

User-generated data, such as customer reviews and social media
posts, offer a valuable yet underutilised resource for businesses
seeking to enhance their innovation processes. However, chal-
lenges such as noise, sparsity and ambiguity in online texts pose
significant obstacles for traditional NLP tools. In this paper,
we addressed these challenges by leveraging advanced AI
techniques, including ML and GPTs, to develop a comprehen-
sive framework for extracting actionable insights from large-
scale online reviews. Our framework aims to facilitate open
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innovation by enabling businesses, especially small enterprises,
to systematically incorporate user-generated insights into prod-
uct development.

Our contributions to the field of AI in innovation are threefold:
(1) we present a structured, scalable approach for automating the
extraction and generation of innovation-relevant insights from
large-scale textual data; (2) we demonstrate the potential of Al
in overcoming resource constraints typical of small businesses,
enhancing both the quantity and quality of innovation outputs
and (3) we underscore the role of human-AI collaboration in
navigating complex problem-solving tasks, providing a balanced
framework that integrates Al-driven insights with human exper-
tise. We advance the state of the art by highlighting how AI can
be strategically deployed across various stages of the innovation
process—specifically problem identification, solution generation
and evaluation.
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Endnotes

I A small business is defined as having fewer than 20 employees and an
annual turnover of less than $10 million. Source: Australian Taxation
Office (ATO). (2021). Definitions—Small business entity. Retrieved
from https://www.ato.gov.au/.

2 https://www.autodesk.com/au/collections/product-design-manuf
acturing/overview?term=1-Y EAR&tab=subscription.

3 Refer to Appendix A: Table A1 for details on the research method.

4 Refer to Tables B1 and B2 for the resource toolkit and checklist ques-
tions and GPT prompts for implementing the HAIAPI framework,
respectively.

> Refer to Table B1 for GPT prompts relating to Step 2.
6 Refer to Table B1 for GPT prompts relating to Step 3.
7 Refer to Table B1 for GPT prompts relating to Step 4.

8 Refer to Table C1 for samples from the most relevant Al-detected
headset problems selected by the product experts.

9 Refer to Table B1 for GPT prompts relating to Step 6.
10 Refer to Table C2 for a sample from an Al-generated solution.
11 Refer to Table B1 for GPT prompts relating to Step 7.

12 Refer to Table C3 for samples from further refinement of ground-
breaking Al-generated solutions.
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Appendix A
Research Method

This study aims to contribute to a better understanding of human-AI
collaboration in the context of product innovation within small firms.
Given the scarcity of practical research on this topic, our study is explor-
atory and employs qualitative methods. Our primary data are derived
from a single revelatory case study (Yin 2009) and our analysis follows
an interpretive approach (Walsham 2006). Simply Headsets serves as
a revelatory case due to its successful implementation of a human-AI
assisted innovation framework to drive its new product development
initiative.

The primary data sources for this case study included: (a) 10h of in-
tensive collaborative work with product and design expert teams from
Simply Headsets to implement the HATAPI framework, (b) 5h of focus
groups with one group of product experts and another group of design
experts from Simply Headsets and (c) 2h of in-depth interview with the
founder of Simply Headsets who also actively participated throughout
the different stages of this study, including problem identification, data
collection, insights development and further refinement. The primary
data sources were supplemented with other relevant secondary sources
such as internal company documents and presentations, news reports
and press releases. For our data analysis, we adopted an interpretive
approach (Klein and Myers 1999).

‘We began by developing narratives to describe the human-AT collab-
oration journey at Simply Headsets. This narrative approach helped
us understand the key decisions related to the implementation of the
HATIAPI framework at Simply Headsets. These narratives, in turn,
facilitated a deeper understanding of the practices that enabled the
small firm to successfully implement human-AI collaboration for
product innovation purposes. Initially, our analysis focused on iden-
tifying general leadership principles for Al adoption. We then consid-
ered not only deliberate management actions but also organisational
circumstances, routines and culture that facilitated the implementa-
tion. We iterated between emerging insights, data and literature mul-
tiple times to continuously deepen our understanding. This iterative
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process initially resulted in a set of eight principles that we later
combined into six principles, and then further synthesised into three

main principles.

TABLE A1 | Primary data sources details.

Data collection

Participants

Collaboration Work for
Implementation of HATAPI
Framework

Focus Group 1
(HATAPI Framework
Operationalisation and

Project Team 1: Product Expert
A, Product Expert B, Product
Expert C
Project Team 2: Design Expert D,
Design Expert E, Design Expert F

Product Expert A, Product Expert
B, Product Expert C

Implementation)
Focus Group 2 (HAIAPI Design Expert D, Design Expert E,
Framework Evaluation) Design Expert F
Interview Founder/manager
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TABLE B2 | GPT prompts for implementing the HAIAPI framework.
Steps GPT prompts
Step 2: Data You are an expert in text annotation and classification. Your job is to perform a multi-label classification task on user
labelling reviews for headset.

You will be provided with the definitions of 15 labels related to the headset; a detailed guide for executing the task; and

a user review text. The given user review can have from zero to multiple labels, so you should independently determine

whether it meets each label and return your answer in JSON format.

### Labels Definition

**label_1**: label_1 is about Material Quality. Accept when the review mentions aspects related to durability, texture,

weight, or robustness of the materials used, such as “feels sturdy’ or ‘flimsy material’.

**label_2**:label_2 is about Connectivity. Accept when the review mentions ease of pairing, connection stability, range, or

compatibility with devices, such as ‘connects easily via Bluetooth’ or ‘good range’.

**label_3**:label_3 is about Endurance. Accept when the review mentions the product's ability to withstand extended use or

tough conditions, including terms like ‘long-lasting’ or ‘withstands wear and tear’.

**]abel_4**: label_4 is about Sound Quality. Accept when the review mentions clarity, bass, treble, balance, or distortion in

audio output, such as ‘clear sound’ or ‘strong bass’.

**label_5**: label_5 is about Noise Cancellation. Accept when the review addresses the effectiveness of noise reduction or

isolation, such as ‘blocks out noise effectively’ or ‘poor noise isolation’.

**label_6**: label_6 is about Comfort. Accept when the review discusses comfort during use, especially for prolonged wear

or ergonomic fit, such as ‘comfortable for hours’ or ‘causes discomfort after a while’.

**label_7**: label_7 is about Shape/Appearance. Accept when the review mentions visual design, aesthetics, colour, or

shape, such as ‘sleek design’ or ‘looks bulky’.

**label_8**: label_8 is about Battery. Accept when the review discusses battery life, charging speed, or performance

stability, such as ‘lasts for 8h’ or ‘battery dies fast’.

**label_9**: label_9 is about After-sale Support Services. Accept when the review covers customer service, warranty

response, or repair experiences, such as ‘helpful support team’ or ‘quick warranty replacement.’

**]abel_10**: label _10 is about Microphone Quality. Accept when the review mentions microphone clarity, sensitivity, or

sound pickup, such as ‘clear voice on calls’ or ‘muffled sound.’

**label_11**:label 11 is about Controls Design/Function Design. Accept when the review refers to button placement, ease

of control, or functionality layout, such as ‘easy to operate’ or ‘buttons are too small’.

**label_12**: label 12 is about Portability. Accept when the review mentions ease of transport, weight, or compactness, such

as ‘easy to carry around’ or ‘too bulky for travel’.

**label_13**: label_13 is about Price. Accept when the review discusses value for money, affordability, or pricing perception,

such as ‘worth the price’ or ‘overpriced’.

**label _14**: label_14 is about Water Proof/Resistant. Accept when the review mentions water resistance, waterproof

features, or durability in wet conditions, such as ‘waterproof” or ‘not suitable for rain’.

**label_15**: label 15 reflects whether the evaluation of the headset is useful to improve or innovate the product. Accept

when the review provides constructive feedback or suggestions for product enhancements, such as ‘could improve sound

quality’ or ‘better battery would be nice’.

### Annotation Instructions

**Step 1. Initialize Annotation Structure:**

- Create an empty dictionary ‘response’ to store the analysis and result for each label.

- For each label (label_1, label_2, ..., label_15), create an entry in the dictionary containing ‘analysis’ and ‘result’.

**Step 2. Independently Evaluate Each Label Following this Step-by-step Workflow:**

- **Comprehend the Label Definition:** Carefully read the definition of label_i.

- **Comprehend the User Review:** Carefully read the text to be annotated.

- **Record Matching Analysis in ‘response[f“label_{i}”][“analysis”]":** You should independently assess whether the review
text aligns with the definition of label_i, without being influenced by other labels. For label_i, you should quote specific
segments from the review text to explain whether the review matches label _i's definition. If the review aligns with
label_i's definition, record ‘Conclusion: Accepted’ at the end of your analysis. Otherwise, record ‘Conclusion: Rejected’.

**Record Matching Result in ‘response[f“label_{i}”][“result”]:** Based on the ‘Conclusion’ in the Matching Analysis above,

select ‘Accepted’ or ‘Rejected’.

**Step 3. Generate Final JSON Result:**

- After completing the annotation for all labels, convert the ‘response’ dictionary into a JSON format, and return this JSON
object as the model output.

(Continues)
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TABLE B2 | (Continued)

Steps GPT prompts

Step 3/6: You will be provided with a user review of a headset product from Amazon. As an expert in the headset industry, your task
Atomic is to identify, extract, and rephrase the atomic issues and atomic ideas related to the ${Product Aspect} of this product from
problem/idea the review text.

extraction Atomic issues refer to problems, defects, or shortcomings related to product design or development, while atomic ideas refer

Step 4: Problem
summarisation

Step 7: Atomic
idea retrieval

to ideas, suggestions, or solutions that can guide product improvement or innovation. A review may raise multiple issues or
ideas about ${Product Aspect} from different perspectives, so here ‘atomic’ means that the description of each issue or idea
should be specific and independent.

You should store your response in lists and return them in a JSON format, i.e.,

“json

“${Product Aspect}”: {

“atomic issues™:[“issue_1", “issue_2",...],

“atomic ideas”: [“idea_1”, “idea_2",...]}"”

Each atomic issue and atomic idea should be faithful to the original review text, retaining detailed descriptions or examples.
However, if the given review does not contain specific issues or ideas, the corresponding list should be set to [“none”].

As an expert in the headset industry, you will receive multiple headset issues reported by users in XML format. Your task
is to analyse these texts, and then summarise the 3 to 5 most critical issues that are particularly related to the ${Product
Aspect} and would provide the greatest value for product improvement.

You should return your summarised issues in XML format, as follows:

“xml

<summarized_issues>

<issue_1>${The detailed, exhaustive, and clear description of issue-1, along with the specific examples and wording from
original content to support this issue}. This issue is based on: ${issue_id1}, ${issue_id2}, ..</issue_1>

<issue_2>${The detailed, exhaustive, and clear description of issue-2, along with the specific examples and wording from
original content to support this issue}. This issue is based on: ${issue_id1}, ${issue_id2}, ..</issue_2>

</summarized_issues>

3

You are a creative and experienced headset developer, designing improvement plans and innovative directions for your

products based on user-reported issues.

You will be provided with a description of user-reported issues and several user suggestions that may be related to these

issues. Your task is to think up ideas for the headsets' improvement and innovation.

The ideas you propose should include the following two categories:

1. Concrete, specific, and feasible ideas: These should be highly detailed and actionable, providing clear and direct guidance
for resolving existing issues and improving user experiences.

2. 2. Groundbreaking, visionary, and potentially revolutionary ideas: You can give free rein to your creativity and
imagination, thinking beyond existing practices and patterns in the headset industry.
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Appendix C

Samples of AI-Generated Output

TABLE C1 | Samples from the most relevant Al-detected headset problems selected by the product experts.

Product
aspects Problem description (AI) Justification for selection (product experts)
Aftersales Users express frustration over the inability to obtain necessary Addressing this issue is critical to maintaining
support replacement parts or appropriate repair services. Specific examples customer satisfaction and brand loyalty. Implementing
services include Corsair only selling original ear pads, not compatible with a comprehensive aftersales support system with a wide
older models (issue_13089) and the unavailability of replacement range of compatible parts can be achieved through
earbuds leading to partial refunds instead of product replacements partnerships with suppliers and improving inventory
(issue_13182). This issue is based on: issue_13089, issue_13182. management.
Battery Several reports indicated that the charging cases are draining Resolving battery issues is essential for ensuring product
quickly or failing to hold a charge, significantly impacting the reliability and customer trust. This can be feasibly
usability of the earbuds. For example, cases drained significantly implemented by enhancing quality control procedures
with brief usage, stopped functioning after being placed on a and using higher quality battery components.
wireless charger, or failed to retain a charge leading to poor earbud
performance. This issue is based on: issue_11773, issue_12364,
issue_12595, issue_12886.
Connectivity Several users face challenges with the Bluetooth connection’s Reliable connectivity is vital for seamless user

initial setup and maintenance, such as pairing issues, need
for frequent re-pairing and specific position requirements for
functional connectivity. The setup process is often confusing due
to poor manual translations and inadequate instructions. This
issue is based on: issue_1387, issue_2180, issue_2305, issue_2404,

issue_2588, issue_2594, issue_3085, issue_3201

experience. Simplifying the connection process through
software updates and providing clear, well-translated
instructions can address this issue effectively.

1627

85U8017 SUOWIWOD SAIERID 3dedt|dde au A peusenob a2 saole YO ‘8sh JO SNl 1oy Akeid1auljuQ AB|IM UO (SUONIPUOD-PUB-SULLBI WD A8 1M AReiq 1 Ul |Uo//:Schiy) SUORIPUOD pue swie | 8y} 89S *[G202/TT/.2] Uo ARiqi78uliuo A8]IM ‘[10UNnoD Yotesssy [BOIPBIN PUY UiEeH euolieN Ad 2652T  BI/TTTT'0T/I0P/W00 A8 |m Akeiq pul|uo//Sdiy wo.j pepeojumod ‘9 ‘SZ0Z 'SLSZS9ET



TABLE C2 | Sample from an Al-generated solution.

Selected Product
Problem ID aspects Sample of AI-generated solutions
#3 Aftersales Concrete, Specific and Feasible Ideas:
support 1. Revamp the Online Return Process:
services - Develop a streamlined, intuitive online return portal that reduces the number of steps to initiate a
return. This portal should guide users through a step-by-step process, clearly laying out each stage of
the return, from initiation to shipping instructions.
- Include a video tutorial on the website explaining how to navigate the return process.
2. Implement a Transparent Return Policy:

- Clearly display the return policy on all sales platforms, packaging, and receipts, specifying the return
period, conditions for return, and the state in which items need to be returned.

- Standardise the return policy across all platforms to avoid discrepancies and ensure the policy is easily
understandable without legal jargon.

3. Enhanced Customer Support:

- Establish a dedicated helpline and email support solely for returns and exchanges that is staffed by
well-trained representatives. This should help expedite resolutions and reduce confusion.

- Implement a Chabot specifically designed to handle returns and warranty questions, equipped with
the capability to route complex queries to human operators.

4. Flexible Returns Policy:

- Remove the requirement for returns to be in original packaging but ensure that the product is still in a
returnable condition.

- Allow for a more extended return period of 45-60days, particularly for online purchases, to
accommodate delays in shipping and decision-making.

5. Proactive Communication:

- Send automated reminders via email or SMS about the pending end of the return period. Include a
direct link or clear instructions on how to initiate a return.

- Follow up with customers post-purchase to ensure satisfaction and to inform them about support
avenues available if they are not satisfied.

Groundbreaking, Visionary and Potentially Revolutionary Ideas:
1. Augmented Reality (AR) Return Assistance:

- Develop an AR app that customers can use to scan their product, visually illustrating how to repack
the item if necessary, and initiating a return. This app could guide them through each step of the
process in real time.

- Use AR to assess the condition of the returned product, speeding up the inspection process and
reducing the time to process refunds or exchanges.

2. Blockchain for Transparency:

- Utilise blockchain technology to maintain transparent and immutable records of purchases, returns,
and exchanges. This could help track the lifecycle of a product and its return history, aiding in
warranty verifications and reducing fraud.

3. Al-Powered Predictive Troubleshooting:

- Before allowing a return, engage customers with an AI-driven troubleshooting system that can predict
and solve potential product issues based on previous user data. This could reduce unnecessary returns
and enhance product satisfaction.

4. Subscription Model for Upgrades:

- Introduce a subscription service where customers can get the latest models of headsets delivered to
them as soon as they are released. This model would include a hassle-free trade-in option for the old
models that bypasses the traditional return process.

5. Dynamic Return Window:

- Implement a dynamic return window that varies with the product's usage patterns detected through
smart technology. For less used products, extend the return period, offering more flexibility and
potentially enhancing customer trust and satisfaction.

Implementing these ideas would not only address the existing issues but also revolutionise the return
process, making it a competitive advantage in the marketplace.
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TABLE C3 | Samples from further refinement of groundbreaking AI-generated solutions.
Product Product expert further refinement of AI-generated
aspect Breakthrough ideas/solutions description solutions
Battery 1. Self-Charging Eco-Friendly Case: Develop a charging . Self-Charging Eco-Friendly Case: A self-charging case
case that harnesses solar power or kinetic energy (from harnessing solar or kinetic energy is exceptionally
movement) to continuously or incrementally recharge itself, promising, particularly for travellers. This concept aligns
reducing dependency on electrical charging and aligning with with sustainable trends, but practical implementation
sustainable energy trends. requires extensive R&D, pilot testing, and addressing
2. Modular Battery System: Design a revolutionary modular potential inefficiencies in energy conversion.
charging case where batteries can be individually replaced or . Modular Battery System: Modular systems enhance user
upgraded, allowing for longer overall life and customization convenience and product longevity. Implementing this
based on user needs (such as longer-lasting batteries for would involve developing interchangeable components
travellers). and ensuring seamless integration with existing
3. Al-Driven Power Allocation: Integrate AI technologies to products. Marketing should emphasise customization and
analyse user's listening habits and adjust power consumption sustainability.
dynamically. For example, if the system recognises a pattern . Al-Driven Power Allocation: AI can significantly extend
of short bursts of usage throughout the day, it could manage battery life by learning from user patterns. Refinement
energy distribution in a way that extends the battery life. involves robust AI algorithms, user-friendly interfaces,
4. Multi-Device Wireless Charging Hub: Develop a futuristic and real-time feedback mechanisms to optimise power use
multi-device charging platform where the charging case itself dynamically.
acts as a power bank for other devices (phones, tablets, other . Multi-Device Wireless Charging Hub: Creating a versatile
headsets) and can simultaneously charge multiple devices, charging hub enhances user convenience. Focus on
including the earbuds. compatibility across various devices, safety standards, and
5. Smart Temperature Regulation: Innovate a new thermal efficient energy distribution.

management system within the charging case that
automatically adjusts internal temperatures based on external
conditions to prevent overheating and optimise battery
efficiency and safety.

. Smart Temperature Regulation: Advanced thermal

management can prevent overheating and improve battery
efficiency. Implementing sensors and automated controls
to adjust temperature based on usage and environment is
crucial.
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