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Abstract

This thesis systematically explores the potential and practical applications of
artificial intelligence (Al) in enhancing product design evaluation. As Al
technology advances, its integration with design processes offers new
approaches to improve efficiency, innovation, and decision-making in
product design. This study focuses on developing and validating a
multimodal Al-assisted product design evaluation system, leveraging deep
learning algorithms that can process and analyze complex multimodal data,

images and text, to provide comprehensive evaluation metrics.

The contribution of this study is the establishment of a framework that
integrates Al with traditional product design evaluation practices. The
research is organized around five interrelated studies, each of which
addresses a specific application of Al in product design—from data collection
and model development to practical validation and human-machine
collaboration. The results show that AI can significantly improve the
objectivity and efficiency of design evaluation, especially when dealing with

large-scale and multidimensional datasets.

Al's ability to synthesize large amounts of design-related information has
been shown to significantly enhance the decision-making process, allowing

for faster iterations and more informed adjustments during the design phase.



However, the study also acknowledges the challenges of Al in its application,
especially in dealing with highly subjective design aspects such as aesthetics

and user experience, where human insight remains indispensable.

In addition, this paper proposes a human-machine collaborative model as an
ideal approach for design evaluation, combining the analytical advantages of
artificial intelligence with human creativity and critical judgment. This model
not only improves the reliability of design evaluation, but also promotes

innovation by integrating different perspectives.

In terms of practice, the developed Al-assisted evaluation system has been
tested and validated through empirical methods, showing usability and
effectiveness results in real-world design scenarios. This study contributes to
the theoretical and practical understanding of the application of artificial
intelligence in design and suggests avenues for future innovation and ethical
considerations for the integration of artificial intelligence technology in the

design industry.

Overall, this study not only highlights the transformative potential of artificial
intelligence in product design evaluation, but also lays the foundation for
future advances to promote smarter, more efficient, and user-centered design

practices.
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Chapter 1. Introduction

This chapter introduces the research background, the significance of
Al-assisted product design evaluation, and the framework of this thesis. With
the rapid development of Al technology, its application in product design is
becoming increasingly extensive. However, there is exciting potential in
design evaluation. This thesis will systematically explore the possibility of
Al-assisted product design evaluation and provide a new perspective for
improving design efficiency and quality. This chapter examines the
theoretical foundation of this study and briefly introduces the structural

design of the paper as a preparatory framework for further in-depth analysis.

1.1 Research Background and Significance

Product design evaluation is crucial to the modern product development and
innovation process. The characteristic of the decision-making problem is its
multi criteria nature, including factors related to the task and decision-making
process (Liu&Kim, 2023). The main significance of design evaluation is to
identify and select satisfactory design concepts in the early stages of product
development, laying the foundation for subsequent detailed design (Xu et al.,
2019). This approach enables designers and enterprises to significantly reduce
time and financial expenditures while simultaneously enhancing the final
product's alignment with user requirements and market demands. Studies
have shown that decisions made in the early design stage often determine
about 70% of the total cost of product development (Liu & Kim, 2023) .
Therefore, effective design evaluation can significantly reduce the risk of

product development and improve resource utilization efficiency. Designs are
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typically evaluated from multiple perspectives: the functional dimension
(measured by customer satisfaction), the physical dimension (assessing
quality, reliability and durability), and the economic dimension (analyzing
costs and investment evaluations) (Xu et al., 2019). This multi-dimensional
evaluation method can comprehensively consider all aspects of the product

and ensure the feasibility and competitiveness of the final design solution.

However, the design evaluation process also faces many challenges. First, the
identification of evaluation criteria and the allocation of weights are two key
issues. These criteria may vary from company to company and need to be
adapted to the needs of customer satisfaction (Liu & Kim, 2023). In practice,
expert judgment is often inconsistent in the process of identifying evaluation
criteria, and it is easy to ignore existing design knowledge and experience in
the early design stage (Liu & Kim, 2023) . This inconsistency and lack of
knowledge may lead to biased evaluation results and affect the final design
decision. Another important challenge is the uncertainty and imprecision of
information. In the early design stage, design information is often insufficient
and imprecise. Decision makers' judgments are usually imprecise, and the
confidence level in their judgments also leads to varying degrees of
uncertainty (Liu & Kim, 2023) . This information uncertainty increases the
complexity of design evaluation and may lead to doubts about the reliability
of evaluation results. In addition, design evaluation is usually a group
decision-making problem involving multiple decision makers (Liu & Kim,
2023) . How to effectively aggregate the judgments of different decision
makers and coordinate possible differences is an important challenge in the
design evaluation process. This requires the establishment of a scientific and
fair decision-making mechanism to ensure the objectivity and

representativeness of the evaluation results.
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In the current technological environment, the application of artificial
intelligence (AI) technology provides new possibilities for solving some
problems in design evaluation. Al technology can help process large amounts
of data and identify potential patterns and relationships, thereby providing a
more objective and comprehensive analysis basis for design evaluation (Liu
& Kim, 2023; Rodgers & Huxor, 1998) . For example, through machine
learning algorithms, valuable experience and knowledge can be extracted
from historical design cases to assist in the formulation of evaluation criteria
and weight allocation. In addition, Al technology can also provide richer
information input for design evaluation by processing multimodal data (such
as text, images, etc.) (Liu & Kim, 2023). However, although Al technology has
shown great potential in design evaluation, it is still necessary to pay
attention to the importance of human-computer collaboration. Design
evaluation is not just a data processing problem, but also involves creativity,
insight, and judgment of humanistic values. Therefore, future design
evaluation systems should strive to combine the data processing and analysis
capabilities of AI technology with the creativity and insight of human
designers to build a more comprehensive and efficient evaluation framework

(Liu & Kim, 2023; Rodgers & Huxor, 1998).

In general, design evaluation is a key link in the product development process.
Its significance lies in its ability to effectively guide design decisions and
improve the efficiency and success rate of product development. However, it
also faces many challenges, such as the determination of evaluation standards,
information uncertainty, and coordination of interests of multiple parties.
With the development of technology, especially the application of Al

technology, we are expected to develop more intelligent and accurate design
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evaluation methods, thereby promoting product design and innovation to a
higher level. This requires not only technological breakthroughs, but also
continuous exploration and improvement in practice to adapt to the

ever-changing market demands and technological environment.

In the era of globalization, what conditions make the world livable has
become a critical issue. Latour (2009) believes that this issue is significant for
designers. It concerns the survival of billions of humans and trillions of other
organisms and involves the combination of nature and society. Latour and
Peter proposed two viewpoints: sphere theory and actor-network theory
(Latour, 2009; Sloterdijk et al., 2017) . These two theories seem different, but
both aim to bridge the gap between nature and society. Sloterdijk et al. (2017)
further pointed out that the globalization of electronic communications
represents the third wave of globalization, marking that we have entered a
new era of interaction. The advancement of machine learning technologies
has enabled the successful integration of artificial intelligence into design
practices in contemporary research. For example, the Luban system that
Alibaba Intelligent Design Laboratory developed can intelligently generate
advertisements based on user behavior and preferences, improving design

efficiency (Yang et al., 2018).

Nowadays, deep learning is a popular field of AI research, and stochastic
gradient descent is the train weight of neural networks (Lecun et al., 2015) .
Neuroevolutionary is also another popular artificial intelligence research area.
This method uses evolutionary algorithms to optimize neural networks (Kim,
2016; Lecun et al., 2015). It can meet the growing computing potential. Ideas
can provide rich resources for the inspiration and mixing of deep learning,

reinforcement learning, and machine learning. There are branches in the field
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of artificial intelligence. Studies have confused the problems of automation,
fuzzy logic, machine learning, and deep learning. This situation may lead to a
lack of understanding or consistency in the future of artificial intelligence.
Therefore, it is necessary to define important concepts and boundaries to
ensure that researchers can accurately estimate and measure the impact of Al
from the perspective of experience and norms. Research has shed light on this

area.

There are growing concerns that robots and artificial intelligence will replace
professions. To remain relevant in the ever-changing industrial environment,
future employees must identify opportunities, change the industry, and
provide innovative solutions to meet the challenges of increasing
globalization in the information age(Rampersad, 2020). It has been argued by
Rampersad (2020) that in the age of artificial intelligence, essential skills
include critical thinking, problem resolution, effective communication, and
team cooperation. All those abilities have significant impacts on the
development of innovation. McCardle (2002) also discussed issues related to
integrating emerging technologies into future designer education. With the
rapid development of technology, industrial designers and educators face the
challenge of entirely using these advanced technologies. Those challenges are
particularly severe in higher education, which usually encourages adopting
new innovative technologies (McCardle, 2002) . For example, McCardle's
research (2002) describes a model used to introduce the field of artificial
intelligence to industrial design undergraduates. The designer's future role
requires understanding the standards for practical usability, functionality,
and product semantics and understanding the user's abilities, confidence, and

product perception (McCardle, 2002).
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The application of artificial intelligence can provide innovative and exciting
opportunities for the design of intelligent and interactive products. In
addition to education, the application of artificial intelligence technology in
the industry enjoys a similar developing trend. Alibaba Group used Artificial
intelligence technology and multimedia content design, which has created
one of China's most significant High-tech business ecosystems (Liu et al,,
2019) . For example, Liu and his colleagues (2019) introduced the general
processing flow of Al-assisted design tools in the Alibaba business ecosystem.
Considering that artificial intelligence technology can play a huge role in
producing multimedia content, Alibaba could combine multimedia content
design with artificial intelligence technology to expand application scenarios,
such as Al-assisted design, graphic design, video, and webpage generation

(Liu et al., 2019).

The 21st century is a significant period of technological development,
especially in the field of information technology. These technological
advancements have fundamentally changed the paradigm of global
manufacturing, ushering in an era characterized by intelligent production
systems. Contemporary research suggests that adopting intelligent
manufacturing is a strategic priority for countries aimed at ensuring
industrial leadership (Zhou et al., 2018). This technological transformation has
triggered a global response, with major economies implementing
comprehensive strategies to welcome the Fourth Industrial Revolution. It is
worth noting that Germany has taken the lead in promoting this movement
through its Industry 4.0 initiative (Liu, 2015), while China's "Made in China
2025" policy framework explicitly identifies intelligent manufacturing as a
core strategic goal (Zhou et al., 2018). A key research focus in this field

involves systematically integrating emerging information technologies into
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traditional manufacturing processes. Scholars have identified the next
generation of intelligent manufacturing as a synergistic combination of
artificial intelligence and cutting-edge production methods (Zhou et al., 2018).
In this constantly evolving environment, product design, as a fundamental
component of manufacturing, needs to integrate AI based methods to

maintain relevance and competitiveness.

In recent years, the application of artificial intelligence (AI) technology in
product design has become a transformative trend, providing unprecedented
opportunities to improve creativity, efficiency, and innovation (Quan et al,,
2023) . The fusion of big data and Al algorithms is revolutionizing product
design methods, enabling designers to process and analyze massive amounts
of information to optimize design outcomes (Zhang et al., 2022) . This
technological shift is not just an incremental change, but a change in basic
assumptions in the way products are conceptualized, developed, and

evaluated (Liu, 2015).

Researchers must address the importance of Al-assisted product design
evaluation. The study pointed out that understanding consumer reactions and
preferences for Al-designed products is crucial to developing effective
evaluation models (Yang et al., 2021). Al-driven assessment systems have the
potential to significantly improve the decision-making process, improve
product quality, and accelerate time to market by providing objective,
data-driven insights throughout the design lifecycle (Chong et al., 2022;
Verganti et al., 2020). Existing research focuses on the application of Al in the
product design generation stage, while the discussion on the design
evaluation stage is limited. Liu's research (2015) shows that applying Al

algorithms in cognitive thinking storage and feedback mechanisms can
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effectively promote product design optimization. Yang et al. (2021) further
proposed an intelligent product morphology design method based on
cognitive dynamics and spider web structure, emphasizing the importance of
selecting feasible solutions from intelligent design sketches. These studies
have laid the foundation for the application of Al in design evaluation, but

more systematic and comprehensive exploration is still needed.

In the field of product design evaluation, the application of Al technology can
be divided into the following three levels. Al assisted evaluation refers to the
use of Al as an auxiliary tool to provide data support and preliminary
evaluation recommendations to designers, but the final decision-making
power still lies in the hands of human designers. This model emphasizes
human-machine collaboration, with Al playing a role in enhancing rather
than replacing human designers. The evaluation of product design driven by
artificial intelligence focuses on integrating artificial intelligence into the
entire evaluation workflow, including multidimensional analysis of
functional performance, aesthetic quality, and user interaction indicators. This
approach emphasizes the systematic and comprehensive evaluation. Al
driven evaluation represents Al playing a leading role in the evaluation
process, independently completing evaluation tasks through technologies
such as deep learning. This model emphasizes the autonomy of Al, but its

application in subjective design evaluation is currently limited.

Based on the objectives of this study and the concept of human-machine
collaboration, this thesis will uniformly adopt the term "Al assisted product
design evaluation". This strategic approach emphasizes the complementary

role of artificial intelligence in improving the efficiency and accuracy of the
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design evaluation process, while affirming the indispensable leadership role

of human designers in creative decision-making.

The application potential of Al in product design evaluation is enormous.
First, Al can quickly process and analyze copious amounts of design data,
extract valuable information, and provide an objective basis for design
decisions. This ability is particularly suitable for handling complex
multi-dimensional design problems. As Quan et al. (2023) emphasized, Al
can consider multiple aspects, such as functionality, aesthetics, and user
experience, at the same time to provide comprehensive evaluation results.
The Al system can continuously optimize the evaluation model through
machine learning. With the accumulation of data, the accuracy and reliability
of the evaluation will continue to improve. This kind of self-learning and

adaptability is not available in traditional assessment methods.

Al-assisted evaluation can also significantly improve design efficiency.
Designers can get feedback faster by automating the evaluation process,
resulting in faster iterations and shorter product development cycles.
Verganti et al. (2020) pointed out that artificial intelligence can create
continuously updated user-centered solutions. Al significantly impacts the
effectiveness of the evaluation model by learning iteratively. Real-time data
and user feedback can guide design decisions, which allows more

personalized and innovative products to be designed and produced.

However, the application of AI in product design evaluation also
faces challenges. The first issue is data quality and availability. The

performance of Al models depends on the quality and quantity of training

16



data. In product design, obtaining a large amount of high-quality evaluation
data can be challenging. Secondly, the interpretability of Al models is also a
critical issue. Design evaluation usually involves subjective factors. Making
Al evaluation results transparent and understandable to designers and
stakeholders is a key issue. More research is needed in the future to address
those issues. In addition, constructing a human-machine collaboration model
is also a principal issue. How to fully utilize AI data processing and analysis
capabilities while maintaining the creativity and insight of human designers
is a direction that future design practices need to pursue. Chong et al. (2022)
emphasized that human designers’ effective use of Al input is crucial to
success, and human ability and confidence play a key role in collaborating

with Al systems.

The significance of this thesis is reflected in the following aspects.

The importance of design evaluation in the product development process is
explored in depth. Effective design evaluation can significantly reduce the
risk of product development and improve resource utilization efficiency. The
nature of design evaluation as a complex multi-criteria decision-making
problem is clarified. This study emphasizes that design evaluation involves
multiple aspects, including task-related factors and decision-related factors,
which helps to understand the complexity of design evaluation more

comprehensively.

® The challenges faced by design evaluation, such as information
uncertainty, imprecision of decision makers' judgments, and complexity

of group decision-making, are explored. The identification of these
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challenges provides directions for future research. The key role of design
evaluation in the product design process is emphasized. Good evaluation
can avoid expensive redesign costs in the later stage, which is crucial for

the competitiveness of enterprises.

® The complexity of the modern product design decision-making process is
pointed out, involving multiple stakeholders, such as engineers,
consumers, designers, and enterprise managers. This multi-party
participation feature increases the difficulty of decision-making and

emphasizes the necessity of effective evaluation methods.

® Innovative ideas for design evaluation methods are proposed, including
artificial intelligence, experimental evaluation, and online evaluation. The
comprehensive application of these methods can provide more
comprehensive and accurate evaluation results for product design. It also

provides case references for future design education.

® The thesis discusses the potential of artificial intelligence and computer
technology in simplifying the evaluation process and improving
evaluation efficiency. This points out the direction for the development of
future design evaluation methods. It emphasizes that design evaluation
should not only focus on technical factors, but also consider multiple
factors such as cost and user experience, which will help develop a more

comprehensive and flexible evaluation method.

This study provides comprehensive theoretical and practical guidance for this

emerging field by systematically exploring, implementing, and validating
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Al-driven product design evaluation models. The research results have a
meaningful impact on product design theory and practice, promote the
application of Al technology in the creative field, and provide direction for
future design methods and tools. By deeply understanding the potential and
limitations of Al in design evaluation, this study will contribute to building a
more efficient and innovative design ecosystem and promote product

innovation and user experience.

1.2 Theoretical Foundation

The main objective of this study is to develop and validate an Al-assisted
product design evaluation system. The system aims to bridge the gap
between traditional design practices and innovative Al technology, providing
designers with an evaluation tool to assist them in refining concepts. The Al
product design evaluation system proposed in this study aims to provide
comprehensive and objective evaluation results by adopting deep learning
algorithms and multimodal data analysis. The study's theoretical basis
includes the following aspects: artificial intelligence theory, product design

theory, and human-computer collaboration theory.

1.2.1 Artificial Intelligence Theory

Artificial intelligence (AI) theory is one of the core foundations of this study.
It includes related theories such as machine learning, deep learning, and
natural language processing, which provide a basis for the construction of Al
models. Machine learning theory, especially deep learning, enables Al
systems to learn complex patterns and features from substantial amounts of
data (Lecun et al., 2015). This deep learning ability is crucial for processing

multi-dimensional, unstructured data in product design evaluation.
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Natural language processing (NLP) theory provides theoretical support for
the system to understand and analyze text data such as design descriptions
and user feedback (Siddharth et al., 2022) . Through NLP technology, the
system can extract key information from the text, understand the design
intent, and perform semantic analysis, thereby achieving more intelligent

evaluation.

Computer vision theory provides a theoretical basis for the system to analyze
the visual features of products (Chen et al., 2020). This enables the system to
extract visual features such as shape, color, and texture from product images

or 3D models for aesthetic evaluation and functional analysis.

The development of multimodal classification algorithms has also benefited
from the progress of deep learning technology. By combining information
from different modalities of image and text data, these algorithms can better
understand and analyze complex design concepts (Cai, 2024; Radu et al., 2018;
Ran et al., 2022; Zhou et al., 2018; Zhu et al., 2020). This theory is significant

for improving production efficiency, resource utilization, and product quality.

1.2.2 Product Design Theory

Product design theory provides evaluation criteria and a framework for this
study. Design thinking theory emphasizes a human-centered, iterative
optimization design process, which is highly consistent with the goals of
Al-aided evaluation systems (Brown, 2008). User-centered design theory

emphasizes that products should meet user needs and expectations, which
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provides important guidance for the evaluation criteria of AI systems

(Norman, 2013).

In addition, product life cycle theory and sustainable design theory also
provide important theoretical perspectives for the evaluation system,
enabling the system to evaluate product design from a longer-term and more

comprehensive perspective (Ceschin & Gaziulusoy, 2016).

1.2.3 Human-computer Collaboration Theory

The human-computer collaboration theory is an important theoretical basis
for this study. This theory emphasizes that artificial intelligence (AI) is an
auxiliary tool for designers rather than completely replacing human designers
(Peuter et al., 2023) . In the product design process, the human-computer
collaboration model can give full play to Al's data processing and analysis

capabilities while retaining the creativity and insight of human designers.

The theory of human-computer collaboration believes that current Al
technology has yet to separate from human intelligence completely, and its
design and application still require human intervention (Feuston & Brubaker,
2021). In product design, Al is a collection of past achievements from human
product design. However, human designers' creativity, originality, and
open-mindedness are still crucial. This collaborative model enables design
thinking to stand on the shoulders of Al while eliminating tedious literature

and theoretical research, thereby promoting innovation in design thinking.
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The theory of human-computer collaboration also emphasizes that Al
technology can replace and assist human designers in completing specific
product design tasks (Tsang & Lee, 2022) . Although AI has not entirely
changed the entire product design process, it has brought innovations in
product design methods. For example, Al can interact with designers to
provide survey results of similar designs in the past and conduct more
in-depth analysis and judgment on the success of these designs during the

product research stage (Feuston & Brubaker, 2021).

In addition, human-computer collaboration theory also emphasizes that
Al-assisted tools should have multiple interaction modes to adapt to
distinctive design problems (Peuter et al., 2023) . To provide the best
assistance, Al assistants should have multiple interactions, which should help
designers to the greatest extent and provide information to Al assistants
(Peuter et al., 2023) . This variety of interaction modes helps to enhance the
effect of human-computer collaboration. Human-computer collaboration
theory also states that to achieve effective collaboration, Al assistants need an
accurate user model to understand the designer’s behavior (Amershi et al.,
2019; Peuter et al.,, 2023) . Although the theory is not limited to a single
modeling paradigm, computational rationality is considered a particularly
promising option that can produce scientifically sound models (Peuter et al.,
2023) . Finally, the theory of human-computer collaboration emphasizes the
development trend from human-computer interaction to deep coordination,
and the importance of trust building as a breakthrough (Amershi et al., 2019;
Feuston & Brubaker, 2021). With the rapid development of Al technology and
its application in specific groups of people, intelligent agents begin to have
clear interpersonal relationships, shift from passive to active interaction, and

have emotional judgment and feedback intelligence (Amershi et al., 2019) .
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This development trend further strengthens the importance and potential of

human-computer collaboration.

In summary, the human-computer -collaboration theory provides an
important theoretical basis for this study, guiding us to fully utilize the
advantages of Al technology in product design while maintaining the
creativity and insight of human designers to achieve the best results of

human-computer collaboration.

The organic combination of these theories provides a solid theoretical basis
for developing an Al-assisted product design evaluation system. By
integrating advanced theories in multiple fields, such as artificial intelligence
and human-computer collaboration, this study aims to develop an intelligent
evaluation system with both evaluation capabilities and the ability to
collaborate with designers. In general, the theoretical basis of this study
reflects the integration of contemporary design theory and artificial
intelligence technology. This study explores the integration of artificial
intelligence and design evaluation methods, aiming to change the design
evaluation methods, improve the efficiency of the design process, and

contribute new ideas and teaching tools to the progress of design education.

1.3 Research Objectives

The existing research on artificial intelligence enhanced design has identified
significant research gaps in how artificial intelligence can optimize product
development workflows. Based on these findings, this survey aims to develop
an intelligent design support system and systematically evaluate its impact on

the design process. The main research objectives involve the development and
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empirical verification of an Al based design evaluation framework, with the

following three specific objectives.

Objective 1: Optimize product design evaluation system using artificial

intelligence technology

This objective aims to explore how to integrate artificial intelligence
technology into the product design evaluation process. This thesis will study
how to use the data processing and analysis capabilities of artificial
intelligence while retaining the creativity and insight of human designers.
This system will be able to process multimodal data to provide a more

comprehensive perspective for design evaluation.

Objective 2: Verify the effectiveness of Al-assisted design evaluation

systems

This objective involves evaluating the performance of Al models in design
evaluation tasks. Through comparative experiments and practical application
research, this thesis will explore how Al technology can enhance the
capabilities of designers and improve innovation, accuracy, and efficiency.
This will help understand the practical application value of Al in product

design evaluation.

Objective 3: Construct an Al-assisted product design evaluation framework

Based on the research results, this thesis will establish a comprehensive
research framework to explain how AI technology can improve design
evaluation methods. This framework will combine traditional and modern Al

technologies to provide a more comprehensive solution for the field of
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engineering design. The goal of this study is to present the application field of
Al-assisted design to designers or researchers and provide directions for

future research.

By achieving these research objectives, this study aims to fully explore the
application potential of AI in product design evaluation and provide
designers with an evaluation tool to assist in improving conceptual design.
This study will also provide theoretical and practical evidence for the
application of Al in the design field, optimize the product design innovation

process, and improve the efficiency of product design and development.

1.4 Overview of the Thesis Structure

The thesis structure is shown in Figure 1.1.

Structures Aims
[ Chapter 1. Introduction } Research Questions
[ Chapter 2. Literature Review ] Theoretical Background and Research Gaps
~ T 4
|¥ Chapter 3. Research Methodology ,‘ Kicthets e heseranh Plan
¥
[ Chapter 4. Study ;D;mgl;leol Requirements in J Defining Requirements of Designers
e Age o
(lopials G P AT S o B o Define the stages of product design that require Al assisted

: Data Requi s evaluation. Explain the reason of the competition datais a

dataset that meets the requirements.

Chapter 6. Study3 Part I- Construction of
z : Collecting quantitative evaluation data and analyzing data
Multimedal Product De: Datasets
= s 2 information marked by experts. Compare the predicted
results of the model with the actual scores of experts and

Chapter 7. Study3 Part II- Implementation of Al analyze the accuracy and effectiveness of the model.

Evaluation Model
Chapter 8. Study4- Human-Machine Comparative Evaluate the accuracy and reliability of the model by
Evaluation Experiment comparing the consistency and differences between the two.

Conduct user experience and satisfaction surveys of the

Chapter 9. Study 5- Prototype Validation Research

model.
Chapter 10. Discussion Discussion, Limitations and Future Direction
¥
Chapter 11. Conclusion Summarization, Final Results and Contributions

Figure 1.1 The Thesis Structure
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Chapter 1 introduces the research background and motivation, clearly states
the research objectives, and defines the research scope. This chapter also
discusses the significance and value of the research, outlines the basic
framework and direction of the entire research for readers, and lays the

foundation for a deeper understanding of the research content.

Chapter 2 systematically reviews the previous research related to the
application of artificial intelligence in design evaluation and discusses the
current application status of Al technology in product design and its
challenges. This chapter also explores the gaps in theory and practice in
current research and identifies research gaps and questions, providing

theoretical support and direction for the following research.

Chapter 3 introduces the methodological framework adopted in this study in
detail, including research design, data collection methods, and data analysis
techniques. At the same time, this chapter also elaborates on the specific steps
of the research process and experimental design to ensure the scientific and

operability of the research.

Chapter 4 analyzes designers' basic needs and expectations when using
Al-assisted design tools and determines the functions and performance
indicators that Al tools should meet. Through demand analysis, this chapter

provides specific guidance and reference for developing Al tools.
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Chapter 5 defines the specific links in the product design stage that require
Al-assisted evaluation and explains how the data in these links can meet
competitive needs. At the same time, this chapter clarifies the specific
requirements that the data set should meet and provides standards for data

collection and processing.

Chapter 6 details how to collect and construct a multimodal product design
dataset for Al evaluation. This chapter discusses the data types, collection
methods, and preprocessing procedures, providing a detailed operational

guide for constructing the dataset.

Chapter 7 introduces the construction process of the Al evaluation model,
including the design, training, and optimization strategies, and demonstrates
the application of the model in actual design evaluation. Through empirical

research, the effectiveness and practicality of the model are verified.

Chapter 8 evaluates the accuracy and reliability of the AI model through
human-machine comparison experiments and compares the consistency and
difference between the Al evaluation results and the expert scores. The
experimental results in this chapter provide a basis for optimizing and

improving the Al model.

Chapter 9 conducted a user experience and satisfaction survey to verify the
practicality and user acceptance of the Al assessment tool. By collecting user
feedback, this chapter provided valuable user insights for further product

optimization.
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Chapter 10 provides an in-depth discussion of the findings, analyzing the
study's limitations and directions for future research. Through critical
analysis, this chapter proposes future research directions that address the

issues discovered.

Chapter 11 summarizes the main results and contributions of the research and
explores the practical application prospects and promotion value of Al
evaluation models in the design field. This chapter puts forward the
conclusion of the research, providing reference and inspiration for research

and practice in related fields.

This chapter outlines the research background, significance, and overall
framework of Al-assisted product design evaluation, laying the foundation
for the following research. By elaborating on the theoretical basis and
structure of the research, this study emphasizes the importance of exploring
the application of Al in product design evaluation. This provides a clear
direction for the literature review in the next chapter, guiding the thesis to
explore the current research status in depth, finding research gaps, and thus
clarifying this study's specific problems and aims. Although this chapter
provides an overall framework for the research, a literature review is still

needed to determine the research gaps and directions.
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Chapter 2. Literature Review

This chapter will comprehensively review existing Al-assisted product design
evaluation research and find research gaps. The application status, challenges,
and opportunities of Al in product design evaluation will be explored by
analyzing the current research status. This analysis will help the thesis clarify
research questions and aims and provide theoretical support and guidance for
the following research. The literature review in this chapter will be discussed
in parts according to the research logic. Finally, the research gaps and
questions will be drawn, laying the foundation for the next empirical

research.

2.1 Current Status of AI Application in Product Design Evaluation

The development of artificial intelligence has made AI driven design
evaluation a key factor in improving creative innovation and operational
efficiency in the product development process. Al technology is redefining all
stages of product design by providing advanced data analysis, automated
design processes, and tools to enhance creativity. This section discusses the
status of Al applications in product design evaluation through a
comprehensive analysis of relevant literature, including its methodology,

benefits, challenges, and future development prospects.

2.1.1 Current Status and Impact of Al in Product Design

Artificial intelligence is vital in improving design efficiency and stimulating

innovation potential. The application of Al covers all stages of the design
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process, from initial conceptualization to final product evaluation. For
example, the Al-assisted design (AIAD) method mentioned by Quan et al.
(2019) can effectively explore and optimize various design solutions using
advanced search techniques and algorithms. In complex design tasks such as
sustainable urban development projects, AIAD can quickly analyze multiple
possible urban layouts and building plans, considering environmental
impacts, cost-effectiveness, and social factors, thus determining the best

design solution.

In addition, Manavis (2023) emphasized the advantages of combining Al
with existing technology tools, pointing out that this combination
significantly improves the efficiency of product and packaging development
processes. Al frees up designers' time by automating repetitive tasks in design,
such as data collection and preliminary analysis, allowing them to focus on
more creative and strategic design activities. In industries where rapid
prototyping and iterative design are critical, such as consumer electronics and
automotive manufacturing, the application of Al can significantly shorten the
time it takes for products to go from concept to market and make dynamic
adjustments based on real-time user feedback (Yan & Li, 2020; J. Zhou et al,,
2018) . AI technology also plays a significant role in all stages of product
design, including inspiration acquisition, creativity and concept generation,
concept evaluation, optimization, decision-making, and modeling (Yiiksel et
al., 2023) . Especially in the creative generation stage, Al can help designers
overcome design rigidity and promote the generation of more innovative and

breakthrough ideas.

Al tools, especially language processing models such as ChatGPT, have

begun to change design thinking and decision-making processes profoundly.
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These tools help designers make more scientific and reasonable decisions in
the design process by providing data-based insights and predictions. Al-Sa'di
and Miller (2023) showed that the application of Al in design thinking can
improve the quality of decision-making and promote innovative solutions by
discovering hidden design opportunities. In the product design process, Al
technology has significantly changed how products are conceptualized,
developed, and optimized (Liu & Kim, 2023).Through a careful evaluation of
the effects of Al technology application, research shows that Al technology
has had a profound impact at all stages of product design (Liu & Kim, 2023).
Al technology not only enhances the capabilities of designers but also changes
the structure and flow of the entire design process. Integrating Al simplifies
the processing of complex data, enabling designers to optimize product
design by leveraging historical data, market trends, and consumer behavior
analysis. This data-driven design approach shows exciting potential in
improving product success and market responsiveness. However, despite
considerable progress in the application of Al in design thinking, more than
research on its application in dealing with unclearly defined user needs and
expanding into new markets is required. This research gap suggests that
future research needs to explore how to integrate AI better to solve these

complex problems.

Al plays a key role in improving the multidimensionality of design evaluation,
especially in evaluating the aesthetics and functionality of designs. Botros et
al. (2023) explored the application of Al in architectural aesthetic evaluation.
By analyzing design examples and user feedback, Al was able to identify
which design elements resonate most with users and how to improve the
design to increase user satisfaction. These insights are critical to ensuring that

design solutions are technically feasible and resonate with users aesthetically
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and emotionally. In addition, with the development of virtual reality (VR)
and augmented reality (AR) technology, the application of Al on these
platforms provides new evaluation tools for product design (Fan et al., 2022).
Designers can quickly prototype and test modern design concepts in a virtual
environment, obtain instant user feedback, and adjust the design based on
this feedback. The immediacy and interactivity of this design evaluation

enhance the flexibility and user-centricity of the design process.

In practical applications, Al technology has been used to analyze user needs
and design standards, especially in big data environments. For example,
Wang et al. used Al algorithms to optimize product appearance and color
matching based on the diverse needs of users and the functional requirements
of products (Liu & Kim, 2023) . By establishing a support vector machine
(SVM) appearance color intention model, designers can more accurately
capture user preferences and transform them into specific design elements

(Liu & Kim, 2023).

2.1.2 Challenges and Future Prospects of AI Applications

Although Al technology has brought benefits to product design evaluation, it
also faces challenges in its widespread application. As intelligent elements are
increasingly integrated into product design, the application of Al technology
in product design has become a mainstream direction. It has shown great
application prospects in fresh fields, extending to human-computer
interaction services (Liu & Kim, 2023). This trend has not only changed the
way designers work but is also reshaping the interaction mode between users
and products. Among them, the interpretability of Al systems is a critical

issue. As Al models become increasingly complex, the transparency and
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interpretability of their decision-making process become lower and lower,
which is particularly problematic for occasions where design decisions need
to be accurately explained. Zhu et al. (2021) pointed out that this problem is
particularly prominent in human-computer interaction (HCI) environments,

which may lead to reduced user acceptance of Al-driven design solutions.

The potential bias of Al algorithms is also an issue that cannot be ignored.
These biases may arise from imbalanced or insufficient training data,
resulting in Al-output design solutions that fairly serve only user groups.
Morley et al. (2019) emphasized that it is crucial to consider ethical issues
during Al development, which helps identify and mitigate these biases and
ensure the fairness and universality of design solutions. At the same time, the
interpretability of Al systems and the need for domain-specific knowledge
remain important challenges (Liu & Kim, 2023) . Designers and engineers
must understand the logic behind Al-generated design suggestions to make
informed decisions. Maintaining a balance between algorithm optimization

and human creativity is also an issue that needs continued exploration.

Looking ahead, the application prospects of Al in product design evaluation
are very promising. With the further development of technologies such as
machine learning and neural networks, the application of Al in design tools
will become deeper and more extensive. The parametric design and
generative design methods discussed by Hegazy and Saleh (2023) show that
Al can help designers explore abstract design concepts and automatically
generate multiple design options based on specific design parameters. This
ability will improve the quality and efficiency of design, making products

more in line with market and user needs.
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The application of deep neural networks (DNNs) in product design has
shown exciting potential. For example, by using AI techniques such as
particle swarm optimization and genetic algorithms, designers can optimize
product design parameters more effectively (Liu & Kim, 2023) . These
techniques improve design efficiency and produce more innovative and
user-friendly design solutions. Actual case studies have also confirmed the
effectiveness of Al technology in product design. Taking seat design as an
example, through the application of Al technology, the study found that users
prefer leather materials and diverse materials while giving lower scores to
painted wood (Liu & Kim, 2023) . Regarding product structure and shape,
users prefer arc and curved structures rather than straight structures. These
findings provide valuable guidance for designers to help them create

products that better meet user preferences.

New research directions are emerging in integrating artificial intelligence and
product design. However, to fully realize the potential of Al in product
design evaluation, multiple challenges need to be addressed, including
technical, ethical, and operational challenges. A key issue is how to leverage
the capabilities of Al while maintaining human creativity effectively. This
integration can enhance product innovation and efficiency and improve the

decision-making process and optimization of design parameters.

In general, the application of Al in product design evaluation is undergoing a
rapid evolution and modernization. By integrating multimodal data, deep
learning techniques, and traditional design methods, Al is bringing

revolutionary changes to the field of product design. However, to fully realize
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the potential of Al it is necessary to find a balance between technological
development, ethical considerations, and practical applications. Future
research should focus on developing more intelligent, explainable, and
user-friendly AI design tools while exploring how to maximize the
constructive collaboration between AI and human creativity. These

limitations will be discussed in detail in the next section.

2.2 Limitations of Existing Research

Despite the promising application of AI in product design evaluation,
significant limitations in existing research hinder its effective implementation.
Through a comprehensive analysis of relevant literature, this study
summarizes the limitations in the following significant aspects: insufficient
exploration of Al capabilities, insufficient data quality, and challenges in
integrating Al into existing design processes. This section will explore the

current barriers and challenges of applying Al in product design evaluation.

2.2.1 Limitations of Design Evaluation Studies

Design evaluation studies are essential for assessing the effectiveness and
efficiency of various design interventions across multiple domains. However,
these studies face limitations that may hinder their effectiveness and
applicability. This section synthesizes the existing literature and explores the
challenges inherent in design evaluation studies, focusing on stakeholder

involvement and the complexity of real-world applications.

Stakeholder engagement poses a significant challenge in design-evaluation
research. Instructional designers have been found to often prioritize informal

evaluation methods over formal evaluation methods, which may not
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adequately capture the perspectives of all relevant stakeholders (Williams et
al., 2011). This disconnect can result in evaluations that do not fully represent
the needs and expectations of end users, resulting in designs that do not
achieve their intended effects. Additionally, DeVaughn and Stefaniak (2020)
highlight that a lack of stakeholder interest in measuring the effectiveness of
training programs can further complicate the evaluation process as it can lead
to inadequate data collection and analysis. This challenge is particularly
evident in settings where evaluation is less valued, such as in government
and military settings, where resources are often allocated to new instructional

materials rather than evaluating existing ones (DeVaughn & Stefaniak, 2020).

Resource allocation is another key factor that limits the effectiveness of
design-evaluation research. Researchers face constraints related to funding,
staffing, and time, which can significantly impact the scope and depth of their
evaluations. point out that peer-reviewed journals are often limited in their
flexibility to accept different evaluation designs, which may prevent
researchers from pursuing innovative evaluation methods (Celinska, 2021). In
addition, the challenges of conducting evaluations in resource-limited settings
may result in underpowered studies that fail to produce meaningful results,
as they emphasize in their discussion of regression discontinuity designs
(Louie et al., 2016). Lack of adequate resources can also hinder the conduct of
comprehensive evaluations that consider a variety of dimensions, such as
process, economic, and equity measures, which are critical to understanding

the broader impact of design interventions (Jones et al., 2014).

The complexity of real-world applications further complicates design
evaluation research. For example, point out that in healthcare IT design, the

disconnect between designers and end users often results in evaluations that
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do not accurately reflect users' interactions with technology (Kulp & Sarcevic,
2018). This gap may lead to designs that are inconsistent with user needs,
reducing their effectiveness. In addition, challenges associated with
implementing evaluations in dynamic environments (e.g., education) can
result in significant variation in intervention implementation and outcomes,
making it difficult to draw clear conclusions from evaluation studies (Kane et
al., 2012). Recognizing that interventions must be tailored to specific contexts
to achieve desired outcomes underscores the need for adaptability in

evaluation design (Cornet et al., 2020).

In addition, the subjective nature of design evaluation presents another layer
of complexity. As Thurston noted, different stakeholders often have different
perceptions of the value of a design, which leads to challenges in establishing
standardized evaluation criteria (Selva et al., 2014). This subjectivity can lead
to conflicting interpretations of evaluation results, further complicating the
decision-making process regarding design improvements. Furthermore, as
discussed, the lack of uniform evaluation metrics can hinder the ability to
quantitatively assess design effects, particularly in areas where sensory
aspects are critical (Kato & Tsuda, 2018). The lack of clear metrics can lead to
ambiguity in assessing the success of design interventions, impacting their

implementation and sustainability.

Design evaluation research is fraught with limitations that can hinder its
effectiveness and applicability. Methodological limitations, stakeholder
engagement challenges, and the complexity of real-world applications all
contribute to the difficulties faced by researchers in this field. To improve the
effectiveness and impact of design evaluation, researchers must adopt more

flexible and inclusive methods that consider the diverse perspectives of
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stakeholders, allocate adequate resources, and account for the complexity of
real-world settings. By addressing these limitations, the field of design

evaluation can evolve to better meet the needs of practitioners and end-users.

Existing research on the exploration of Al tools in product design still needs
to be in-depth and comprehensive enough. Al-Sa'di and Miller (2023)
pointed out that although Al language models such as ChatGPT have
potential in the design stage of technological innovation, their application
research in solving undefined user needs and remote markets is still
insufficient. This reflects that the integration of AI and design thinking
principles has yet to be fully realized, and future research is needed to explore
this intersection further. Kong (2020) showed that Al is rarely used in
creative fields such as art and design. This finding highlights the need for
interdisciplinary research to explore how Al can be effectively applied in
various design fields. Future research must prioritize applying Al to areas of

creativity and artistic expression.

2.2.2 Challenges of Data Quality, AI Explainability, and Evaluation

Framework

Data quality and availability significantly affect the practical application of Al
in product design evaluation. Vadla (2024) discussed the application of
sentiment analysis in product design evaluation, noting that reliance on
customer feedback data may lead to biased or unrepresentative results.
Ahmad et al. (2022) further pointed out that a significant obstacle
manufacturing companies face in implementing Al is the need for more data
analysis talent and skills. This affects the ability to effectively use Al tools and

limits organizations from fully realizing the potential of Al in product design
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evaluation. These findings highlight the importance of improving data quality
and enhancing workforce data analysis skills, while also pointing out the
need for educational institutions and industry stakeholders to pay attention to

this systemic problem together.

Existing research needs a comprehensive framework to guide the integration
of Al in the product design process. Jylkis et al. (2019) emphasized the need
for systematic research on how service design can promote the scalability of
Al-enabled systems. Organizational challenges in Al technology assimilation
were systematically documented by Bérubé et al. (2021) using the Delphi
method, with particular emphasis on data handling limitations and workforce
skill gaps specific to artificial intelligence. In addition, Kong (2024) pointed
out that the lack of standardized evaluation protocols to evaluate the
application of Al in product design may make it difficult to obtain reliable
evidence on the effectiveness of Al. These findings highlight the importance
of establishing a standardized evaluation framework to improve the

credibility and reliability of Al applications in product design.

Herskovit (2021)noted that Al models have difficulties with interpretability,
which can cause users to doubt their reliability and validity. In product
design, stakeholders must understand the reasoning behind Al-generated
evaluations to trust and adopt these technologies. The opacity of Al's
decision-making process may significantly hinder its acceptance in the design
evaluation environment. Khanolkar et al. (2021) further argued that while Al
can assist engineering design, a fully automated design process remains
unattainable, emphasizing the importance of maintaining a collaborative
approach that leverages the combination of Al capabilities and human

creativity.
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These limitations highlight the shortcomings of existing research on the
application of Al in product design evaluation and point out the direction for
future research. To overcome these challenges, developing more
comprehensive and effective methods to integrate Al technology with
product design evaluation is necessary. In this regard, multimodal data and
deep learning technology provide new possibilities for improving the
application effect of Al in product design evaluation. The following section
will explore in detail the potential of multimodal data and deep learning in
product design evaluation, as well as how to use these advanced technologies

to overcome the limitations of current research.

2.3 Potential of Multimodal Data and Deep Learning in Product Design

Evaluation

With the rapid development of technology, multimodal data, and deep
learning have shown great application potential in product design evaluation.
This section will focus on how these technologies can enhance the design
process, improve user experience, and promote collaboration among design

teams.

2.3.1 Improving the Comprehensiveness and Accuracy of Design

Evaluation

The comprehensive use of multimodal data can significantly improve the
comprehensiveness and accuracy of product design evaluation. Hu (2022)
showed that the fusion of multimodal sensor data can enhance market
adaptability and responsiveness to user needs. Said et al. (Said et al., 2017)

emphasized the effectiveness of deep learning technology in processing
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EEG-EMG data compression and classification. This technology is of excellent
value in understanding various user interaction methods and can provide

data support for design decisions and iterations.

Evaluation methods for deep learning models have become increasingly
sophisticated, focusing on performance metrics, including accuracy,
robustness, and ethical considerations (Boursalie et al, 2022). Such a
comprehensive evaluation framework is critical to ensuring the developed
models are compelling, trustworthy, and applicable in real-world scenarios.
Design evaluation means evaluating a product's aesthetic and functional
qualities through a multimodal perspective, combining user feedback and

performance data, and iteratively improving the design.

2.3.2 Promote Product Innovation and Meeting User Needs

By analyzing multimodal data, designers can explore user preferences and
behavior patterns in more detail. Yu et al. (2022) demonstrated how
large-scale commercial multimodal representation learning can provide deep
insights into user-product interactions, which is essential for customizing
products to meet the needs of specific user groups. At the same time, Ayik
(2023) showed that creative evaluation from a multimodal perspective can

inspire more prosperous and innovative design ideas.

2.3.3 Implementation of Real-time Evaluation and Iterative Optimization

The combination of multimodal data and deep learning offers new
possibilities for real-time product performance monitoring and evaluation.
Bakalos et al. (2019) discuss methods for using multimodal data fusion and

adaptive deep learning in monitoring critical systems. These methods are also
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applicable to product design, enabling designers to quickly adjust and
optimize designs based on real-time feedback. Deep learning methods have
been used in product design to evaluate and optimize product aesthetics.
Using image datasets and corresponding user ratings, researchers have
developed convolutional neural networks (CNNs) that can evaluate the
aesthetic appeal of product designs. This approach simplifies the design
evaluation process and provides designers with actionable insights based on
user preferences, thereby promoting a more user-centric design approach
(Zhou et al., 2021). Incorporating multimodal data such as visual and textual
feedback further enriches this evaluation process, allowing for a more

comprehensive understanding of user perception.

2.3.4 Enhance Interdisciplinary Collaboration and Decision Support

Integrating multimodal data provides product design teams with a more
affluent information base, which helps promote interdisciplinary
collaboration and decision support. By processing and analyzing multimodal
data with deep learning technology, design teams can obtain more
comprehensive and insightful information about user needs and market
trends (Yiiksel et al., 2023) . This information can be shared among team
members with different professional backgrounds to promote effective
communication and collaboration. For example, by combining image
processing and natural language processing technology, designers can
simultaneously analyze product appearance and user reviews to make more

comprehensive and accurate design decisions (Liu & Kim, 2023).

Zheng (2024) introduced a variational neural network optimized using the

Osprey optimization algorithm to evaluate product appearance aesthetics.
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This algorithm improved accuracy, precision, and specificity significantly
compared to the state-of-the-art. Integrating deep learning in this context
allows for a more nuanced understanding of aesthetic values in industrial
design, demonstrating how machine learning can improve product aesthetic

assessment (Zhang, 2024).

Although multimodal data and deep learning have shown enormous
potential in product design evaluation, there are still significant research gaps
in practical applications. For example, the effective integration and alignment
of data and how to ensure the interpretability and credibility of artificial
intelligence evaluation are challenges that need to be addressed urgently.
Future research should focus on developing standardized methodologies so
that designers can effectively use these innovative technologies to ensure the
optimization and innovation of the design process. Through the above
discussion, the researcher can outline the application potential of multimodal
data and deep learning in product design evaluation and propose new
questions and directions for subsequent research to promote further

development in this field.

2.4 Research Gaps and Research Questions

Although the application of Al in product design evaluation has shown
significant potential, there are still important gaps in existing research that
need to be filled by future research. This section will explore these research
gaps and propose research questions for future academic exploration and

technology development.

® (lear definition of Al-assisted design requirements
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Although existing studies have explored the application requirements of
Al in the design stage, an in-depth definition and analysis of the specific
requirements and functions of Al tools at distinctive design stages still
need to be provided. Existing literature emphasizes the importance of Al
technology in product design. However, systematic guidance still needs
to be on how to effectively integrate Al technology at various stages of the
design process. More in-depth research is needed to clarify how Al
technology can enhance human capabilities in terms of defining user

needs, establishing success criteria, and building reasonable expectations.

Design and optimize evaluation data requirements and sampling

strategies

In Al model development, selecting appropriate samples and data types
and processing these data to meet the accuracy and effectiveness of Al
tools are issues that still need to be fully addressed in current research.
Existing research emphasizes the importance of dataset type and breadth
in meeting design requirements. However, how to create new datasets
and reduce the interference of evaluators' subjective consciousness still
needs further exploration. In addition, how to ensure that Al technology
can effectively enhance human capabilities after completing fully

automatic tasks is also a key issue.

Construction and application of multimodal design evaluation dataset

Multimodal datasets play a key role in improving the performance of Al
evaluation models, but how to effectively build and utilize these datasets
and integrate different data modalities to optimize Al models remains a

challenge. Existing research shows that multimodal data analysis can
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reveal the complex interaction patterns between users and products, but
how to transform these insights into specific design decisions still requires

in-depth research.

® Al evaluation model verification and user experience

The methods and standards for verifying the effectiveness of Al
evaluation models still need to be determined. At the same time, how to
evaluate the user experience and satisfaction of these models in the actual
design process also requires more research. Existing literature emphasizes
the interpretability of Al systems and the need for specific domain
knowledge, but how to effectively utilize the capabilities of Al while
maintaining human creativity remains a significant challenge. In addition,
how to maintain a balance between algorithm optimization and human

creativity also needs further exploration.

This thesis proposes the following research questions based on the above

research gaps.

® RQ1: At which product design stage do designers need Al-assisted tools

the most? What functions should these tools have?

This question aims to clarify the application requirements of Al
technology in each product design stage. By intensely studying the
challenges and needs designers face at various stages, this study can
better define the functions and characteristics of Al tools, thereby

improving their practicality and effectiveness in the design process.

45



® RQ2: What data types need to be collected and processed to develop

Al-assisted design evaluation tools?

This question focuses on the optimization of data requirements and
processing strategies. By exploring the value and processing methods of
diverse data types, this study can provide more comprehensive and
effective training data for Al models, thereby improving the performance

and applicability of the models.

® RQ3: How do we build an AI product design evaluation model based on
multimodal data to improve the accuracy and comprehensiveness of the

evaluation?

This question explores the application of multimodal data in Al design
evaluation. This study can develop a more comprehensive and accurate
evaluation model by studying how to effectively integrate and utilize data

from different modalities (such as images and texts).

® RQ4: How can the effectiveness of the Al-assisted product design
evaluation model be evaluated? In practical applications, what are the
similarities and differences between the model and the evaluation

results of human experts?

This question focuses on the validation and practical application of Al
models. By comparing the evaluation results of AI models and human
experts, this study can gain in-depth insights into the advantages and
limitations of Al technology in product design evaluation and explore the

best practices of human-machine collaboration.
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These research questions aim to fill existing research gaps and provide
theoretical and practical guidance for applying AI in product design
evaluation. By answering these questions, this study will help promote the
development of Al-assisted design evaluation tools and provide new methods
and insights for design practice. At the same time, these questions also reflect
the main challenges and opportunities of the current application of Al
technology in the field of product design, including how to effectively
integrate Al technology with traditional design methods, how to process and
utilize multimodal data, and how to maximize the potential of Al technology

while maintaining human creativity.

By systematically exploring these RQs, this thesis can advance theoretical
research on Al in product design evaluation and provide specific guidance
and tools for design practitioners, thereby promoting the widespread
application and innovation of Al technology in product design. This is
significant for improving design efficiency, enhancing product innovation

capabilities, and better meeting user needs.

This chapter reviews existing Al-assisted product design evaluation research
and shows key research gaps and directions. This study clarifies the research
questions and aims by analyzing the existing literature, providing theoretical
support for the following empirical research. This review provides an
important basis for the design of the research method in Chapter 3 and helps
us find a hybrid research method suitable for solving the research problem.
However, the comprehensiveness of the literature review may be limited by
the scope of the selected literature. The next chapter will design a specific

research method based on the findings of this chapter.
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Chapter 3. Research Methodology

This chapter elaborates on the methodological framework, data collection,
and analysis methods used in this study. Based on the theoretical foundation
and research gaps in the earlier two chapters, the thesis designs a mixed
research method that includes qualitative and quantitative methods. This
chapter will introduce five interrelated studies (Study 1-5), each addressing a
specific research question (RQs) and adopting a corresponding research
method. This multimethod, multi-stage research design aims to fully explore
the possibilities of Al-assisted product design evaluation and ensure the

reliability and validity of the research results.

3.1 Research Methods

This thesis adopts a mixed research approach, combining qualitative and
quantitative methods, to comprehensively explore the complex issues of
Al-assisted product design evaluation. This method, based on the
multidimensional nature of the research question, provides deeper and more
comprehensive insights. The use of mixed methods allows for an
understanding of complex research problems from multiple perspectives and
improves the reliability and effectiveness of research results through
triangulation (Rath et al.,, 2022) . Triangulation is a research method that
enhances the reliability and effectiveness of findings by using multiple data
sources, analytical methods, or theoretical perspectives. It is beneficial in
mixed-nature fields such as information systems (IS) research, as it helps
researchers understand complex problems from multiple perspectives.

Triangulation can also help researchers systematically consider existing
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theories without being driven by them, resulting in more useful, relevant, and

up-to-date theoretical construction (Glaser et al., 2005).

The use of triangulation in research has the following advantages. It improves
the credibility of research results by employing multiple methods and data
sources. It allows for the validation of findings from different perspectives,
enhancing the reliability of the results (Glaser et al., 2005). It reduces bias and
assumptions, allowing researchers to systematically consider existing theories
without being driven by them. It eases a comprehensive understanding of
complex problems, especially in mixed-nature research fields like information
systems. It simultaneously integrates qualitative and quantitative methods,
such as considering aesthetic value and product functionality in product

design research (Chumiran & Zainal Abidin, 2021).

When studying emerging technologies or phenomena, triangulation methods
can effectively adapt to and explore these fields (Rath et al., 2022). In practical
applications, triangulation can take various forms, such as combining analysis,
testing, validation, and monitoring in the research of Al software quality
assurance (Gezici & Tarhan, 2022) or using visual element research and
principal solution research simultaneously in design cognition research to
comprehensively understand product form (Chumiran & Zainal Abidin,
2021) . By combining theoretical exploration and practical verification,
triangulation can generate more relevant and wup-to-date theoretical

construction (Glaser et al., 2005).

Triangulation is a powerful research method particularly suitable for complex,

interdisciplinary research problems, providing more comprehensive and
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reliable results. This study proposes a theoretical framework for using Al
technology to improve design evaluation methods, emphasizing Al's
potential to enhance evaluation efficiency and accuracy, especially in
quantifying design scheme evaluation results. This study involves multiple
disciplines, such as computer science, design, and human-computer

interaction, making it suitable for a mixed research method.

3.1.1 Qualitative Methods

In terms of qualitative research, this study adopted focus group interviews
and grounded theory analysis methods to explore the real needs of designers

for artificial intelligence tools.

3.1.1.1 Focus Group

Focus group interviews allow researchers to delve into designers' specific
needs and expectations in the Al era, comprehensively covering research
topics through structured discussion data (Gidumal et al., 2024). The choice
of focus group interviews is based on the following key considerations. As a
qualitative method widely used in social science research (Tremblay et al.,
2010), focus groups can flexibly manage various design themes and fields. It
allows researchers to interact directly with domain experts and obtain rich
data (Denton & McDonagh, 2003; Peuter et al.,, 2023) . This method is
particularly suitable for exploring emerging and complex topics such as
Al-assisted design. Because it can stimulate interaction among participants,
generate collective intelligence, and delve into designers' real needs and

concerns about Al-assisted tools (Peuter et al., 2023; Tremblay et al., 2010).
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Among qualitative research methods, focus groups and interviews are the
most common and effective methods for exploring well-defined topics. Each
method has different advantages, depending on the nature of the research.
In-depth interviews are ideal for gathering detailed insights into individual
behaviors, thoughts, and perceptions. In contrast, focus groups are designed
to obtain a wide range of opinions from participants who engage in
structured discussions, allowing researchers to observe a range of
perspectives on a particular topic (Martin & Hanington, 2012) . For the
purposes of this study, the focus group method is a more appropriate method
because the focus of this study is on Al-assisted product design, involving

product designers as the main research subjects.

Focus groups can promote in-depth discussions on topics specifically selected
by researchers, allowing for a dynamic exchange of ideas between
participants. This interaction not only promotes the discovery of different
perspectives, but also helps to synthesize these perspectives into coherent
conclusions. Since the research revolves around clearly defined topics and
target user groups, the focus group format (composed of a group of experts)
enhances the relevance and depth of the data collected. Compared with
individual interviews, focus groups provide a more collaborative
environment, and collective insights can lead to more balanced and fair

results(Martin & Hanington, 2012).

Furthermore, in a focus group setting, participants can provide inspiration to
one another, thus enriching the discussion and leading to more reliable
conclusions. Specifically, focus groups are suitable for in-depth research on
complex issues aimed at predicting future trends and developments. This

method involves structured conversations, and researchers can effectively
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guide the discussion to ensure that each topic is thoroughly explored. This
structured approach not only captures the collective expertise of the
participants, but also closely aligns with the research goal of exploring the
evolving landscape of product design influenced by artificial intelligence
(Gordon et al., 1969) . Therefore, the using of focus groups is particularly
suitable for achieving the goals of this study given their specific focus and the

expert nature of the participants.

3.1.1.2 Grounded Theory

Grounded theory coding helps this study extract key concepts and theories
from raw interview data, which is crucial for understanding the application of
emerging technologies in the design field (Charmaz, 2015). Grounded theory
is highly suitable for exploratory research (Charmaz, 2015) . Artificial
intelligence and product design are emerging disciplines that have appeared
with the development of computer technology and the industrial revolution.
In the field of Al-driven product design, which lacks mature theories,
grounded theory can help us construct a theoretical framework for
Al-assisted design requirements based on designers' practical experience and
perspectives (Peuter et al., 2023) . In addition, the importance of this study
reflected in its emphasis on the viewpoint that Al should collaborate with
designers rather than replace them (McCardle, 2002). Al-assisted design tools
should support and use designers' creativity and problem-solving abilities

rather than simply automating the design process (Figoli et al., 2022).

By combining focus groups and grounded theory, this study can by
combining focus groups and grounded theory, this study can systematically

collect and analyze data to understand how designers perceive the

52



relationship between artificial intelligence and the design process and their
expectations and concerns about Al tools (Denton & McDonagh, 2003). This
guides the development of Al-assisted tools that better meet the needs of
designers (Peuter et al., 2023). The innovation of this method lies in its ability
to be used not only for exploratory research but also for confirmatory research,
such as verifying the practicality of design results through confirmatory focus
groups (Sanabria-Z & Olivo, 2024) . Therefore, this study was well suited to

using grounded theory to analyze and explore qualitative data.

3.1.2 Quantitative Methods

This thesis uses quantitative research methods to explore the possibility and
accuracy of Al-assisted product designers in evaluation tasks. This study uses
questionnaires, natural language processing technology, computer vision,

multimodal neural networks, and experiments in quantitative research.

3.1.2.1 Questionnaires

Questionnaire surveys collected a large amount of standardized data (Tubadji
et al, 2021) , which is crucial for understanding the everyday needs and
attitudes of the designer community. In design research, questionnaire survey
methods play a crucial role. Questionnaire surveys are regarded as the primary
method for collecting data in various fields, including academic research,
public institutions, and business organizations research and data collection
work (Agrawal, 2010) . It involves meticulous planning, construction, and
writing of survey materials to elicit expected responses from participants

(Agrawal, 2010; Taherdoost, 2022) . In addition, questionnaire surveys are
53



quantitative and qualitative research methods to collect participant insights

(Hendriana et al., 2023; Ohueri et al., 2019).

In the research of survey methods, questionnaire design is a key part that
affects the quality and reliability of the collected data (Rattray & Jones, 2007).
Researchers emphasize the importance of using pre-planned methods to
determine the questionnaire's reliability and validity to ensure the collected
data's robustness (Rattray & Jones, 2007) . In addition, the questionnaire
design should aim to reduce potential biases and errors that may affect the
research results (Antoun et al, 2017) . By following best practices in
questionnaire design and development, researchers can improve the rigor and

credibility of their research results.

During the questionnaire survey process for product design evaluation,
researchers must consider a range of factors to ensure the effectiveness of the
data collection process. Choosing survey design, constructing survey tools,
and evaluating reliability and effectiveness are key stages of survey-based
research (Kitchenham & Pfleeger, 2008). Researchers must also pay attention
to the management of survey tools and next analysis of collected data to
obtain meaningful insights (Kitchenham & Pfleeger, 2008) . By following the

systematic questionnaire survey design and data analysis methods,
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researchers can obtain valuable information to provide insights for product
design decisions. Questionnaire surveys provide a structured method for
collecting feedback and insights when analyzing data obtained from expert
product design evaluations. Using questionnaire surveys enables researchers
to systematically collect data on experts' opinions, preferences, and criticisms
of product design (Yang, 1989) . The data collected through questionnaire
surveys can analyzed using various statistical methods to draw meaningful
conclusions about the quality and efficacy of the evaluated product design

(Cai, 2024).

In summary, the questionnaire survey method plays a significant role in
design research, especially in evaluating product design through expert data
analysis. By using carefully designed questionnaires, researchers can improve
the quality of data collection and analysis in design studies. Through
meticulous planning, structured survey material design, and rigorous data
analysis, researchers can gain valuable insights, provide information for
product design decisions, and contribute to progress in the field.
Methodologically, using the questionnaire survey method and SPSS for
statistical analysis is a scientific and effective research method. This method
can collect the actual needs and perspectives of designers, which is in line
with the emphasis in the literature on combining artificial intelligence

technology with people's actual needs (Liu & Kim, 2023). A questionnaire
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survey can help understand how designers view the application of Al
technology in fresh design stages, which is of great significance for defining
product design stages that require Al-aided evaluation. In addition, this study
aims to find data sources that can be built for training artificial intelligence
evaluation models, consistent with the importance of data acquisition and
evaluation datasets mentioned in the literature (Liu & Kim, 2023). It shows
that research focuses on data types and considers data quality and
applicability, which is crucial for developing effective Al-aided design

evaluation tools.

Overall, the design of this study fully considers the application prospects and
challenges of artificial intelligence technology in product design, aiming to
provide an important basis for developing Al-aided product design
evaluation tools through systematic data collection and statistical analysis.
This method not only finds the actual needs of designers but may also reveal
the potential of Al technology in improving product innovation and design

efficiency (Quan et al., 2023; Yiiksel et al., 2023).

3.1.2.2 Natural Language Processing (NLP)

Natural language processing (NLP) has become valuable in various fields,
including product design evaluation. NLP technology is used in the thesis in
two stages of Study 3. First, NLP technology analyzes the relationship
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between text data and scores in the dataset's construction stage. Using NLP
methods; researchers can extract valuable insights from the feedback on the
relationship between text and scores, providing important data for the next
development of Al-assisted design evaluation tools. Secondly, in the
algorithm implementation stage, Bert, an advanced NLP network, is a core
part of the Al evaluation model. Researchers use the Bert algorithm to process

and analyze the text description of product design.

NLP algorithms can analyze insights and extract unstructured text data
(Kersloot et al., 2020) . This capability extends to areas such as mass
customization in business, where text analysis from social media can
influence product design decisions (Piriyakul et al., 2022) . In the context of
product design, NLP can aid in tasks such as image retrieval through text
processing analysis, proving the versatility of this technology (Piriyakul et al.,

2022).

An important application of NLP in product design evaluation is the
assessment of design documents to figure out factors such as risk levels,
uncertainty of specifications, team temperament, and overall design process
management (Wang & Dong, 2008) . By calculating and analyzing the
semantic orientation of design text, NLP can provide valuable input for
improving the quality and effectiveness of product concepts. In addition, NLP
systems are crucial in capturing and standardizing unstructured clinical
information, proving their ability to generate structured data from free text

sources (Kreimeyer et al., 2017).
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In healthcare, NLP has played a key role in improving the accuracy of
automated processes, such as finding gout attacks through electronic health
records (Yoshida, 2023) . By combining NLP technology with health data,
researchers have improved their recognition and understanding of medical
conditions, showing the potential of NLP in refining healthcare product
concepts. In addition, NLP methods are increasingly used to extract
knowledge from wunstructured health-related texts, emphasizing the
importance of wusing NLP to gain insights from various sources

(Gonzalez-Hernandez et al., 2017).

The practical application of NLP technology is crucial for supporting
decision-making processes, as proved by knowledge-based operator-assisted
support (Moghaddam, 2024) . Using NLP capabilities, operators can receive
help from enhanced tools that simplify their tasks and improve operational
efficiency. In addition, NLP plays a crucial role in automating text analysis to
evaluate the quality of student research work, showing its practicality in
educational environments (Tarkhova, 2023). This automation simplifies the
evaluation process and provides valuable feedback to students, helping to

improve educational outcomes.

Haase et al. (2018) conducted a study on the effectiveness of advertising
content in product promotion, writing down that the different dimensions of
product design emphasized in advertisements can affect product evaluation.
This highlights the role of text and visual elements in shaping consumer
attitudes and preferences. In addition, evaluating students' multimodal texts
in educational environments reveals the value of incorporating diverse
representation patterns in learning materials (Qrevik, 2023). By recognizing

the semiotic work involved in creating multimodal texts, educators can better
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support students in expressing their ideas and understanding complex

concepts.

In the context of design research, natural language processing (NLP)
technology has become a valuable approach (Siddharth et al., 2022) . NLP
technology supports various aspects of design research, including analyzing
textual data, extracting design-related information, and improving the overall
design thinking process (Siddharth et al., 2022). Using NLP, researchers can
gain deeper insights from textual data, enabling them to make informed
decisions in the design evaluation process. Integrating NLP in design research

marks a shift towards more advanced and technology-driven methods in the

field.

In summary, the integration of NLP technology, language analysis, and
user-centered design principles is crucial for evaluating and enhancing
product concepts through text processing and design evaluation. These
methods allow designers and educators to extract valuable insights, improve
communication efficiency, and create attractive products that meet different
user needs and preferences. Based on this, the study found the expert
evaluation of multimodal product design projects’ datasets that need to be
collected. Natural language processing technology helps analyze a large
amount of text data from product design projects, extracting valuable insights

(Rath et al., 2022).

3.1.2.3 Computer Vision (CV)

Research has shown that the visual appeal of a product plays a crucial role in

consumer decision-making processes (Creusen et al., 2010; Creusen &
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Schoormans, 2004) . Consumers often associate aesthetic product design with
quality and value, making it a key factor in their purchasing choices.
Therefore, accurately assessing and predicting the visual aesthetic quality of
products can provide valuable insights for designers and businesses aimed at

improving market competitiveness (Xia et al., 2016; Zheng, 2024).

Visual aesthetic quality assessment in product design is a key aspect that can
significantly influence consumer preferences and market success. Therefore,
the exploration of visual algorithms is the beginning of this study. Deep
Convolutional Neural Networks (DCNN) have become powerful tools for
analyzing and predicting aesthetic attributes in various fields. Researchers
explored the application of DCNN in predicting aesthetic ratings and
distributions based on product images (Jin et al., 2018; J. Wu et al., 2020) .
These models use the functionality of DCNN to extract complex features from
images, enabling highly correct evaluation of visual aesthetics (Malu et al.,

2017).

Using DCNN to evaluate and predict aesthetic attributes in product design
may completely change the design process. By analyzing the visual features
of a product, designers can obtain valuable feedback on the perceived
aesthetic quality of their design, allowing for iterative improvement and
optimization (Kuzovkin et al., 2017). This iterative process is consistent with
the iterative nature of design thinking, in which continuous feedback and
improvement are crucial for creating successful and visually appealing

products.

60



The application of DCNN in aesthetic quality assessment is not only in
product design but also in various fields such as photography, urban
planning, and forestry. Researchers have developed models using DCNN to
evaluate the aesthetic quality of various images (Chen et al., 2020; Ma et al.,
2020; Mundher et al., 2022) . These applications highlight the versatility of
DCNN in evaluating visual aesthetics in different fields and prove their

potential in enhancing design related decision-making processes.

Furthermore, the correlation between the activation of DCNNs and human
visual cortex activity emphasizes the biological relevance of deep learning
models in understanding visual aesthetics. This consistency shows that
DCNN can effectively capture and analyze visual features that resonate with
human perceptual processes, thereby improving the reliability and

effectiveness of aesthetic quality assessment.

In summary, integrating the Visual Neural Networks in visual aesthetic
quality assessment has enormous potential to enhance the design process,
improve consumer satisfaction, and drive market success through product
design. The application of visual neural networks can systematically extract
and interpret visual features, thereby promoting data-driven decision-making
processes and accurately reflecting consumer behavior patterns and current
market dynamics. The interdisciplinary application of Visual Neural
Networks in aesthetic evaluation highlights their versatility and effectiveness
in evaluating visual aesthetics in various fields, paving the way for innovative

progress in design and decision-making processes.

3.1.2.4 Multimodal Neural Network
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In product concept design evaluation, integrating neural networks, especially
multimodal neural networks, has become a powerful tool to enhance the
quality assessment process. Multimodal Graph Neural Architecture Search
(MGNAS) is emphasized as a successful method for automatically designing
the best architectures by combining multimodal representations, cross-modal
information, and graph structures (Cai, 2024) . This method allows for
comprehensive analysis of various design aspects using multiple data

patterns, thereby achieving more powerful and effective design evaluation.

Related studies have also proposed using deep learning techniques such as
variational Onsager neural networks and Osprey optimization algorithms to
evaluate product appearance aesthetics in industrial design (Zheng, 2024). By
adopting advanced neural network models, designers can delve deeper into
the aesthetic aspects of product design, ensuring that functional requirements
are met, and that visual appeal and user experience are optimized. In addition,
applying neural networks such as BP neural networks has played a significant
role in product innovation design methods, promoting the construction of
nonlinear mapping models between product attribute space and semantic
space (Huang, 2022). By using the power of neural networks, designers can
enhance a company's innovation capabilities, improve product
competitiveness, and increase customer satisfaction through more refined and

targeted design strategies.

The importance of multimodal deep learning in various fields, including
activity and context recognition, has been studied, showing that multimodal
neural network models are competitive compared to traditional methods
(Radu et al., 2018). These findings emphasize the versatility and effectiveness

of multimodal neural networks in handling various datasets and inference
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tasks, highlighting their potential to advance product concept design

evaluation.

Integrating morphological analysis theory and artificial neural network
methods helps figure out the best product form and color combination during
the design phase in sustainable product design (Hassan et al., 2012). By using
neural networks, designers can make informed decisions about product
aesthetics and functionality, ensuring the integration of sustainable design
principles into the product development process. The integration of Kansei
engineering with BP neural network algorithms in product pattern design
systems facilitates enhanced comprehension of consumer perceptual
preferences, thereby enabling enterprises to implement customized design
solutions (Chen & Cheng, 2021). Integrating neural networks and design
methods allows for a more systematic and targeted approach to product
pattern development, effectively aligning design elements with user

preferences.

Researchers use computer vision technology to process image data, combined
with NLP algorithms to process and analyze the text description of product
design and build a comprehensive multimodal Al evaluation model. This
method of combining visual and text analysis can more comprehensively
capture all aspects of product design, thereby improving the accuracy and

effectiveness of evaluation.

3.1.2.5 Experiments

This study employed experimental design to evaluate the performance of the

Al model. This includes human-machine comparative evaluation experiments,
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allowing researchers to directly compare the performance of Al and human
experts in design evaluation tasks (Rath et al., 2022). Through this method,

the effectiveness and reliability of AI models are evaluated.

In the field of human-machine comparative evaluation experiments, a study
delved into the complex and subtle differences in feeling between humans
and machines, emphasizing that human errors are unlikely to be driven by
the heuristic methods targeted in the research (Lepori & Firestone, 2020). This
insight emphasizes the complexity of understanding the differences between
human and machine cognition and highlights the necessity of meticulous
evaluation methods. In addition, Testoni and Bernardi (2022) supplemented
quantitative analysis by conducting human evaluation experiments on
machine-to-machine dialogue, thereby contributing to this field, and
demonstrating the importance of integrating human perspectives in

evaluating machine interaction.

In terms of validating design prototypes, Ahufinger et al. (2019) proposed a
user centered smartphone application for wireless electroencephalography in
epilepsy patients, using expert group guidance, prototype design, and
usability testing to confirm and validate the application's usage environment.
The proposed method emphasizes the crucial role of integrating user input
and expert evaluation in the design validation process. Research using a
hybrid approach for design evaluation has shown that collaborative
prototyping promotes problem-solving through iterative modeling during the
initial product development phase (Bogers & Horst, 2013). This study
emphasizes the collaborative aspect of design evaluation and proves how
different perspectives can enhance the validation process. Carvajal et al.

(2014) advocated using systems engineering methods for virtual/real analysis
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and validation of automated systems, proving a shift towards early product
validation of virtual prototypes. This transformation highlights the efficiency
and effectiveness of virtual prototypes in validating design concepts. In the
context of prototype validation, Nabilah (2024) focuses on creating a
groundbreaking prototype for domain sentiment in project-based learning,
emphasizing the importance of expert validation to ensure that the tool's

content is aligned with its aims.

The synthesis of these references emphasizes the complexity of
human-machine comparative evaluation experiments, design prototype
validation, and the application of hybrid research methods in design
evaluation. By integrating insights from those studies, multiple design
evaluation methods, including human perspectives, experimental prototypes,
and expert evaluation guidance, are crucial for ensuring the effectiveness and

validity of design prototypes.

3.1.3 Mixed Methods: Questionnaire& Structured Interview

Combining questionnaire surveys and interviews has been widely adopted to
evaluate user satisfaction effectively. Holmes et al. (1998) showed the
effectiveness of this method in evaluating users' beliefs about psychiatric day
hospitals, obtaining data on overall satisfaction scores, specific aspects of
service satisfaction, finding issues, and providing improvement
recommendations (Holmes et al., 1998) . Similarly, Lobo et al. (2013)
conducted interviews with over 6000 primary healthcare service users to
assess satisfaction levels and constructed a global satisfaction index using a

partial least squares path model. These studies emphasize the importance of
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using questionnaire surveys and interviews to collect comprehensive data on

user satisfaction.

In the field of technology, Kanchymalay et al. (2013) focused on ERP
customization for manufacturing companies, using in-depth interviews and
surveys to measure user satisfaction in daily operations. This study
emphasizes the importance of understanding user perspectives through direct
interaction in improving satisfaction levels. In addition, Miranda (2024) also
surveyed users' satisfaction with the regional health comprehensive clinic in
Bahia and Brazil. A combination of questionnaire surveys, semi-structured
interviews, and observations was used as a method to collect quantitative and
qualitative data for overall evaluation. This comprehensive approach allows

for a comprehensive evaluation of user satisfaction and service quality.

In addition, Boiani et al. (2019) examined the satisfaction of elderly users
with mobile assistive devices through interviews and Quebec user satisfaction
assessment questionnaires, emphasizing the importance of direct user
feedback in evaluating device satisfaction. Okafor (2024) emphasized the
impact of a user-centered design approach on improving user satisfaction and
experience, saying that focusing on usability can significantly enhance user
feeling. Similarly, Wu (2024) explored the factors affecting user satisfaction
with online agricultural products in Chinese cities during the pandemic,
emphasizing optimism and product quality in improving user satisfaction.
These studies emphasize the diverse applications of user satisfaction

assessment in different industries and backgrounds.
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In summary, the study of user satisfaction through questionnaire surveys,
structured interviews, and user experience evaluations reveals the
multidimensionality of user feedback. Especially in the field of artificial
intelligence usability evaluation, by combining quantitative and qualitative
methods, researchers can comprehensively understand user feelings, find

areas for improvement, and improve user satisfaction.

Questionnaire surveys collected a large amount of standardized data
(Tubadji et al., 2021), which is crucial for understanding the everyday needs
and attitudes of the designer community. In design research, questionnaire
survey methods play a crucial role. Questionnaire surveys are regarded as the
primary method for collecting data in various fields, including academic
research, public institutions, and business organizations research and data
collection work (Sheth, 2010). It involves meticulous planning, construction,
and writing of survey materials to elicit expected responses from participants
(Sheth, 2010; Taherdoost, 2022) . In addition, questionnaire surveys are
quantitative and qualitative research methods to collect participant insights

(Hendriana et al., 2023; Ohueri et al., 2019).

In the research of survey methods, questionnaire design is a key part that
affects the quality and reliability of the collected data (Rattray & Jones, 2007).
Researchers emphasize the importance of using pre-planned methods to
determine the questionnaire's reliability and validity to ensure the collected
data's robustness (Rattray & Jones, 2007) . In addition, the questionnaire
design should aim to reduce potential biases and errors that may affect the
research results (Antoun et al, 2017) . By following best practices in
questionnaire design and development, researchers can improve the rigor and

credibility of their research results.
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During the questionnaire survey process for product design evaluation,
researchers must consider a range of factors to ensure the effectiveness of the
data collection process. Choosing survey design, constructing survey tools,
and evaluating reliability and effectiveness are key stages of survey-based
research (Kitchenham & Pfleeger, 2008). Researchers must also pay attention
to the management of survey tools and next analysis of collected data to
obtain meaningful insights (Kitchenham & Pfleeger, 2008) . By following the
systematic questionnaire survey design and data analysis methods,
researchers can obtain valuable information to provide insights for product

design decisions.

Questionnaire surveys provide a structured method for collecting feedback
and insights when analyzing data obtained from expert product design
evaluations. Using questionnaire surveys enables researchers to
systematically collect data on experts' opinions, preferences, and criticisms of
product design (Yang, 1989). The data obtained from the questionnaire can be
comprehensively statistically analyzed, promoting evidence-based evaluation

of product design quality and effectiveness (Cai, 2024).

In summary, the questionnaire survey method plays a significant role in
design research, especially in evaluating product design through expert data
analysis. By using carefully designed questionnaires, researchers can improve
the quality of data collection and analysis in design studies. Through
meticulous planning, structured survey material design, and rigorous data
analysis, researchers can gain valuable insights, provide information for

product design decisions, and contribute to progress in the field.
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Methodologically, using the questionnaire survey method and SPSS for
statistical analysis is a scientific and effective research method. This method
can collect the actual needs and perspectives of designers, which is in line
with the emphasis in the literature on combining artificial intelligence
technology with people's actual needs (Liu & Kim, 2023). A questionnaire
survey can help understand how designers view the application of Al
technology in fresh design stages, which is of great significance for defining

product design stages that require Al-assisted evaluation.

In addition, this study aims to find data sources that can be built for training
artificial intelligence evaluation models, consistent with the importance of
data acquisition and evaluation datasets mentioned in the literature (Liu &
Kim, 2023) . It shows that research focuses on data types and considers data
quality and applicability, which is crucial for developing effective Al-assisted

design evaluation tools.

Overall, the design of this study fully considers the application prospects and
challenges of artificial intelligence technology in product design, aiming to
provide an important basis for developing Al-assisted product design
evaluation tools through systematic data collection and statistical analysis.
This method not only finds the actual needs of designers but may also reveal
the potential of Al technology in improving product innovation and design

efficiency (Quan et al., 2023; Yiiksel et al., 2023).

3.1.4 Reasons for the Mixed Methods

There are three main reasons for choosing a mixed methods approach. First, it

provides a deeper understanding of complex research questions from
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multiple perspectives. Second, triangulation can improve the reliability and
validity of research findings. Finally, qualitative methods provide in-depth
insights, while generalizing experimental results through quantitative
methods can enhance understanding (Gezici & Tarhan, 2022; Rosen et al.,
2023) . This combination of methods not only allows for a comprehensive
analysis of the problem, but also allows for the exploration of nuances of
meaning and process during the data collection and analysis phases
(Charmaz, 2015) . Mixed methods research is increasingly being used in
applied health research, with many researchers advocating the use of both
qualitative and quantitative methods (Rosen et al., 2023) . This approach is
particularly well suited to the study of emerging phenomena because it can
effectively deal with the lack of existing theory and uncover useful and
important patterns and concepts through continuous comparison of data

(Glaser et al., 2005).

This thesis adopts a mixed research method to understand complex research
problems from multiple perspectives. Qualitative methods uncover the real
needs of designers and users in the Al era, gaining in-depth insights into the
development of Al products. Quantitative methods enable the validation of
Al product design evaluation models, thereby promoting the theoretical
framework for improving design evaluation methods using Al technology.
The reliability and effectiveness of research results are enhanced through
triangulation, using multiple data sources and analysis methods to enhance

the credibility of research findings.

This study adapts to the interdisciplinary nature of the research question.
Al-assisted product design evaluation involves multiple fields, such as

technology, user experience, and design theory, requiring a multifaceted
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research method. Conducting research through mixed methods provides a
comprehensive research perspective, covering everything from requirement
analysis to model development and practical application evaluation.
Eventually, those methods enhance the practicality and generalization of
research results. Combining theoretical exploration and practical verification
makes the research results more likely to be applied in practical design
environments. Through this systematic and multimethod research strategy,
this study aims to comprehensively explore the application of Al in product
design evaluation, providing a solid theoretical foundation and practical
guidance for this field. Through rigorous data collection and analysis
processes, insightful qualitative research results are expected to develop
(Charmaz, 2015; Rosen et al., 2023). This method not only develops innovative
Al-driven product design evaluation models but also gains a deeper
understanding of these technologies' application effects and potential impacts

in practical design environments (Vianello et al., 2023).

3.2 The Methodology Framework

Through a literature review, the current research gaps were found and
defined as RQs 1-4. At the same time, it suggested potential methods or
techniques for Al-assisted product design evaluation. This study employed a
mixed approach that combines qualitative and quantitative techniques to
comprehensively examine the multifaceted applications of artificial
intelligence in the design evaluation process. This method, based on the
multidimensional nature of the research problem, can provide deeper and
more comprehensive insights (Charmaz, 2015; Rosen et al.,, 2023) . The
research design is divided into four main stages, each corresponding to a
research question (RQ). The research is structured into four main phases, each

corresponding to a research question (RQ), as shown in Figure 3.1.
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(Mixed-methods: Questionnaire& Structured Interview)

Figure 3.1 The Framework of Methodology

3.2.1 Definition

In this stage, qualitative methods are used to explore the tool needs of
product designers in the Al era through focus group interviews and
grounded theory analysis. This stage aims to understand the designers' actual
needs better and lay the foundation for the following research (Charmaz,
2015; Rosen et al., 2023). This study invited design students and experts from
various backgrounds, including representatives from academia and industry
(Lopez & Garza, 2023) . The focus group discussion structured into multiple
blocks. It covers various stages of Al application in the design process. This
method allows us to understand the designers' actual needs better, laying the
foundation for the following research. In this study, focus group interviews
were strategically employed as a primary method for collecting qualitative

data (Charmaz, 2015) . This approach eased in-depth discussions among
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diverse participants, including designers, technologists, and end-users, who
shared their experiences and perspectives on integrating artificial intelligence

(AI) in design processes.

The data gathered from these focus groups was thoroughly analyzed using
grounded theory (Glaser et al, 2005). This well-established qualitative
research method aims to construct theories through systematically collecting
and analyzing data. Grounded theory is particularly valued in fields where
research is aimed at uncovering how individuals interpret their experiences,
making it an excellent choice for studying the nuanced impacts of Al on
design practices. NVivo, a sophisticated data analysis software, was used to
code and analyze the interview data. NVivo supports researchers in
managing and analyzing large volumes of text-based data, enhancing the
efficiency and depth of qualitative research (Feuston & Brubaker, 2021). The
coding was conducted at three distinct levels (Glaser et al., 2005) . Open
Coding: The data was meticulously examined to show initial codes at this
foundational stage. This involves labeling data segments with a short name
that accurately describes the content. Open coding is crucial for
understanding the breadth and depth of content discussed during the
interviews. Axial Coding: Building on the open codes, axial coding was used
to begin linking these codes together into categories based on their
relationships. This middle step focuses on the connections between the
abstracted data, helping to form a more coherent and integrated
understanding of the central phenomena being studied. Selective Coding: The
tinal stage of the selective coding process involved refining and integrating
the categories to form a comprehensive narrative. This stage focuses on
finding the consistent core themes throughout the data, which serve as the

central concepts for the emerging theory.
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This structured approach to data analysis is particularly effective for
exploring the emerging applications of Al in the design field. By employing
grounded theory and NVivo, the study not only ensures a rigorous analysis of
qualitative data but also eases the extraction of meaningful insights deeply
embedded in the real-world experiences of the participants (Feuston &
Brubaker, 2021). Multilevel coding allows researchers to distill complex data
into understandable and actionable concepts and theories (Glaser et al., 2005).
These insights are crucial for understanding both Al's current landscape and
future potential in enhancing design processes. They offer valuable guidance
for developers creating Al tools tailored to the needs of designers and for
designers looking to use Al to enhance their creative workflows. The findings
from this research can help bridge the gap between technological capabilities

and user needs, leading to more innovative and effective design solutions.

3.2.2 Data

At this phase, research methods shift towards quantitative methods and
transform qualitative insights into quantifiable data requirements (Neto et al.,
2018) . First, a questionnaire survey was used to decide the data types and
sources needed for designing Al-assisted tools. The questionnaire design is
based on the findings of the first stage and reviewed by researchers to ensure
its validity (Neto et al., 2018). After collecting the datasets, natural language
processing (NLP) techniques are used to analyze the keywords and indicators
of expert evaluation data, which helps us understand the structure and
characteristics of design data (Rath et al., 2022), and analyze the data types
and sources required for designing Al-assisted tools. This study phase used a
structured approach to gather quantitative data for evaluating product design.

A questionnaire survey method was implemented to capture various data
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points relevant to product design evaluation. These included metrics on
usability, functionality, and user satisfaction. The collected data provided a

quantitative foundation for further analysis and insight generation.

SPSS software was employed to manage and analyze these substantial
datasets (Shao et al.,, 2021) . Renowned for its robust statistical analysis
capabilities, SPSS eased a thorough data exploration. It enabled the execution
of complex statistical tests and offered reliable insights into patterns and
correlations within the data. The software's advanced analytical tools, such as
regression analysis, variance analysis, and significance testing, were
instrumental in quantifying the relationships between design elements and
their impact on user feeling and usability (Shao et al., 2021). It integrated the

quantitative data analysis with SPSS.

During Study 2, a comprehensive collection of multimodal product design
datasets was amassed, encompassing a diverse range of image and text data.
These datasets were specifically curated to reflect the multifaceted nature of
product design, capturing everything from visual images and functional
specifications to textual descriptions and experts' scoring. Survey-derived
textual data was computationally processed using natural language
processing (NLP) methodologies, serving as a valuable adjunct to the
numerically-based examination. The BERT (Bidirectional Encoder
Representations from Transformers) algorithm, a state-of-the-art NLP model,
was used for its ability to understand the nuances of human language
(Dosovitskiy, 2020) . By employing BERT, the study used its capabilities for

word frequency analysis and clustering analysis (Dosovitskiy, 2020).
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The word frequency analysis involved parsing copious amounts of text to
find and quantify the most often used terms and phrases. This process helped
highlight common themes and concepts discussed by respondents, offering a
direct insight into prevalent trends and user priorities in product design.
Clustering analysis, on the other hand, grouped similar text responses
together, enabling the identification of underlying patterns and categories
within the textual data. This analysis was crucial for segmenting the data into
meaningful clusters that reflected distinct aspects of user feedback, such as
specific design features or common issues met. The qualitative insights
derived from NLP techniques allowed the study to understand the numerical
and textual data comprehensively. This dual approach allowed for a more
nuanced analysis, where quantitative findings could be enriched and
contextualized with qualitative data, offering a holistic view of the structure
and features of design data. The insights gained from this phase were
instrumental in informing the next phases of the study, particularly in
refining the Al models used for product design evaluation. The combination
of SPSS and BERT provided a robust method for dissecting and
understanding the complex interplay of factors contributing to successful

product design.

3.2.3 Modeling

This phase involves building multimodal product design datasets and
implementing an Al evaluation model. Deep learning and multimodal
classification methods were adopted to address this research's core technical
challenges directly. The construction of the datasets considers multiple
modalities, including image and text data, to comprehensively capture the
complexity of product design. Build multimodal product design datasets and

design and implement an Al evaluation model. The model adopts deep

76



learning and multimodal classification methods to directly address the core
technical challenges of the research (Neto et al., 2018) . The model training
process includes hyper-parameter tuning and model selection to ensure the
best performance (Rath et al., 2022). To harness the full potential of datasets,
they were subjected to training and evaluation using a variety of sophisticated
deep-learning algorithms. Among the visual algorithms employed were
Vggl6 (Pal et al., 2023), ResNet18 (He et al., 2016), DenseNet121 (Bulbul et
al,, 2022) , CustomNet (Madni, 2024) , and Vision Transformer (ViT)
(Dosovitskiy et al., 2020). Each of these algorithms offers unique strengths in
processing complex visual information, making them well-suited for

analyzing the visual components of the product designs.

Additionally, the language understanding capabilities of the BERT model
(Devlin, 2018) were used to interpret and analyze the textual data going with
the product designs. BERT's ability to process natural language and extract
meaningful patterns is crucial for understanding text's descriptive and
functional aspects. Multimodal combination models were also evaluated to
fully exploit the synergies between visual and textual data. These included
integrations of Vggl6 & BERT and ResNetl8 & BERT (Shao et al., 2021) .
These combination models aim to merge the insights from visual and textual
analysis, offering a holistic view of the product designs that mirror how

humans perceive and evaluate products.

3.2.4 Validation

The final phase consists of two main parts: human-machine comparative
evaluation experiments and prototype validation research. It

comprehensively evaluates the effectiveness of Al models using a
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combination of quantitative experiments and mixed methods (Christou, 2023;
Neto et al., 2018). The experts and Al models simultaneously rated samples in
the human-machine comparison experiment. Then, the rating results are
compared to evaluate the accuracy and reliability of the model (Lopez &
Garza, 2023) . Prototype validation research collects user feedback on the
model's prediction results through questionnaires and structured interviews.
It aims to understand users' views on the model's satisfaction, accuracy, and
usability (Tubadji et al., 2021) . Study 4 implements an innovative online
experimental methodology, inviting designers from various fields to digitally
submit their product design projects. This approach allows for a broad range
of design styles and innovation levels to be considered, providing a diverse

dataset for evaluation.

These projects are evaluated by a panel of experienced experts who conduct
their assessments online. This method ensures that the evaluation process is
efficient and scalable, allowing for a larger number of evaluations in a shorter
period. Each project is assessed based on a set of predefined criteria.
Simultaneously, sophisticated Al models evaluate the same projects. These
models are designed to analyze and rate the projects using advanced
algorithms that mimic human evaluation processes. The Al models have
capabilities such as image recognition, text analysis, and pattern detection to

provide comprehensive assessments.

The core of this study is the comparative analysis between the ratings
provided by human experts and those generated by AI models. This
comparison is eased with algorithmic statistics, which provide a quantitative

measure of agreement or discrepancy between human and machine
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evaluations. This analysis helps find consistent patterns or significant

evaluation criteria or outcome differences.

This approach aims to evaluate the accuracy and reliability of the AI models
rigorously. The study determines how well Al can replicate human cognitive
processes in product design evaluation by comparing Al-generated results
with expert human judgments. Furthermore, this experiment explores the
potential for AI to aid or even augment human evaluators in the future,
particularly in terms of efficiency and the ability to manage large datasets.
Additionally, the outcomes of this study are expected to contribute to the
ongoing discourse on integrating Al into creative processes. Insights gained
from the discrepancies and alignments between human and Al evaluations
could improve Al algorithms, making them more sensitive and aligned with

human aesthetic and functional judgments.

The quantitative part of this phase involved questionnaire surveys, which
were systematically designed to gather measurable data from users. These
surveys had structured questions that quantified participants' beliefs of the Al
model's performance and usability. The responses to these questionnaires
were analyzed using SPSS (Statistical Package for the Social Sciences), a
powerful software tool renowned for performing complex statistical analysis
(Shao et al., 2021) . SPSS enabled the research team to conduct a variety of
statistical tests and reliability testing, which provided insights into the
correlations, trends, and consistencies within the quantitative data. This
statistical analysis was essential for objectively measuring the AI model's
accuracy and user satisfaction, providing clear metrics to quantify the model’s
effectiveness. In this study phase, a mixed-method approach was strategically

employed to comprehensively evaluate the Al evaluation model, specifically
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focusing on wuser satisfaction, accuracy, and wusability. This approach
combined the strengths of both quantitative and qualitative research methods

to ensure a thorough analysis of diverse data types.

Complementing the quantitative analysis, the qualitative data collected from
structured interviews offered deeper insights into the users' experiences and
beliefs. These interviews allowed participants to discuss their views and
experiences in a more open-ended format, providing rich, narrative data that
could reveal nuances not captured by the quantitative survey. The qualitative
data was analyzed using NVivo, a sophisticated qualitative data analysis
software that helps the organization, coding, and thematic analysis of textual
data (Dlugatch et al., 2023) . Through NVivo, the research team performed
detailed content analysis, finding recurring themes and patterns related to the
Al evaluation model's usability and user satisfaction aspects. This qualitative
analysis helped contextualize the statistical findings, adding depth to
understanding how wusers interact with and perceive the AI model.
Integrating findings from both SPSS and NVivo provided a robust evaluation
of the Al evaluation model. The study achieved a balanced view of the
model's performance by combining the precise, quantitative data from the
surveys with the nuanced, qualitative insights from the interviews. This
mixed-method approach confirmed the quantitative findings with qualitative
evidence and highlighted any discrepancies that could write down areas for

further improvement.

This comprehensive evaluation was crucial for developing a well-rounded
understanding of the AI model's effectiveness in real-world settings. It
ensured that the model met statistical performance standards and met user

expectations and needs in practical applications. This multimethod and
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multi-stage research design can comprehensively explore Al's application in
product design evaluation. This study covers the entire process of Al-assisted
design evaluation, from user needs analysis to model development and
practical application evaluation. This method offers in-depth theoretical

insights and ensures the practical relevance of research results.

Those studies provide the methodologies used for algorithmic comparison
and the statistical techniques that enhance the understanding of Al
capabilities in mimicking human evaluation (Feuston & Brubaker, 2021;
Lange, 2024) . There is a logical connection between these four phases. The
discovery during the definition phase guided the requirement analysis during
the data phase. The results of the data phase provide the necessary inputs for
the model phase. The validation phase involves comprehensive testing and
evaluation of the entire Al-assisted evaluation system. This coherent research
process ensures that research questions are systematically and

comprehensively answered.

3.3 Summary of Chapter Three

This methodology is based on theoretical foundations and empirical efficiency,
aiming to systematically explore, implement, and confirm artificial
intelligence-driven conceptual product evaluation models. This model excels
at handling and analyzing different dataset features in multimodal conceptual
product design. The core of this method is an intelligent prototype that excels
in data collection, preprocessing, and visual evaluation of data. This
prototype aims to adapt to various aspects of product design, including visual,
textual, and functional patterns. This thesis used multimodal artificial

intelligence models to address the challenges posed by such rich datasets,
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supplemented by comparative analysis with human evaluation metrics. This
examines the performance and potential of artificial intelligence in this new
context and plays a certain role in explaining the methodological progress of

multimodal data in design research.

Studies 1- Study 5 form a methodological framework for using artificial
intelligence technology to improve product design evaluation methods,
emphasizing the potential of Al in improving evaluation efficiency and

accuracy.

Study 1 directly answers RQ1 through focus group interviews and grounded
theory methods. It delves into the specific needs of designers in the Al era,
providing a foundation for future research. This method can capture the
designers' thoughts and expectations, which helps develop practical

Al-assisted tools.

Study 2 wuses questionnaire surveys and natural language processing
techniques to answer RQ2. It systematically analyzes the multimodal data
types and sources needed for design evaluation. This stage of research not
only found key data types but also explored best practices for data collection

and integration.

Study 3 involves training the multimodal product design datasets, designing,
and implementing an Al evaluation model, and answering RQ3. This phase
involves advanced machine learning and deep learning techniques such as

multimodal fusion and transfer learning. By comparing the performance of
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different algorithms, this stage provides a scientific basis for selecting the

most suitable Al model for product design evaluation.

Study 4 and Study 5 comprehensively answer RQ4 through human-machine
comparative evaluation experiments and prototype verification studies. These
two research phases evaluated the technical performance of AI models and
delved into their practical application effects in design environments. By
collecting and analyzing user feedback, these studies offer valuable insights

for further optimization and practical deployment of Al models.

The purpose of providing a detailed introduction to the methodology is not
only to provide a clear roadmap for this thesis but also to offer an applicable
template for the intersection of artificial intelligence and product design. This
research design ensures that each research question is systematically and
multimethodologically explored. By combining qualitative and quantitative
methods, this study can develop innovative Al-driven product design
evaluation models and provide a solid theoretical foundation and practical
guidance for applying Al in the design field. This comprehensive approach
helps bridge the gap between academic research and industrial applications,
promoting the effective application of Al technology in product design
evaluation. Although this paper still has limitations, it adopts a rigorous
research method to deal with emerging phenomena and provides a
methodological framework for designing and developing artificial
intelligence models. Recognizing these limitations also provides directions for
improvement and expansion for future research. The next studies (Study

1-Study 5) will be performed under this methodological framework.
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This chapter elaborates on the study's methodological framework, data
collection, and analysis methods, laying the methodological foundation for
the following five interrelated studies (Study 1- Study 5). This thesis ensures
the comprehensiveness and reliability of the study by designing a
multimethod, multi-stage research framework. This methodological design
directly guides the implementation of Study 1- Study 5 and provides a
specific method for exploring designers' needs for Al-assisted design tools.
Although this chapter proposes a comprehensive methodological framework,

its effectiveness still needs to be verified through the following research.
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Chapter 4. Study 1- Design Tool Requirements in the Age of Al

This chapter introduces Study 1, which aims to define designers’ needs for
Al-assisted design tools. Based on the guidance of the methodological
framework in the earlier chapter, this study determined to use focus groups
and grounded theory methods to collect and analyze qualitative data from
designers from academia and industry. NVivo software was used to process
the data using a three-level coding method based on grounded theory, and
the requirements for Al-assisted design tools were found. Among them, it
was found that Al design evaluation is an important requirement point. This
study offers key insights into understanding designers' needs and
expectations, laying the foundation for data collection and model
development in the next studies. The findings in this chapter will directly
influence the design of the questionnaire and the determination of data

requirements in Study 2.

4.1 Introduction

Product designers primarily utilize artificial intelligence tools during the
design and engineering phases of the product lifecycle. These tools are crucial
for enhancing creativity and efficiency in the design process (Figoli et al.,
2022) . Using artificial intelligence, designers can access various applications
such as scheduling, document management, project progress tracking, error
detection, and correction to prevent key issues (Maksoud& Ahmed, 2024;

Matter, 2024). In addition, Al image generation tools such as DALL e E2 and
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Imagen allow designers to train text, graphics, and models, changing

traditional design methods (Hu, 2024).

Artificial intelligence is increasingly integrated into architectural design
processes, providing capabilities to simulate human intelligence in tasks such
as analyzing designs, identifying errors, and suggesting alternative solutions
(Maksoud& Ahmed, 2024) . Furthermore, Al technologies are crucial in
optimizing plant layout designs, allowing designers to streamline workflows
and quickly adapt to new product requirements (Shiralkar, 2017) . In
industrial design, Al algorithms contribute to cognitive thinking storage and
artistic image optimization, enhancing the overall product design process
(Liu, 2015). In environmental design, artificial intelligence tools are evolving
rapidly to enhance design methods, expressions, and content, leading to
significant transformations in design language and creativity (Hou & Xu,
2021) . Moreover, Al's role in precision marketing within the new retail era
focuses on improving user experiences and aligning marketing strategies with
consumer demands through intelligent service scenarios (Lin & Zhang, 2019).
This underscores the diverse applications of Al not only in product design but

also in marketing strategies to meet evolving consumer needs.

The application of artificial intelligence in product design extends to digital
multimedia technology, where interactive Al-based design systems facilitate
the conversion of raw data into actionable design information, enhancing
collaboration between designers and intelligent systems (Liu, 2022)

Additionally, Al-powered software autonomously approaches architectural
design processes comprehensively, from upstream conceptualization to
downstream implementation, highlighting Al's autonomy and efficiency in

the design domain (Satwiko & Michelle, 2022). Artificial intelligence plays a
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pivotal role in evaluating design sketches based on designers' cognition,
selecting feasible solutions, and reconstructing product image cognitive
systems, demonstrating the integration of AI in enhancing the design
evaluation process (Yang et al.,, 2021) . Furthermore, the use of generative
artificial intelligence tools in education, as highlighted in the instructional
design matrix approach, underscores the potential of Al in transforming
educational practices through innovative design methodologies (Ruiz-Rojas,

2023).

Overall, artificial intelligence tools are essential in the design phase of product
development, providing designers with a wide range of capabilities to
enhance creativity and efficiency, optimize workflows, detect errors, and
propose alternative design solutions. The integration of artificial intelligence
in various design fields, such as architecture, industrial design, and
environmental design, demonstrates the revolutionary impact of artificial
intelligence on traditional design processes, promoting more innovative and
efficient design practices. Therefore, exploring designers' perspectives and
needs on artificial intelligence has significant research value. This is also the

significance and main research objective of conducting Study 1.

4.2 Methods and Results

By gaining a deeper understanding of the needs of designers at various stages
of design, subsequent research can develop more targeted and effective
Al-assisted tools. The development of this study can promote

human-machine collaboration and improve design efficiency and innovation.

4.2.1 Focus Group Discussion
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Study 1 used the focus group method to interview 87 product designers,
including 3 groups of 18 people from industry and 14 groups of 69 students
from product design majors. This study discovered the design insights of
these groups through focus group interviews. From a qualitative perspective,
provide a framework of user needs and product functionality for Study 2, the

data phase.

There are three stages for Focus group interviews. The first stage is the
mining of user needs. The second stage is user experience interviews. The
third stage is the perception and attitude of users towards innovative

technologies.

In the first stage, participants use 5-10 minutes to fill in the following
questions and then start the discussion and exchange. Each person will speak
for about 5 minutes per question. The duration of the first stage is about 1
hour. Participants rest for 5 minutes. In the second stage, participants fill in
the following questions during the break based on the content of the previous
discussion. Based on the previous discussions and exchanges, each person
will speak for about 5 minutes per question. The second stage lasts about 1
hour. Participants rest for 5 minutes. In the third stage, based on previous
discussions, each participant will speak for about 5 minutes per question. The
third stage lasts about 1 hour. Each focus group interview totaled about 2-3

hours. The details are in Table 4.1.

Table 4.1 Focus Group Outline

Stage Questions Intention
1 Q1: What are the processes or stages in the general User Demand
product design project process, and what design tools? Mining
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Q2: At various stages, are there tasks that are repetitive,
cumbersome, and hope to be assisted by more people?

Q1: Do you understand artificial intelligence? Based on
your understanding, do you think artificial intelligence
> | can solve the first stage of the problem?

User Experi
Q2: Have you used smart design tools? What kind of ser Lxperience

smart tools are?

Q1: What do you think of artificial intelligence-assisted
design? Willing to actively embrace innovative

technologies, or are there worries?

° P ti Al
Q2: Do you think that in the future designers can work erception of

Technol
with artificial intelligence to jointly develop new echnology

products? If so, how do you think it works together?

This study used stratified sampling to select experimental participants to
ensure the representativeness and diversity of the sample. The participants
are mainly divided into two categories: the senior designer group (18 people)
and the junior designer group (69 people). This layered design is based on the

following considerations.

The reasons for choosing a senior designer are as follows. Firstly, they have
rich practical experience and are familiar with the entire process of product
development. Secondly, they have an interdisciplinary perspective and can
provide multidimensional opinions. The most important thing is that they
have market insight and can evaluate the commercial value of design

solutions.

The reasons for choosing a junior designer are as follows. Firstly, they
represent the main user group of design tools. Secondly, they have a high
acceptance of new technologies and are more willing to try Al assisted tools.
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And they can provide tool optimization suggestions from the user's
perspective. Finally, their design thinking is more active and can test the
innovation support ability of Al tools. This multi-level and multi-dimensional
participant selection strategy ensures the scientific and representative nature
of experimental data, providing a guarantee for the reliability of research

results.

There are two participant categories to collect the opinions of target users
more objectively. Among them, three groups are senior designers with 2-3
years of experience in a professional design company (Figure 4.1). The other
group members are junior designers and third-year undergraduates in

product design.

Figure 4.1 Focus Group- Senior Designers

A total of three focus group interviews were conducted and interviewed three
professional design companies. Each of these three companies has its areas of
expertise. One is focused on industrial design. The other is to provide an
experience design. One also provides integrated design services (including

product design and brand design). The details are in Table 4.2.
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Table 4.2 Participants- Senior Designers

Company Gender Working years Position

M 5 Co-Founder

Design Manager

MOMA (Shenzhen) Industrial Designer

Industrial Designer

Industrial Designer

Strategy Designer

Ul Designer

Ul Designer

MOMOUX
UX Designer

Design Manager

UI Designer

Design Director

Design Manager

Industrial Designer

XIVO Design
Industrial Designer

Industrial Designer

TERIEEERE@#R = 7|28 7|8 K|
SO OO KOV S, T IS, T S T O I OO R O OO ROV F SR O E R T

Brand Designer

The main members of the junior designer group are students in the third year
of product design. They come from a university in Guangdong Province,
China. A total of 69 participants conducted fourteen focus group interviews.

It is shown in Figure 4.2.
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Figure 4.2 Focus Group- Product Design Students

4.2.2 Grounded Theory Analysis

The grounded theory three-stage coding method was used in this study. It
was employed as the analytical approach for qualitative data coding, and
NVivo was used for data analysis. Through Open Coding, Axial Coding, and
Selective Coding, standard features or related meanings of cases or events are

extracted to group them (Charmaz, 2015).

This study invited three researchers to code the focus group data to ensure
the objectivity of the Coding. These three researchers all have research
experience. They come from product design, user experience, and information
technology. This study conducted reliability testing on three coders. Three
researchers randomly selected 10% of the focus group data for independent
coding and evaluated initial consistency using Fleiss' Kappa coefficient.
Inter-coder reliability was assessed using Fleiss' Kappa to measure agreement
among the three researchers. Coding results were exported from NVivo and
analyzed in ReCal, and a Kappa value of 0.72, indicating substantial

agreement. Given the multidisciplinary background of the coding personnel,
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0.72 is an acceptable threshold, indicating strong consistency and high
research reliability of the independent coding results of the three researchers
on the data (Freelon, 2013). Researchers reached a consensus by discussing
and revising the coding manual and unifying standards for inconsistent
coding entries. During the formal coding process, cross sampling verification
is repeated for every 20% of the data volume completed to ensure reliability
stability. Moreover, researchers follow a unified coding process and

guidelines, as shown in Figure 4.3.

Focus Interview, Interview Recording, Voice to Text
Collect Qualitative Data
NVivo extract Keywords and Classify Data
Assigns Concepts
: Grapiar s ot o " Data
Open Classification and Combination Concepts , .
S —_— . : . Smpling
Coding Forming Conceptual Clusters o
\ Theoretical
Explore Cluster Categories Formation
Merge Conceptual Clusters
: J ‘
-jt-‘ii'ii] ; Determine the Main Categories
Coding Linking Various Conceptual Themes
v

Select Core Categories

Selective . ; 2 i ZL
Expanding and Enriching Themes

Coding
|
Formulate Theoretical Viewpoints
Explore Design Insights
Figure 4.3 The Coding Flowchart
4.2.2.1 Open Coding

In the first-level Coding of interview data, the concept category is searched

from the collected data. The keywords are extracted and labeled for
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conceptualization. The following three methods are used to name the concept

in the open coding stage.

(1) Self-creation: The coders conduct continuous comparative analysis of data,
develop conceptual labels to capture the fundamental meanings or

representations triggered by the studied phenomena.

(2) Use existing names: This naming is very rigorous because the concept
itself in the authoritative literature contains wealthy analytical meaning, and
they are almost complete concepts, so they are very rigorous, but the
disadvantage is that they need flexibility. It may be different from the concept

researchers want to express.

(3) Code in vivo: The coders systematically derive coded labels directly from

the word for word expressions used by research participants in interviews.

The details are in Table 4.3.

Table 4.3 Open Codes
Clusters Concepts Original sentence examples
(e.g.)

1. It will provide you with a
reference such as a center line or

Standard Template, Parametric Design, Font a three-point line.

Formulation Size 2. Parameterized design.

3. The fonts are either Microsoft
Yahei or regular Song typeface.

1. Mobile memo apps have
collaborative office software

Microsoft PowerPoint, Plugin, (Mobile memo, collaborative

Initial Template, Non Electronic
Design Tools, Sticky Notes, Collaborative | 2. Sometimes the layout of PPT

office software)

Tools Office Software, Graphite also has this issue. (Microsoft
Drawing Desk, Mobile Memo, PowerPoint)
Dual System

3. It does not have a simple initial
template, and then it has to be

manually dragged over one by
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one (Initial Template)

POV, Case Study, Background
Research, Market Research,
Emerging Technologies, Data
Classification, Information
Collection, User Research,
Sketches, Planning, Product
Experience, Initial Version,
Iterative Testing, Interviewee Fit,
Interview, Interview Content
Repetition, Interview

1. I will write a process that
includes background research,
interview questionnaires, pain
point identification (POV), draft
modeling and rendering, and
iterative testing. (Pain Point
Analysis, Background Research,
Iterative Testing, Interview
Questionnaire)

2. We still need to collect case
studies, and sometimes we may
look for common things. (Case
Studies)

3. Because there may be technical
research in the early stage, for
example, if you need to do
something that can only be

Design . . . . described as relatively technical
Questionnaire, Online Interview, .
Process . or the latest materials, or about
CAD Modification, Storyboard, . .
. . . . materials or new technologies,
Modeling, Design Review, Design . .
. . sometimes you may accidentally
Insights, Design Element
. . come across or not have a
Extraction, Problem Setting, X H derstands
systematic understanding.
Physical Model, Visual (]}E] 1o Technolosi )g
merging Technologies
Presentation, Pain Point Analysis, sNG &
Brainstorming, Project 4. The mechanism for evaluating
Management, Information artificial intelligence may also be
Visualization, Information faster. (Design Review)
Integration, Prototype Testing | 5 g4 decision-making is about
choosing a topic, and this
requirement may provide you
with a problem to solve. But it is
up to you to decide how to solve
it. For example, designing the
functionality of a product within
the broader context of design.
(Setting Questions)
1. The human brain is not
Big Data, Quantification, Data and Lo
.. . . capable of thinking, but
Data Opinions, Search Engine Priority,

Following Preset or Research Data

machines can process big data.
(Big Data)
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2. Is it in terms of creativity?
How to express it is like he can
give you data and opinions, but
you need to produce your own
ideas. (Data and Opinions)

3. So, at this point, will you
follow the prediction, or will you
follow the research data?
Sometimes it does, but usually it
is based on one's own
preconceptions. (Follow
Prediction or Research Data)

Realizable

Superb Computing Power,
Robotic Arm, Facial Recognition,
Generative Design, Simultaneous

1. When I used to take a walk in
Shenzhen Bay, there were also
patrol police cars. They were
ridiculously cute and would stop
to tell children not to get close to
the beach. They even had facial
recognition function, which
means that if you hurt him or
something, he would take your
photos and videos. (Facial
Recognition)

Functions of Online Operation, Chip 2. There is a website where you
Implantation, Virtual can upload any image and
Artificial Presentation, Learning Ability, generate any style of past
Intelligence One Click Typesetting, Smart painting experts from it.
Home, Internet of Things, (Generative Design)

Automatic Recognition 3. Products related to artificial
intelligence have now almost
realized. For example, there are
now robots for delivering
packages that can move forward
on their own and automatically
recognize obstacles, telling
pedestrians to move aside.
(Automatic Recognition)

Participation Level, Technical 1. I may pay more attention to
User Expectations, Interaction Methods, | my involvement in the design
) Rhythm, Conflicts between process. I want to present my
Perspective

Technology and Nature, Objective
Rationality, Standardization,

own thoughts in this product. I
must have a part of myself
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High-quality Information,
Feedback, Workload, Efficiency,
Functionality, Commonality,
Suggestions, Logical Processing,
Evaluation Criteria, Inspiration,
Critical Attitude, Balanced
Aesthetics, Fixed Audience,
Breakthrough Points for the
Audience, Software Operation,
Minimal Design, Incomplete
Design System, Trial and Error
Costs, Hand Drawn Idea
Expression, Auxiliary Functions,
Sacrifice of Appearance, System
Compatibility, Systematic
Understanding, Project Progress,
Information Processing,
Information Volume, Form,
Modification, Topic Selection and
Creativity, Difficulty in Selection,
Learning Cost, Extended
Functions, Research and
Development, Effective Methods,
Preview, Prediction, Knowledge
Blind Spots, Paper Feel, High
Repeatability, Subjective
Sensibility, Creativity,
Complicated, Stylish, Emotional,
Sophisticated, Ornamental,
Minimalist, Aesthetic, Optimal
Choice, Respecting

involved in it. (Participation
Level)

2. Auxiliary design is quite good.
It cannot fully intervene in the
design. I will actively embrace
innovative technologies, but I am
also quite wary of artificial
intelligence. I do not have
complete trust in artificial
intelligence and will consider
whether the collaboration
between humans and machines
can truly achieve the best design
results. (Technical Expectations)

3. Sometimes when we use
something, we look for the
familiar feeling. For example, I
used to enjoy drawing on paper.
I will rediscover the feeling of
drawing on paper on those smart
products. So, it is a conflict
between technology and nature.
(Conflict between Technology
and Nature)

4. Artificial intelligence is good at
recognizing objective data, but it
is difficult to make auxiliary
judgments in terms of intuition.
Therefore, emotional, or sensory
design still needs to be judged by
designers or humans. (Objective
Rationality)

5. I should still collect it myself,
because only I know what
information I really need, but it
can provide me with higher
quality information. (High
Quality Information)

Relationship
with Al

Copyright, Boundaries,
Plagiarism, Authority, Rights,
Interests, Privacy, Substitution,
Communication, Cooperation,

1. How to define artificial
intelligence plagiarism? Is there a
standard? I think whether to use
it for commercial purposes is a
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Complementarity, Supervision,
Vigilance, Betrayal, Friends,
Subordinates, Trust, Control,

Division of Labor, Auxiliary Tools,
High-level Work, Degree of
Intervention, Control Ratio,

Decision-making, Neuromorphic

Intelligence, Forms of Artificial

Intelligence, Reality, Virtual
Products

standard and requires copyright
awareness. (Copyright)

2. Artificial intelligence has fully
integrated into design. I will
actively embrace innovative
technologies, but I am also wary
of artificial intelligence. I do not
fully trust artificial intelligence. I
will think about our cooperation,
or in other words, consider the
impact of artificial intelligence
technology on me. Is it a positive
impact? Or is it a negative
impact? (Collaboration)

3. Is it difficult for designers to
repeatedly modify product
models during the development
process of both physical and
virtual products? Whether it is
developing online software
products or modeling and
rendering physical products, it is
difficult to repeatedly modify
them. (Virtual Products)

4.2.2.2 Axial Coding

explanation of the research phenomenon.
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The secondary coding phase of interview transcripts seeks to identify and
systematically construct relationships among emergent conceptual categories.

Integrate and link open Coding organically —a more comprehensive and clear

Axial Coding was built by

identifying the main categories of open Coding and connecting various
conceptual themes. The data determines the direction in which the design
process begins. There are issues with the use of design tools and the
development of standards during the design process. From the users'

perspective, issues that are overlooked in the design process can be



discovered through research. Therefore, design insights into artificial
intelligence needs have been excavated to address user pain points. The

logical relationship of the second-level encoding is shown in Figure 4.4.

. Standard
Desten Tooly Formulation
Interaction Design : Template
Hand Drawn i+ | Parametric Design| :
Data Analysis FONL Size |4 orwesersesssessret ittt e,

Modeling and Rendering

+ | Subjective Sensibility
Anticipate Preset
Pain Points

* | Follow Research Data
: | Web Searching Priority

Brainstorming Typesetting
Online Operation
Generative Design | *

utomatic Recognition | :

Prototyping
Test Iteration
Visual Presentation
Project Progress

i . Collaborative Softwan User Realizable
Data : Design Process “ollaborative Softwares Perspective Functions of AT
s Adobe Softwares  |:iiiiiiiiiiniiiiiind
x Non Electronic Tools
Big Data User Interviews Expectations Learning Ability
Quantification : | Background Research : : (;c:ncems : Virtual
Data and Opinions | : : POV | iissssssssssessnipassseasnsiaiesn : | Objective Rationality Chip Implantation
-+ ESE

Smart Home
Mechanical Arm
Facial Recognition

Figure 4.4 The Logical Relationship of Axial Coding

The details of Axial Codes are in Table 4.4.

Table 4.4 Axial Codes
Themes Main Categories Connotation Clusters Meaning

The design tools Tools
are not intelligent required
enough to process during the
information, design

Inconvenient use | requiring users to process

of design tools - spend time ‘

. Design
Improvement | Difficult collecting and Tools
of Design | information processing
Tools processing information, and

collecting and
organizing is
mostly repetitive
work.

Difficult Once the model is Design Tools

software determined, it is Tools required
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operation -

Difficult model

modification

exceedingly
difficult to make
further
adjustments,
especially for more
complex models.
Can we make it
easier to modify
the 3D model],
including auxiliary
design for
modeling.

during the
design

process

Design tool
unable to
preview -

Prohibitive cost
of trial and error

For example, in
modeling and
rendering
software, users
cannot preview, or
the preview effect
is much worse than
the actual effect
before the
modification is
completed. This
affects users'
decision-making
during the design
process and often
discourages them
from testing
iterations.

Design
Tools

Tools
required
during the
design

process

Data
Collection
and
Processing

Fixed research
population -

Difficult to

identify design

points

The research
population is
extremely limited,
and they do not
know how to
change the
research methods
for different target
groups, which
makes it difficult
for users to
discover design
points and

User
Perspective

Examining
potential or
existing
issues in the
design
process from
a user
perspective
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increases the blind
spots of the
research.

When it comes to
designs involving
other professional

Including
data sources,
data

Knowledge ‘
blind spots exist knowledge, users processing,
are likely to miss and how to
} . Data .
‘ useful design use data in
FaCk. of fie51gn solutions due to a the design
Inspiration lack of process
understanding of
that profession.
Web searching Analyzing
often do not the existing
prioritize achievable
information functions of
Data quality, and users artificial
information need to capture a Realizable | intelligence
collection and small amount of Functions of | from a
processing - valuable Artificial | technical
Long design information in a Intelligence | perspective
cycle huge sea of
information, which
creates a demand
for Al assistance to
reduce workload.
Balancing Standards
everyone's that can be
aesthetics is standardized
Difficult to difficult, and often during the
balance the final product is desi
thetics - .p Standard &n
aesthetcs vastly different . process to
. Formulation
Des Uncertain rules | from the original save costs
ESIng and norms intention. Can we
Evaluation avoid such
and Iteration problems in the
preliminary stages.
Conflict between | Function and form Standards
function and are equally Standard that can be
‘ important, . standardized
orm - . Formulation .
o . sometimes during the
Difficulty in sacrificing the design
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Choosing

beauty of form for
function, and
sometimes having
to sacrifice
functions for form.
Can you provide
suggestions in the

design process.

process to
save costs

4.2.2.3 Selective Coding

Core conceptual categories are identified via a three-level coding process that

investigates categorical associations and their functional importance in the

interview corpus. Finally, focus on abstracting the core coding. The Selective

codes are shown in Table 4.5.

Table 4.5 Selective Codes

Select Core . . .
. Representation Pain Points
Categories
Existence of knowledge blind spots | Lack of design inspiration
Long design cycle,
) Difficulty in data collection and
Data Collection High demand and

and Processing

analysis

repetitive workload for Al

Similar research population

Difficult to identify design
points

Improvement of

Inconvenient use of design tools

Difficult information
processing,

Longer design cycle

) Difficult model
Design Tools Difficult software operation .
modification
. . . Prohibitive cost of trial
Design tools is unable to preview
and error
: Making it difficult to
Design The rules and norms are uncertain &

Evaluation and
Tteration

balance aesthetics

Conflict between function and form

Difficulty in choosing
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This study coded 17 focus group interview data in three stages to summarize
the design insights of artificial intelligence-assisted product design and the
relationship between codes. This research has found out the role of artificial

intelligence in the field of product design. The details are in Figure 4.5.

Conflict The rules

between and
function norms are
and form uncertain

Design Evaluation

) Difficulty
, and Iteration ) ) Simil
s Design Existence of in data tmHar
Inconvenient : s
. Difficult tools knowledge || collection || TES€aIC
use of design ;
- software | |ynable to blind spots atid population
ools ] . i . :
operation | | preview I'he Design Insights of analysis
Artificial Intelligence in
Product Design
Improvement of Data Collection
Design Tools and Processing

Figure 4.5 The Relationship between Codes

4.2.3 Summary of Results

After analyzing the relevant code, it was found that the three core codes. The
selective codes are Data Collection and Processing, Improvement of Design
Tools, Design Evaluation, and Iteration. The direct influencing factors and
design requirements of artificial intelligence-assisted product design have

been identified.
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In terms of data collection and processing, Al can help solve problems
such as knowledge blind spots, information collection and processing
difficulties, and fixed populations for research. This is consistent with the
literature that Al systems can help process substantial amounts of data
and provide valuable insights (Feuston & Brubaker, 2021; Vianello et al.,
2023).

In terms of improving design tools, Al can help solve problems such as
high software operation difficulty, inconvenient use of design tools, and
inability to preview. This is consistent with the literature that Al systems
can improve user experience by providing intuitive user interfaces and

visualization features (Vianello et al., 2023).

In design evaluation and iteration, Al can help solve problems such as
conflicts between functionality and form and unclear design specifications.
This is consistent with the literature that Al systems can provide
multidimensional evaluation models and objective evaluation results

(Vianello et al., 2023).

However, the limitations of Al in the design process also need to be
addressed. For example, overreliance on artificial intelligence may hurt
designers' creativity and decision-making abilities (Feuston & Brubaker,
2021) . Therefore, when using Al-assisted design, human designers should
maintain a dominant position and use Al as an auxiliary tool rather than a
decision-maker. Future design practices should pursue a model of

human-machine collaboration. While preserving the creativity and insight of
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human designers, they should fully utilize Al's data processing and analysis
capability (Feuston & Brubaker, 2021) . This collaborative model will help
improve efficiency while ensuring the innovation and humanistic value of

design solutions.

By making reasonable use of artificial intelligence technology, the user
experience of design tools, enhancing the efficiency of data collection and
processing, and optimizing the design evaluation and iteration process can be
significantly improved. However, the application of artificial intelligence
must also be carefully balanced with the protection of human creativity to

ensure the overall quality and innovation of the design process.

4.3 Summary and Discussions

Al-assisted design tools are increasingly acknowledged for their potential to
transform various industries, such as game design, manufacturing, fashion,
and engineering. These tools leverage artificial intelligence algorithms to
streamline processes and provide valuable insights (Lankes& Stockl, 2023). In
game design, Al-powered tools operate under a mixed-initiative co-creation
paradigm, where software and human designers collaborate to suggest and
critique design elements, enhancing the overall design process (Lee et al.,
2021). Similarly, in manufacturing and industrial design, Al-based tools assist
designers in handling complex tasks and optimizing product creation

(Gmeiner et al., 2023).

In fashion design, Al tools support designers in creating visually appealing
attire and ready-to-wear products that meet design criteria and consumer

preferences (Zhang, 2024) . Integrating Al assistance in engineering design,
105



such as drone design, is essential to manage the increasing complexity of
design tasks and understand AlI's impact on the design process and
effectiveness (Song et al., 2021). These examples highlight the growing role of
Al in aiding designers across various domains to overcome challenges and

improve their creative output.

Regarding research methodologies, focus group interviews are valuable for
conducting constructivist case studies and generating ideas effectively
(Moore, 2023). By engaging participants in a group setting, researchers gather
diverse perspectives contributing to a comprehensive understanding of the
subject. Individual interviews are crucial for collecting in-depth data, making
them fundamental in case study research (Moore, 2023) . These qualitative
methods help explore the requirements and challenges associated with

Al-assisted design tools, offering rich data for research.

Furthermore, a detailed exploration of the requirements for Al design tools,
particularly in game design, is essential to align these tools with gameplay
objectives and enhance the design process (Partlan et al., 2021). By defining
specific design-driven requirements, researchers aim to develop tools that
cater to designers' unique needs and seamlessly integrate Al into the creative
workflow. Understanding these requirements is vital for creating Al tools that

effectively support designers in decision-making and creative endeavors.

The collaborative nature of human-Al interaction is a focal point in studies,
emphasizing the importance of complementary collaboration between
humans and Al systems to boost design efficiency and transcend creative

boundaries  (Chen, 2024) . Analyzing projects involving human-Al
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co-innovation highlights Al's potential to enhance human creativity and
problem-solving, leading to more innovative design outcomes. This
collaborative approach reflects the evolving landscape of design practices,
where Al is seen as a strategic partner in driving design innovation and

expanding traditional creative processes.

Moreover, Al's role in supporting decision-making processes, such as in
clinical imaging, emphasizes the need for thoughtful design considerations
governing human-Al interaction (Fogliato et al., 2022) . Policies dictating Al
inferences' display and sequencing within decision-making workflows ensure
Al complements human expertise and contributes meaningfully to
decision-making. Studying human-Al workflows' impact on decision-making
aims to optimize Al tools' integration in decision support systems and

enhance decision quality.

In conclusion, integrating Al-assisted design tools has the potential to
revolutionize creative processes across industries. By leveraging Al
algorithms, designers can enhance efficiency, creativity, and decision-making,
leading to innovative designs. Through a collaborative approach emphasizing
human-Al partnership, designers can harness Al's power to push design
boundaries and unlock new creative possibilities. Overall, AI has enormous
potential in design activities, significantly improving evaluation efficiency
and accuracy. Artificial intelligence can improve the efficiency and accuracy

of design evaluation in the following aspects.
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Powerful data analysis capabilities: Artificial intelligence can quickly
process substantial amounts of data, extract valuable information, and

provide an objective basis for design evaluation.

Quantitative evaluation results: Artificial intelligence can quantitatively
score design schemes based on preset evaluation dimensions and

standards, making the evaluation results more objective and comparable.

Multimodal data processing: Artificial intelligence can simultaneously
analyze various forms of design data, such as text and images, and

comprehensively evaluate all aspects of design solutions.

Visual presentation: Al can transform complex evaluation results into
intuitive visual forms, such as rating radar charts, for designers to

understand and improve.

Simulated expert rating: By learning expert rating criteria, Al can simulate
the evaluation process of experts to a certain extent. It can provide
professional reference opinions, especially for young designers or

scenarios that require extensive design evaluation.

Study 1 explored in depth the actual needs and expectations of designers for

Al-assisted tools through qualitative research methods. It provides valuable

insights for developing Al tools that better meet the needs of designers. The

research results are like the viewpoints of the existing literature on Al-assisted

design. For example, the research results support the view that Al systems
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can improve user experience by providing intuitive user interfaces and
visualization features (Sloterdijk et al., 2017) . Meanwhile, the results also
confirm the potential of Al in processing enormous amounts of data and

providing valuable insights (Sloterdijk et al., 2017; Yang et al., 2022).

However, this study also has limitations. Firstly, the sample of this study
comes from participants with design backgrounds, and most of them are
junior designers, which may affect the generalizability of the results. Secondly,
the results may have a certain degree of subjectivity due to the use of
qualitative research methods. Therefore, the subsequent Study 2 research
needs to adopt a mixed study approach, combining quantitative data to

validate and expand the findings of this study.

This study provides a new perspective for understanding the role and
potential of Al in the design process. It provides a theoretical basis for the
future development of Al-assisted design tools. From a practical perspective,
the research results can guide the development of Al-assisted design tools in
the future, enabling them to meet the actual needs of designers better and, for
example, developing Al tools with intuitive interfaces and visualization
capabilities to enhance user experience and Developing Al systems capable of
processing multimodal data to support more comprehensive design

evaluations.

In addition, Study 1 emphasizes the importance of maintaining a balance
between human-machine collaboration in Al-assisted design. Future design
practices should pursue a human-machine collaboration model, fully

leveraging Al's data processing and analysis capabilities while retaining the
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creativity and insight of human designers (Gao et al., 2023; Vinnervik, 2022).
Although Al has immense potential to improve the efficiency and accuracy of
design evaluation, we also need to be aware that Al should serve as an
auxiliary tool rather than completely replacing the role of human designers.
Designers still need to maintain creative leadership and ultimate
decision-making power, using Al as a powerful auxiliary tool to improve

work efficiency and design quality (Gao et al., 2023).

Study 1 explored the tool needs of designers in the A era through focus group
discussions and grounded theory analysis. These findings offer key insights
into understanding the actual needs and expectations of designers and
figuring out that the main research direction of this paper is Al-assisted
product design evaluation. This research direction directly influenced the
questionnaire design for Study 2 and the determination of data requirements.
Although this study is limited to a specific group, its results offer important
guidance for future research, especially data collection for Study 2. The next

chapter will design a specific questionnaire based on these findings.
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Chapter 5. Study 2- Al-assisted Design Evaluation Data Requirements

This chapter introduces Study 2, which aims to determine the data types and
collection methods needed for Al-assisted design evaluation. The findings of
Study 1 showed that design evaluation tasks are an important research area
for Al-assisted product design. This study collected designers' understanding
of Al tools, usage, and expectations for Al evaluation tools through a
questionnaire survey. This study not only confirmed the findings of Study 1
but also offered specific guidance for constructing multimodal product design
datasets (Study 3) to ensure that the datasets meet the actual design

evaluation needs.

5.1 Introduction

Research on data is crucial for developing artificial intelligence (AI) models
that effectively evaluate product design. Consumer reactions and preferences
towards Al-designed products are important datasets (Zhang et al., 2022) .
Understanding consumers' willingness to pay for such products can guide
model development by integrating features that meet consumer expectations.
The various modes of big data also play a significant role in Al-driven
product design (Quan et al., 2023), helping to process, analyze, and utilize
information to enhance the design process using Al algorithms. In addition,
algorithms related to artificial intelligence technology are also crucial for
establishing robust evaluation models (Zhang, 2022) . By utilizing artificial
intelligence in industrial product design, designers can analyze complex data
more effectively, thereby improving decision-making. For example, artificial

intelligence is applied to breast cancer screening in health care. This study
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also emphasizes the importance of data in ensuring the safety and
effectiveness of Al-assisted products (Potnis et al., 2022; Zhong, 2024). Those
studies highlight the necessity of high-quality data to train AI models to

evaluate product design accurately.

In the context of apply in Improving product design efficiency through g
artificial intelligence algorithms to improve product design efficiency, data
analysis and professional evaluation are key components (Zhong, 2024). This
study indicates that data covering the design process, results, and user
feedback is crucial for developing Al evaluation models. In addition, research
on product design decision models based on deep learning networks
emphasizes the importance of data in improving design decision evaluation
(Zong & Wang, 2022) . By adopting a data-driven approach, designers can

make informed decisions based on user preferences and design requirements.

The evaluation role of artificial intelligence in visual communication design
education has demonstrated its potential (Erturk & Uzumcu, 2022). They are
creating Al models through supervised learning using classification datasets
to evaluate the feasibility of designing products effectively. The data on
intelligent product design in industrial systems such as CNC machine tools
provide valuable insights into how artificial intelligence algorithms can
optimize product shape and artistic image design (Liu, 2015). These data are
crucial for training AI models to make informed design decisions. In addition,
personalized data tailored to user needs is crucial for developing customized
products (Abbasi& Esmaili, 2024) . Using artificial intelligence algorithms to
analyze and interpret customer data, designers can create products that meet
specific preferences and requirements. The research on artificial intelligence

product design methods based on product semantics also emphasizes the
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importance of data (Zhu, 2023). This data-driven approach ensures that the

designed product remains competitive in the market.

In short, designing AI evaluation product design models requires a
multimodal dataset, including user feedback, industrial design projects, and
professional evaluation data. By integrating these data types into the model
development process, designers can create Al systems that effectively
evaluate and enhance product designs to meet user expectations and market
demands. Therefore, this study's purpose and problem setting are highly
consistent with the current trend of artificial intelligence applications in

product design.

With the diversification and personalization of user needs, traditional product
design methods can no longer meet modern market requirements. At the
same time, advances in big data and artificial intelligence technology have
brought transformative opportunities for product design (Quan et al., 2023).
This study aims to determine the data types and collection methods required
for Al-assisted design evaluation, which directly addresses key issues in
applying artificial intelligence technology in product design. The RQ2 reflects
the in-depth thinking of this study on the application of Al technology in
product design. This study is consistent with the viewpoint mentioned in the
literature that it is necessary to clarify artificial intelligence technology's basic
concepts, characteristics, and application modes (Liu & Kim, 2023) . By
exploring the required data types, Study 2 will contribute to developing a
product design evaluation model based on artificial intelligence technology.
This research is of crucial importance for the development of product design

in the era of artificial intelligence.
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5.2.1 Questionnaire Design

This study used structured questionnaires as the primary data collection tool.
The design of the questionnaire follows the principles of comprehensiveness,
pertinence, and cross-cultural comparison, aiming to explore in depth the
needs, attitudes, and expectations of designers towards Al-assisted design
evaluation (Wang & Chuang, 2024) . The questionnaire structure includes
demographic characteristics; design evaluation needs analysis, and personal
experience and behavioral influence. This structural design can
comprehensively capture the respondents' background information,

professional needs, attitudes, and usage of Al technology (Neto et al., 2018).

The questionnaire uses multiple question types, including Single-choice,
multiple choice, Likert scale, open-ended, and cross-analysis questions (Neto
et al., 2018; Tubadji et al., 2021). Single-choice and multiple-choice questions
are used to collect basic information and specific usage. The Likert scale
measures respondents' attitudes and opinion intensity towards Al technology.
Open questions allow respondents to express their private opinions, while
cross-analysis questions help explore the relationship between different
variables. This diversified problem-type design helps to obtain

comprehensive and in-depth data, providing richer insights for research.

5.2.2 Data Collection

The data collection process adopts the method of online questionnaire survey,
using two professional platforms, Sojump and Credamo, to create the
questionnaire. The questionnaire is distributed through WeChat and

Credamo platforms, inviting designers from various industries to participate.
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This method can quickly and widely reach the target group, improving the

efficiency of questionnaire collection (Tubadji et al., 2021).

A combination of purposive and snowball sampling in non-probability
sampling was adopted in terms of sample selection. The researchers first
identified a group of designers who met the criteria and then recommended
other eligible participants based on these initial respondents (Neto et al.,
2018). This sampling method helps to obtain more relevant samples in specific
populations. The combination of the two can construct a more comprehensive
technical evaluation framework.American data is to support the external
validation of results from different design culture and styles. Chinese
designers' data provides insights into local cultural preferences and global
design trends, while American data reflects influential international trends
that often shape cross-cultural insights. Cross cultural data fusion can
enhance compatibility with different design styles. Through comparative
analysis, this model can not only accurately meet the needs of Chinese
designers, but also absorb international experience, enhance technical stability

and cultural inclusiveness.

5.2.3 Data Analysis

This study used a combination of quantitative and qualitative analysis
methods. Study 2 focuses on quantitative analysis. Quantitative analysis uses
SPSS statistical software, including descriptive statistics, correlation analysis,
chi-square test, etc. Descriptive statistics are used to summarize the basic
characteristics of a sample and the distribution of variables; Correlation
analysis is used to explore the relationship between designers' familiarity

with AI tools and other factors; The chi-square test is used to compare
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whether the differences between Chinese and American designers in various

indicators are statistically significant.

For the answers to open-ended questions, the study used content analysis for
qualitative analysis (Tubadji et al., 2021). Researchers extract key themes and
patterns by carefully reading and coding respondents' responses to better
understand designers' perspectives and needs for Al-assisted design

evaluation.

5.3 Results
5.3.1 Sample Characteristics

This study collected a total of 298 questionnaires, and after screening, 297
valid questionnaires were obtained, including 137 questionnaires collected
from China and 160 questionnaires collected from the United States. This
sample size and distribution provide a good foundation for cross-cultural
comparisons. Among them, females account for 44.78%, and males account
for 55.22%, with slightly more male participants than female participants. The
respondents are concentrated in the age group of 25-34 years old, accounting
for 41.08%; Most respondents hold a bachelor's degree or above, accounting
for 98.61%; Designers with 1-5 years of work experience account for 43.10%,
while those with 6-10 years account for 48.15%. These two groups of
designers have the highest proportion. Table 5.1 shows the demographic

characteristics of the valid samples.

Table 5.1 Characteristics of the Participants

Region
Name Options Total
China US. A

Gender Female 83(62.41%) 50(37.59%) 133
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Region

Name Options Total
China US. A
Male 54(32.93%) 110(67.07%) 164
18-24 70(95.89%) 3(4.11%) 73
25-34 41(33.61%) 81(66.39%) 122
Age 35-44 23(23.71%) 74(76.29%) 97
45-54 2(50.00%) 2(50.00%) 4
55-64 1(100.00%) 0(0.00%) 1
i 11
Junior college 2(50.00%) 2(50.00%) 4
(or college)
level of undergraduat
60(31.09%) 133(68.91%) 193
education €
master 59(70.24%) 25(29.76%) 84
PhD or above 16(100.00%) 0(0.00%) 16
1-5 years 99(77.34%) 29(22.66%) 128
Duration of | 6-10 years 21(14.69%) 122(85.31%) 143
working in the | 1120 years 14(63.64%) 8(36.36%) 22
design industry Above 20
ove 3(75.00%) 1(25.00%) 4
years

5.3.2 Designers' Understanding and Current Usage of AI Tools

The following research findings contribute to understanding designers'

perception and usage of Al tools. This study is like the method proposed by

Liao et al. (2021) to investigate users' demand for explainable Al (Vianello et

al., 2023) . Correlation analysis is a quantitative method used to examine the

strength and direction of relationships between multiple variables, in order to

facilitate understanding of their interrelationships. If the absolute value of the

correlation coefficient between two variables is closer to 1, the correlation

between the two variables becomes more significant. This study suggests that

if the correlation coefficient is below 0.3, there is a weak or no correlation
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between two variables; 0.3-0.6 is a moderate strength correlation; A
correlation of 0.6 or higher is considered strong. If the correlation coefficient is
positive, then the two variables have a positive correlation. Otherwise, there is
a negative correlation. The P-value, also known as the significance level, is
considered statistically significant if the p-value is less than 0.05, indicating
the presence of an effect or difference. If the p-value exceeds the critical value,

it is considered statistically insignificant.

A significant positive correlation exists between regions and designers'
familiarity with AI (p<0.01, r=0.565). Americans are more familiar with Al

tools, as shown in Table 5.2.

Table 5.2 Relationship between Region and Al Familiarity

Region

Familiarity with the application of Al in design 0.565**
*p<0.05 ** p<0.01

However, gender, age, education level, and length of time in the design
industry are not significantly related to familiarity with Al It is shown in

Table 5.3.

Table 5.3 Relationship Between Related Background and Familiarity with Al

China US. A
Gender 0.162 -0.001
Age 0.005 0.031
level of education -0.015 0.055
Duration of working in the
. 0.034 -0.020
design industry

*p<0.05 ** p<0.01
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Among Al tools, creative tools and image generation tools are highly popular

among the designer community. Those are shown in Table 5.4 and Figure 5.1.

Table 5.4 Usage of Al Tools

Response
) Popularity rate
Topic " Response (n=297)
rate
Graphic design to?ls, su‘ch as Canva's Al 118 19.97% 39 73%
magic design
Creative tools, such as Chart GPT 214 36.21% 72.05%
Image generation tools, such as
195 32.99% 65.66%
Midjourney, DALL. E 3
Art generation tools, such as WOMBO 54 9.14% 18.18%
Dream
other 10 1.69% 3.37%
Total 591 100% 198.99%
80.00% 72.05% 65.66%
i
50:003@ 39.73%
%@gég . S 3.37%
) (] = 0
e =
S O\% \'OO\% )QO(\ \'OO\% O\\g\@&
AQ)Q\ \\\QJ Q}’b O
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Figure 5.1 Usage of Various Al Tools

55.22% of designers prefer Al as an interactive tool; 31.31% of designers
believe that designers and Al should collaborate and participate equally in the
design process; 13.47% of designers believe that designers should take the

lead in the design process, while Al plays a relatively passive role by
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providing information, advice, and data support when needed. Details are

shown in Figure 5.2.

m Collaborative work
B Al assisted design
m Designer led

H other

Figure 5.2 The Ideal Interaction between Designers and Al

Designers' demands for Al tools are focused on auxiliary, collaborative,
advisory, and maintaining control. These demands guide Al tool designers to
consider making AI more adaptable to the designer's work style during the
development process while providing efficient, functional, and easily

integrated solutions.

As shown in Figure 5.3, among 137 Chinese designers, 121 (88.32%) stated
that they had never used Al design evaluation tools, and 16 (11.68%) stated
that they had used them. Among 160 American designers, the situation is the
opposite, with 20 (12.50%) indicating that they have never used AI design

evaluation tools, while 140 (87.50%) indicate that they have used them.
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Figure 5.3 Al Technology Evaluation Design Project Usage

According to Table 5.5, there is no significant correlation (p>0.05) between
familiarity with Al tools and frequency of use among Chinese designers. This
result may be due to the small sample size, as Chinese designers use Al
design evaluation tools less frequently. Among American designers, there is a
significant positive correlation between familiarity and AI accuracy
evaluation (p<0.01, r=0.300). This research result indicates that the higher the
familiarity of designers with Al evaluation tools, the higher their evaluation
of the accuracy of these tools. A significant positive correlation exists between
familiarity and attitude toward Al potential (p<0.01, r=0.330). This indicates
that designers more familiar with Al tools have a more optimistic attitude
toward the potential of these tools in the future. There is a significant positive
correlation (p<0.05, r=0.171) between familiarity and product performance
improvement. Although the correlation is weak, it also indicates that
designers who are more familiar with Al tools tend to believe that these tools
can improve the final product's performance. Designers with experience in
using Al are more inclined to accept and use Al tools.
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Table 5.5 Relationship between Familiarity with AI Design Evaluation Tools

and Related Indicators

Familiarity with AI technology-based

design evaluation tools

China US. A
correlation
fficient 0.487 0.019
Al Concept Eval. coeicent
Frequency P-value 0.055 0.824
sample size 16 140
correlation 0.114 0.300**
Al Accuracy in coefficient r
Concept Eval. P-value 0.675 0.000
sample size 16 140
lati
corlation 0277 0050
Al Creativity in coeticdent
Design Suggest. P-value 0.299 0.556
sample size 16 140
correlation 0.277 0.330**
coefficient r
Al Potential Attitud
orenta 1 P-value 0.299 0.000
sample size 16 140
lati
e -0.231 0.051
Adjust Strategy by coeident !
Al Eval. P-value 0.390 0.546
sample size 16 140
correlation 0.185 0.173*
Al Tmpact on coefficient r
Product Performance P-value 0.494 0.041
sample size 16 140

* p<0.05 ** p<0.01
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However, various challenges and limiting factors in the design evaluation
process may weaken this impact. This leads to a non-significant relationship
between familiarity and the willingness to adjust design strategies based on
evaluation results, corresponding to the main challenges described by

subsequent designers.

Regarding data sources, designers have concerns about the reliability of Al
data. The main problem in data analysis is the uncertainty of evaluation
criteria. The lack of clear evaluation criteria may make it difficult for
designers to trust Al results, affecting strategy adjustments. Regarding
resource limitations, Al design evaluation products that designers are familiar

with are currently needed.

According to the results in Table 5.6, there are differences in the trust and
willingness to use Al design evaluation tools between Chinese and American
designers, with American designers showing more obvious trust and positive

attitudes.

Table 5.6 Rating of Al Accuracy, Potential Attitude, and Other Aspects by

Chinese and American Designers

Region
Title Name Total | x2 p
China US. A
-1.0 Not Vi
O Ve 1 2(12.50%) | 0(0.00%) | 2(1.28%)
Accurate
.| 0.0 Moderatel
17.Al Accuracy in OCETAEY 1 6(37.50%) | 0(0.00%) | 6(3.85%)
Concept Design Accurate 77.3630.000**
Evaluation 1.0 QOuit
Quite | ¢ 50.00%) [76(54.29%)| 84(53.85%)
Accurate
2.0 Very | 0(0.00%) |64(45.71%)|64(41.03%)
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Region

Title Name Total | x2 p
China US. A
Accurate
Total 16 140 156
-1.0 Poor Effect |5(31.25%) | 0(0.00%) | 5(3.21%)
0.0 Average
18.Al Creativity in Effect 8¢ 1425.00%) | 5(3.57%) | 9(5.77%)
Design
o, o, (o] %
Suggestions 1.0 Good Effect | 7(43.75%) |56(40.00%) | 63(40.38%) [64.2570.000
2.0 Excellent
. 0O 7 .4 0O 7 . 400
Effect 0(0.00%) |79(56.43%)|79(50.64%)
Total 16 140 156
0.0 Neutral |7(43.75%) | 2(1.43%) | 9(5.77%)
19.Your Attitude 108 hat
.0 Som
Toward Al's o Ct’ ?V:, | 4(25.00%) |73(52.14%) | 77(49.36%)
imisti
Future Potential in preTe 47.4590.000**
i 2.0 Vi
Design Y 15(31.25%) 65(46.43%)| 70(44.87%)
Optimistic
Total 16 140 156
0.0 Slightl
Y 15(31.25%) | 1(0.71%) | 6(3.85%)
Agree
20.Adjust Design
1.0 Moderatel
Strategy Based on AO CrATEY 1 8(50.00%) |57(40.71%)| 65(41.67%) [70.7290.000%*
Al Evaluation gree
2.0 St 1
OB | 3(18.75%) (82(58.57%)| 85(54.48%)
Agree
Total 16 140 156
Minimal Impact | 2(12.50%) | 1(0.71%) | 3(1.92%)
Cannot Assess | 1(6.25%) | 3(2.14%) | 4(2.56%)
21.ATI's Impact on
: Moderate
Final Product 10(62.50%)[90(64.29%) [100(64.10%)
Performance Improvement 12.2330.007**
Significant
IBIIHCANT 1 318 75%) 46(32.86%)| 49(31.41%)
Improvement
Total 16 140 156

* p<0.05 ** p<0.01
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5.3.3 Al Design Evaluation Needs Analysis and Challenges

This part of the research aims to identify the specific needs and challenges
designers face when using Al evaluation tools, which is crucial for developing

Al systems suitable for designers (Gezici & Tarhan, 2022; Lange, 2024).

43.1% of designers choose to conduct product evaluation during the
conceptual design phase. 36.7% of designers choose to conduct design
evaluation during the prototype design phase. 1.35% of designers indicate
that evaluation will be conducted throughout the design phase. This reflects
that designers evaluate in the early and middle stages of the design process to
ensure the direction and quality of the design and adjust as necessary, as

shown in Figure 5.4.

m Conceptual design
B Prototype design
1 User testing

m Other

Figure 5.4 The Stage of Conducting Design Evaluation

In the conceptual design evaluation stage, functional implementation has
received more attention from Chinese designers. This result may be

influenced by the design field in which the sample is located. Designers in
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both countries highly value design aesthetics and user experience. The focus
on production costs is low among designers in both countries, which may
reflect that designers emphasize creativity and user experience more in the

conceptual design evaluation process rather than cost-effectiveness.

As shown in Table 5.7 and Figure 5.5, from a statistical perspective, there is no
significant correlation between the factors that designers pay attention to and
the data sources in conceptual design evaluation (p=0.680, p>0.05). Among all
data sources, the focus on user experience is the highest, especially in user
feedback (72.6%), indicating that designers attach significant importance to

direct user experience feedback.

Table 5.7 Cross Analysis of Factors of Concern and Data Sources in

Conceptual Design Evaluation

E t
User feedback xper‘ Market data Other
evaluation
Functional
implementation 122(55.7) 95(47.7) 88(53.7) 3(100.0)
degree
User experience 159(72.6) 127(63.8) 105(64.0) 3(100.0)
Design aesthetics 139(63.5) 134(67.3) 113(68.9) 2(66.7)
Innovative nature 110(50.2) 105(52.8) 95(57.9) 1(33.3)
production costs 42(19.2) 32(16.1) 43(26.2) 0(0.0)
Other 0(0.0) 0(0.0) 0(0.0) 0(0.0)
Summary 219 199 164 3

chi-square test: x2=9.272 p=0.680
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Figure 5.5 Factors of Concern and Data Sources

As shown in Table 5.8 and Figure 5.6, social media, usability testing, and user
feedback are the designers' three most mentioned channels when obtaining
product design evaluation data. Social media channels have been mentioned

113 times, due to their ability to provide instant and extensive user feedback.

Table 5.8 Data Sources for Design Evaluation

Clusters Describe Quantity
Al social media 113
A2 usability testing 72
A3 user feedback 67
A4 internal feedback 39
A5 post-launch data analysis 22
A6 competitive product analysis 18
A7 design competition 17
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Clusters Describe Quantity
A8 market data 11
A9 questionnaire 6
A10 Others 39
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Figure 5.6 Evaluation Data Source Word Cloud

However, as shown in Table 5.9 and Figure 5.7, the main challenges in the
design evaluation process focus on data collection and processing, obtaining
and interpreting user feedback, determining evaluation criteria,
cross-departmental cooperation, and resource limitations. These challenges

highlight designers' complexity and urgency in their evaluation work.

Table 5.9 Difficulties in the Design Evaluation Process

Clusters Describe Quantity
Al data processing 93
A2 Obtaining and interpreting user feedback 89
A3 data collection 64
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Clusters Describe Quantity
A4 determine evaluation criteria 61
A5 resource constraints 46
A6 cross-departmental collaboration 24
A7 low reliability 17
A8 Others 36
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Figure 5.7 Difficulties in the Evaluation Process Word Cloud

The research results indicate that designers encounter significant obstacles in
data collection, including finding reliable data channels, inviting accurate
target users to participate, ensuring testing accuracy, and obtaining sufficient
and objectively accurate data. Data reliability is a particularly complicated

issue for designers, as it directly affects the effectiveness of the evaluation.

In the data analysis stage, the specific challenge lies in managing copious

amounts of data, balancing multiple factors, avoiding subjective bias,
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establishing evaluation criteria, and ensuring that the analysis results have
practical guidance for the design. In the fast-paced design workflow, the
limitations of project time, money, technology, and other resources make it

difficult for designers to conduct a complete design evaluation.

5.3.4 Expectations for AI Evaluation Tools

These questions explore the specific expectations of designers for Al
evaluation tools, including functionality, data types, and presentation of
results, which are crucial for developing Al systems that meet user needs

(Gezici & Tarhan, 2022; Yiiksel et al., 2023).

For users who have not used Al evaluation tools, the reasons for not using Al

evaluation tools are shown in Figure 5.8.

100%
90%
80% ,
70% 23.14%
60%
50%
A40%
30%
20%
10%

0%

China USA

B Immature technology m Difficulty in obtaining data
= Not trusting the accuracy of Al B other

Figure 5.8 Reasons for not Using Al Evaluation Tools

Chinese designers do not use Al tools mainly because they need more trust in
Al accuracy and immature technology. Among them, 23 designers chose the

"other" option because they were unaware of such products, did not need
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them temporarily, and had doubts about the reliability of Al tools, as shown
in Figure 5.9. Chinese designers have yet to use Al evaluation tools because of
their understanding and market promotion of Al technology. However, the
main reason American designers refrain from using Al tools is the difficulty
in obtaining data, which may be related to data privacy and access

restrictions.

m Unaware of Such Products m Not Needed m Distrust

Figure 5.9 Text Analysis of Other Options

As shown in Table 5.10, Chinese and American designers show a certain level
of interest and openness in Al evaluation products and their willingness to
receive Al technology training or guidance. However, at the same time, they
also have a wait-and-see attitude and uncertainty and need more information
and practical cases to enhance their confidence and wunderstanding.
Figure 5.10 and Figure 5.11 indicate that there is no significant difference
between Chinese and American designers in terms of interest in Al evaluation
products and willingness to receive Al technology training or guidance. This
suggests that designers from both countries have similar attitudes and needs

in these areas.
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Table 5.10 Interest and Learning Willingness of Al Evaluation

Region
Title Name Total x2 | p
China US. A
23.H Very Interested, Willing t
, ow | vety tnterested, VWG 10 57(30.58%) 6(30.00%) 43(30.50%)
interested are Try
you in using Interested. Need M
artificial | oreored, NEE VT 1 (50.41%)(13(65.00%)74(52.48%)
Information
intelligence
i i dtoS 2.7070.439
algorithms | Uncertain, Need to See |} 1 3001 15 0004) p2(15.60%)
design
s Not Interested 2(1.65%) | 0(0.00%) | 2(1.42%)
scoring?
Total 121 20 141
24 Are you Yes, Very Willing 33(27.27%)[10(50.00%)43(30.50%)
willing to
Interested, Need Furth
receive | oreored, eed FUIACE 1y 5 68%)10(50.00%)81(57.45%)
o Information
training or
guidance on Uncertain, Reserved
) 15(12.40%)| 0(0.00%) [15(10.64%)
the use of Al Attitude 19420.204
technology in| Not Very Willing, Pref
y Willing, Prefer
1(0.83% .00%) | 1(0.71%
conceptual Traditional Methods (0.83%) | 0(0.00%) | 1( )
design
evaluation? | Completely Unwilling | 1(0.83%) | 0(0.00%) | 1(0.71%)
Total 121 20 141

*p<0.05 ** p<0.01
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Figure 5.10 The Interest of Designers in Al Evaluation Products
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Figure 5.11 The Willingness of Designers to Learn about Al Evaluation

Products

Figure 5.12 shows that most users believe Al evaluation has immense

potential in the conceptual and prototype design stages.
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Figure 5.12 Potential Stage of Al Evaluation

Specifically, from Table 11 or Figure 5.13, the advantages that Al is valued at

various stages of design evaluation have different emphases. The conceptual

design phase emphasizes the discovery of data coverage and design

innovation. The prototype design stage places more emphasis on improving

efficiency and objectivity. The user testing phase emphasizes objectivity and

real-time feedback. This indicates that designers expect Al to provide

customized advantages at various design stages to adapt to specific needs at

various stages.

Table 5.11 Summary of Al Application Stages and Advantage Crossovers

Discovery of

Objectivit
New Design yee (11V1 Yl Real-time
n
. |Efficiency | Directions a . [Feedback and
Comprehensive . Reduction .
in and Suggestions | Other
Data Coverage ) . of Human
EvaluationPrediction of] . for
Factors in
Future . _[Improvement
Evaluation
Performance
C t
ONCPH 11172.5%)  [105(62.5%)| 114(63.7%) | 92(63.0%) | 43(54.4%) | 0(0.0)
Design
Protot
FOROYPE 98(64.1%)  [131(78.0%)| 126(70.4%) [105(71.9%)| 54(68.4%) | 0(0.0)
Design
User | 0(39.2%) | 84(50.0%) | 88(49.2%) | 82(56.2%) | 45(57.0%) | 0(0.0)
Testing . o . o . o . o . o .
Other 2(1.3%) 2(1.2%) 1(0.6%) 0(0.0%) 1(1.3%)  2(100.0)
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an
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EvaluationPrediction of] . for
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Figure 5.13 Cross Summary of Application Stages and Advantages

As shown in Table 5.12, the standard deviation of each dimension evaluation
is between 0.7 and 0.9. This indicates significant differences in the perception
of Al technology among the designer community. Overall, the average score
of each dimension is>0, indicating that designers hold a cautious and

optimistic attitude toward applying Al technology in design evaluation.

Table 5.12 Designers' Evaluation of AI Technology in Design Evaluation

Mini Maxi
Title thimum axmum Mean| SD median
value value
Reduced evaluation time -2.000 2.000 1.141(0.814 1.000
Ensure the objectivity of the -2.000 2.000 1.047(0.895 1.000
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Minimum Maximum
Title Mean| SD median
value value

evaluation

Enhance the level of design

, ) -2.000 2.000 0.9700.967 1.000
innovation
Assist in decision-making -1.000 2.000 1.088(0.757| 1.000
Predicting market trends -2.000 2.000 0.9900.876/ 1.000

As shown in Figure 5.14, designers consider user feedback, expert evaluation,

and design innovation data to be helpful for conceptual design evaluation.

70.00% 59.60% 63.64% 61.95%
288832 43.43% 42.42%
40.00%
30.00%
20.00%
10.00% I I 0.67%
0.00% -
<0 O 0 &
\Eb'b ,S\,\OQ ,§® &b’b 60’0 O,\‘g\
S 3 » S ol &
O & «\Q\Q & &'\
& 3 $ & &
& & o9 S >
0% <</+ QQ/ <2&O @

Figure 5.14 Data Types can Assist in Conceptual Design Evaluation

As shown in Table 5.13, the overall response rate reached 271.72%, meaning
that each designer selected 2.72 data types on average. This indicates that
designers obtain information from multiple perspectives and integrate
multiple data types to support their evaluation decisions when conducting

design evaluations.

Table 5.13 Summary of Response Rate and Popularity Rate of Data Types

Response

project Response Prevalence Rate (1=297)

Rate
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Response
project . Response Prevalence Rate (n=297)
Rate
User feedback data 177 21.93% 59.60%
Expert evaluation data 189 23.42% 63.64%
Design innovative data 184 22.80% 61.95%
Production cost data 129 15.99% 43.43%
Market Trend Data 126 15.61% 42.42%
other 2 0.25% 0.67%

Summary 807 100% 271.72%

X2 = 185.022 p = 0.000

As shown in Table 5.14, when evaluating design concepts, there is no

difference in each option's co-occurrence, indicating no specific combination

preference. Designers tend to use multiple data types comprehensively to

ensure the comprehensiveness and accuracy of the evaluation.

Table 5.14 Co-occurrence Matrix of Options of Data Types

User Expert Design . Market
] . . Production
feedback | evaluation innovative Trend
cost data
data data data Data
User feedback
data
E
xPert 112 ) _ _ _
evaluation data
Desi
oooesen 98 112 ; ; ;
innovative data
Producti t
roduction cos 73 8 9% ) i
data
Market Trend
ariet Tren 97 65 84 80 ;
Data
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As shown in Figure 5.15, designers prefer visual feedback forms of results.
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Figure 5.15 1Feedback form of Evaluation Results

As shown in Table 5.15, the overall response rate reached 218.18%, meaning

that each designer selected 2.18 feedback forms on average.

Table 5.15 Summary of Response Rate and Popularity Rate of Feedback Forms

Response
Project n Response | Prevalence Rate (#=297)
Rate
Detailed Evaluation Report | 157 24.23% 52.86%
Concise Scoring and Ranking | 177 27.31% 59.60%
Visual Data Analysis 241 37.19% 81.14%
Written and Verbal suggestions| 70 10.80% 23.57%
other 3 0.46% 1.01%
Summary 648 100% 218.18%

Note: During the goodness of fit test x2 = 269.963 p = 0.000

As shown in Table 5.16, in terms of combination preferences, more designers

chose concise scores and rankings and visual data analysis.
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Table 5.16 Co-occurrence Matrix of Options for Combination Preferences

Conci
Detailed Sonc‘lse Visualized | Written and
corin
Project Evaluation nd & Data Verbal Other
Report ; Analysis [Recommendations
Ranking
Detailed
Evaluation Report
Concise Scoring g3
and Ranking
Visualized Data
. 119 137 - - -
Analysis
Written and
Verbal 27 48 67 - -
Recommendations
Other 1 0 1 0 -

The analysis results indicate that designers are cheerful about applying Al in
design evaluation, particularly emphasizing its role in assisting, collaborating,
and providing suggestions. There is a significant positive correlation between
region and designer familiarity with AI, but there is no significant
relationship between gender, age, education level, length of time in the design
industry, and familiarity with Al Correlation analysis shows that there is a
moderate to strong positive correlation between designers' familiarity with Al
and their confidence in its use. The industry experience of designers is
positively correlated with their confidence and willingness to use Al
indicating that design experience may promote acceptance of Al. Designers
use Al as an auxiliary tool, emphasizing its auxiliary, collaborative, and
advisory nature. In addition, designers expect Al tools to provide evaluation
recommendations under specific and contextualized constraints to enhance

their practical application value in design work.
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In summary, designers are cheerful about applying Al in design evaluation,
but there are also concerns and expectations. Research can develop Al tools
that are more targeted by gaining a deeper understanding of designers'
expectations and concerns. Those results have clarified the research direction
for subsequent studies regarding data mining, algorithm functionality, and
application scenarios. This study aims to promote the research and
application of Al technology in the design evaluation field by investigating

designers' needs.

5.4 Summary and Discussions

Multidimensional methods are essential to designing Al-assisted product
design evaluation tools effectively. Integrating big data and artificial
intelligence algorithms is crucial for enhancing the product design process
(Quan et al.,, 2023) . Artificial intelligence language models like ChatGPT can
influence user experience and design thinking processes and impact product
design evaluation (Al-Sa’di & Miller, 2023) . Artificial intelligence-driven
design tools in mechanical engineering emphasize accelerating development
cycles and enhancing product performance features (Al-Sa’di & Miller, 2023).
Understanding the collaboration between humans and artificial intelligence is
key to designing Al-assisted tools tailored to the needs of different user
groups (Dhillon, 2024) . Artificial intelligence evaluation data management
involves the basic facts of designing and evaluating the performance of
artificial intelligence models (Kuo, 2024) . Developing automated design
systems based on artificial intelligence, such as those for fashion brands,
requires a deep understanding of the designer's workflow to optimize the
practicality of the tools (Choi, 2023) . Other tools, such as computational
design, parametric design, and design automation, can significantly enhance

the application of artificial intelligence in product development (Manavis,
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2023) . Empirical analysis of Al-driven design tools' predictive factors can
provide a deeper understanding of the factors that affect tool acceptance and
utilization (Chuyen, 2023) . Exploring the metacognitive process in design
conceptualization using Al tools can elucidate how Al influences design
cognition and decision-making processes (Chang, 2024). Empirical evaluation
of artificial intelligence tools is crucial to ensure their effectiveness and
reliability in practical applications (Gemrot et al., 2014) . AI design tools for
collaborative game creation require collaboration between AI and HCI
researchers to effectively collect design heuristic methods (Partlan et al., 2021).
The impact of generative design tools on designer behavior highlights
challenges such as increased cognitive load and misunderstandings of
artificial intelligence recommendations (Saadi & Yang, 2023). Evaluating the
fairness of artificial intelligence systems requires understanding practitioners'
processes, challenges, and support needs to design a comprehensive

evaluation framework (Madaio et al., 2022).

Study 2 conducted a systematic questionnaire survey to deeply explore
designers' needs, attitudes, and expectations toward Al-assisted design
evaluation, providing an essential empirical basis for developing Al tools.
This research method based on user needs helps ensure that future
Al-assisted design evaluation tools can effectively meet the actual needs of
designers. The study employed questions and analytical methods, including
quantitative and qualitative analysis, providing more comprehensive and
in-depth insights. This method can obtain precise statistical results and gain a
deeper understanding of the designer's specific ideas and needs. Based on the
results of Study 2, this study summarizes the following insights for

developing Al-assisted design evaluation tools.
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® Artificial intelligence algorithms need to integrate multimodal data. This
suggestion is consistent with the viewpoint mentioned in the literature
that using big data and Al technology to obtain user needs and expert
evaluations more accurately (Quan et al., 2023). This method can indeed

provide a more comprehensive perspective for product evaluation.

® The construction of evaluation models requires the application of a deep
learning network. The literature mentions the application of deep learning
technology in product design, especially its advantages in handling
complex design tasks (Quan et al, 2023; Yiiksel et al., 2023) . This

emphasizes the importance of using advanced Al technology.

® The main implementation scenario of Al evaluation tools is conceptual
design. The study also found that designers believe that the conceptual
design and prototype design stages are the most useful periods for Al
evaluation tools (Rath et al.,, 2022). This provides important guidance for

applying Al tools in the product design process.

® The evaluation results of intelligent models need to be visualized through
feedback. The research results and related studies indicate that designers

prefer to obtain visual feedback on results (Rath et al., 2022).

However, this study also has limitations. For example, the samples in this
study were only from the United States and China. The research results may
not directly apply to groups from other cultural backgrounds. In short,
designing Al-assisted product design evaluation tools requires a

comprehensive approach that combines big data analysis, artificial
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intelligence algorithms, user experience evaluation, and empirical evaluation.
By using multimodal data sources and algorithms, the development of
subsequent artificial intelligence product design evaluation models can be
guided by evidence-based practice. This is to ensure the effectiveness of this

model in the product design evaluation process.

Study 2 determined the data types and collection methods required for
Al-assisted design evaluation through a questionnaire survey. This study not
only verified the findings of Study 1 but also offered specific guidance for
constructing the multimodal product design datasets (Study 3). Although the
sample may have limitations, the results provide key information for the next
stage of dataset construction to ensure that the datasets meet the actual design
evaluation needs. This lays the foundation for constructing multimodal

datasets in the next chapter.
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Chapter 6. Study 3 Part I- Construction of Multimodal Product Design

Datasets

This chapter details the construction process of the multimodal product
design datasets. Based on the data demand analysis of Study 2, conceptual
product design samples holding multimodal data, such as text and images,
were collected and processed. This study conducted a preliminary analysis of
the datasets through natural language processing and other technologies and
provided basic data support for developing the next Al evaluation models.
The construction of these datasets directly supported implementing the Al

evaluation model in Study 3.

6.1 Introduction

Based on the data requirements analysis results of Study 2, it is indicated that
subsequent research needs to collect conceptual product design evaluation
samples containing multimodal data such as text and images. It is the key
foundation for implementing the artificial intelligence evaluation model in the

next Chapter 7.

In artificial intelligence (AI) and deep learning, integrating multimodal
datasets has become an important research area. Multimodal datasets contain
various kinds of data, such as text, images, videos, and audio, providing a
rich source of information for Al systems (Zhou et al., 2020) . Using Al to

understand and reason about multimodal data is essential for improving Al

144



capabilities (Chen, 2021) . Al systems can achieve a more comprehensive
understanding and analysis by integrating multiple data types, including

visual, auditory, and textual information (Zhou et al., 2020).

The fusion of multimodal data involves converting data from various sources
into a unified representation, thereby enhancing the overall performance of
the Al system (Hao et al., 2022) . This fusion process aims to create a
compact representation that captures complementary information from each
modality (Li et al., 2022). Utilizing multimodal fusion methods can improve
the performance of various applications, such as urban traffic scene analysis
and dangerous driving behavior identification (Gao et al., 2021; Ran et al,,

2022).

In product design and conceptualization, Al-assisted design processes benefit
from multimodal datasets. By combining AI techniques such as natural
language processing and deep learning, designers can leverage the power of
Al to analyze and interpret multimodal data for innovative product design
solutions. Using Al in conceptual design tasks can enable Al systems to
effectively process and respond to multimodal queries, thereby streamlining

the design process.

In summary, integrating multimodal datasets in the Al-driven design process
can potentially transform all areas of product design. Researchers and
practitioners can unlock new possibilities in data-driven design and
conceptualization by leveraging the power of Al, deep learning, and natural
language processing. This study conducts a multimodal product design

evaluation study in this context, laying the foundation for integrating
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multimodal datasets with AI technology. This chapter is significant for

advancing the Al-assisted product design decision-making process.

6.2 Methods

Based on the questionnaire survey results in Chapter 5, this study collects
concept design evaluation data to support the subsequent development of a
multimodal evaluation model. In addition, this study also uses natural
language processing technology to intuitively present the relationship
between text data and scores. This analysis method can provide accurate
statistical results and comprehensive and in-depth guidance for the

development of Al-assisted design evaluation tools.

6.2.1 Datasets Collection

The questionnaire survey results show that to better establish an AI product
design evaluation system at this stage, collecting a large amount of manually
evaluated product design data for algorithm learning is necessary. Therefore,
in the initial data collection stage, 1,354 design projects of undergraduate
students majoring in product design were collected. These design projects
have 4,905 conceptual design renderings, and the primary data examples are
shown in Figure 6.1. The design works include student personal information,
such as name and student number, and work information, such as work name,
design description, and work score. Eight product design lecturers or

professors score the work scores, and the evaluation results are in percentage.
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N ,

Figure 6.1 An Example of the Basic Data

/!

These basic data provide the possibility for model training. However, its label
needs to be more singular; there are no more relevant weights to reflect, and it
is prone to overfitting. Therefore, to train the model better, collecting more
quantitative product design evaluation data with labels and weights is
necessary. This study thanks the Shenzhen Industrial Design Industry
Association (SIDA) for providing a useful design platform. The researcher
contacted the organizing committee of the Goldreed Industrial Design Award
competition. Through communication, they also face evaluation and
screening work in the preliminary evaluation stage of their works, and they
have a strong demand for multimodal design evaluation. They are willing to
provide competition data for this study. Therefore, a large product design

database is authorized and collected to develop artificial intelligence models.

6.2.2 Datasets Processing Methods

The datasets have eight categories of works, containing a total of 7921 design
projects. The project categories include transportation, industrial equipment,
information processing, home life, sports and health, public facilities, cultural
and creative, and communication design. Among them, one competition work

consists of pictures and design descriptions. In the initial evaluation stage,
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each project is rated by five experts based on design, technology, marketing,
investment, and media indicators. The total score of the initial evaluation is

obtained by a weighted average of the scores given by five experts.

Pytorch is used to build a model frame. Numpy is an introductory Python
package for processing numbers. PIL is used to process pictures. Sklearn is
used for machine learning, and pandas are also an essential library for
processing data. The dataset was separated into three parts: the training set,
validation set, and test set, and the ratio is about 98:1:1. This is an effective

way to prevent this model from overfitting (Figure 6.2).

Trainin Used for training
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| se the known score to judge

Datasat(dasigne | Validation the performance of each

with corresponding
score)

h 4

set model, and elect the bestone,

accuracy

Use the best trained model to
Test set rate some designs and testits

Figure 6.2 Data Classification

Then, the training set was preprocessed to make it more suitable for the
training model and reduce irrelative affected elements, like graying, resizing,

and augmentation of the data. Graying can reduce computational complexity.
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Adjusting the size can help reduce errors in images of varied sizes. Sharpen
and enhance edge information. Smoothing is used to reduce noise in images.
Increase sample richness by flipping and rotating. These methods can make

the original image more efficient and suitable for deep learning, as shown in

Figure 6.3.
Original fraining Augmentation Training
sel sel
Figure 6.3 Data Processing
6.2.3 NLP Text Analysis

This study introduced natural language processing technology to analyze the
collected data and explore the relationship between text and ratings. This
exploration reflects the mining of multimodal data in this study. This study
conducted a word cloud analysis on the collected data set and introduced a
deep learning method to analyze the rating data. The specific analysis content
will be presented in the results section. That section analyzes the length and
content of the design descriptions of works with different rating levels and

explores the relationship between text data and ratings.

6.3 Results

6.3.1 Database Statistical Analysis

In this study, 67,000 tagged digital image files were collected, totaling 77 G.
The database relies on the product design competition to collect 8,024 pieces
of global design works. The design projects are divided into nine categories:
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998 pieces of industrial equipment, 465 pieces of communication design, 706
pieces of public facilities, 895 pieces of household products, 2465 pieces
of concept products, 456 pieces of transportation, 1091 pieces of cultural
creativity, 283 pieces of information products, and 665 pieces of sports and

health products. The details are in Table 6.1.

Table 6.1 Projects Information

Category Quantity

Industrial Equipment 998
Communication Design 465
Public Facilities 706
Household Products 895
Concept Products 2465
Transportation 456
Cultural Creativity 1091
Information 283
Sports and Health 665

Total 8,024

The evaluation results are evaluated by more than 50 design industry experts
from all over the world. Every project has an evaluation label by five experts.
The five review experts come from design, technology, marketing, investment,
and media. The final label of each project is the average of the evaluation
results of these five experts. Functionality, innovation, user-friendliness,
aesthetics, and sustainability are the five criteria that are convenient for

evaluating designs, each weighing 20%. The details are in Table 6.2.

Table 6.2 Evaluations Information

Expert Field Evaluation Criteria Weight

Design Functionality 20%
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Technology Innovation 20%
Marketing User-Friendly 20%
Investment Aesthetics 20%

Media Sustainability 20%

There is an example of the database (Figure 6.4). Due to copyright issues, the
design work was blurred, but the relevant information of the dataset was

displayed.

i B N

SUF-0B-3UBE345(1) 2020-06-3052545(2) M20.06-3052545(3)

2020-06-2848869 (1) 2020-06-2848869 (3) 2020-06- 2848869 (2)

Figure 6.4 An Example of the Database

Figure 6.5 shows the distribution of scores for eight categories on the dataset.
The horizontal axis represents categories. The vertical axis represents the
score. Assorted colors represent distinct categories. The graph shows high
and low-scoring product projects, with most projects receiving moderate

scores. The overall distribution of rating results is quite reasonable.
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Figure 6.5 The Distribution of Scores

This study selected the ratings of 10 experts with ratings. Divide the score
range from 0 to 100 into 20 intervals with 5 points to calculate the score. The
distribution shape of the ten expert ratings is like a Gaussian distribution, and
there will be no bimodal extreme ratings. Moreover, there are few high and
low-scoring works. Therefore, the ratings of the ten experts are reasonable.

Figure 6.6 shows the evaluation results of one of the experts.

Number of ratings

Figure 6.6 Example of Experts Rating Results
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The following is a matrix chart of correlation coefficients for design,
technology, market, investment, and media. Figure 6.7 is the Spearman's rank
correlation coefficient (SRCC) correlation coefficient matrix. Spearman's @
constitutes a nonparametric statistical technique that evaluates the ordinal
association between variables by measuring their ranked correlation. This
method determines the degree to which a monotonic relationship

characterizes the interdependence of two ranked datasets.
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Figure 6.7 SRCC

Figure 6.8 shows the Pearson linear correlation coefficient (PLCC) correlation
coefficient matrix. The Pearson correlation coefficient measures the linear
relationship between two datasets. Like other correlation coefficients, this one

varies between -1 and +1, with 0 implying no correlation. Correlations of -1 or
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+1 imply an exact linear relationship. + 1 and -1 represent positive and
negative correlations, respectively.

1.00

PLCC

075

design

= 050

0.25

technology

0.00

= =0.50

inwestment

media

-=0.715

dasign technology markat mvastment media

Figure 6.8 PLCC

The correlation coefficient matrix results show that the correlation coefficients
are concentrated in the range of [-0.2, 0.5], and there is no absolute correlation
between the scores of the five scoring indicators. This indicates that the
situation where one indicator scores high and another indicator scores high is

not absolute.

6.3.2 Data Analysis by Natural Language Processing

Study 3 also conducted NLP analysis on the dataset, focusing on the Study 3
also conducted NLP analysis on the dataset, focusing on the relationship
between text data (design specifications) and ratings. Data analysis found that

the richness of content and depth of vocabulary expression in design
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specifications can affect expert ratings. The dataset is divided into three
categories based on score ranges: low score (10-40 points), median score
(40-70 points), and high score (40-70 points). Three categories of

high-frequency vocabulary are presented in the form of word clouds.

The low score word cloud is shown in Figure 6.9. This word cloud contains
basic product design elements like water, chairs, bottles, etc. These words
reflect the fundamental concepts in design but need more innovation and
complexity. This is consistent with the characteristics of low-scoring works,

which typically only contain basic design elements and functional

descriptions.
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Figure 6.9 The Word Cloud of the Low Score

Figure 6.10 shows the median score of the word cloud. This word cloud
highlights words such as space, system, and life, indicating that design
considers a broader range of systems and user experiences. At the same time,
words such as development and experience appear in the figure, reflecting a
certain degree of innovative thinking. This aligns with the characteristics of
medium-quality works, which focus on user needs and innovation but may

need to be deeper.
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Figure 6.10 The Word Cloud of the Median Score

The most prominent words in the high-score word cloud are equipment,
design, and technology, which also include words such as efficiency, process,
and development, as shown in Figure 6.11. This reflects high-level design
thinking, integrating advanced technology, innovative processes, and
systematic considerations. High scoring works typically display more
complex design concepts, innovative solutions, and a deep understanding of

user needs.
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Figure 6.11 The Word Cloud of the High Score

This classification method is consistent with the scoring criteria used in

research, and high-quality design works typically demonstrate higher levels
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of innovation, functionality, and user consideration. Meanwhile, this analysis
method also reflects the effectiveness of using keywords and cluster analysis

in design evaluation.

In addition, this study also analyzed the relationship between text length and
score, as shown in Figure 6.12. The horizontal axis represents scores, and the

vertical axis represents text length.

length of sentence scatter, point num: 7754

. o © e scececespesscsesscesese ecee o e o .
500 4 L] L] L] .
« 0e o gt 2, "t ®
‘s
° L] L]
. * ° e 8 0% L g
I $o 0 o o o, . .«
s Lol Ty L P
o] e . 3 ®eocng 8s ‘..|°|-|. :-.3' . o
® ° !' ; . ] al o, 0’ oo B0 o . i
e @ E -’i. ':i -'!o.i. . ': °3s 7 L]
. ° ] ° ° g0
ST T PH T PHTTEH P Bl PERat
° ° H efe °ege
:l-':'!o..§=:= : : 4 LI il=. :.!; s, °
2. . o2 oi . .
H e . ol ® ®
w 300 :. .'.a]'o' ‘et .’ 2,5 .I'|l sigy .
2 [ TH ' . 0ge .Ilo Se80eg” ‘383 .2
£ 2 |- i - U A .;"il tety *°
g M H ! ] gl
L . 8,
= o sl 1, j1i
B g o9 ' LX)
5 l 8 3 3! ' ° &
4 e
200 . :i'- .'.3 L
. § o8y i ®
. '| I'l..l.O.. . o
N
| Ly '! § ° .
° . °
- HIH K
s i 1 LEE P
100 4 I.B "-l
. .I
l ' ..0..
8o * goengd
L] ®
LA : . Bgfsc-
. " i R 2 2 TR
. »? $e° » s® °
o e L} o8 . ° * . °

Figure 6.12 The Relationship between Text Length and Score

This study reveals the complexity and multidimensional characteristics of
product design evaluation by analyzing the relationship between length and
rating. The scatter plot of 7754 data points is shown in the figure, with the
horizontal axis representing the design score and the vertical axis
representing the length of the design description. From an overall trend
perspective, as ratings increase, the length of design specifications shows an
increasing trend, indicating that more detailed and comprehensive

explanations often accompany high-quality designs.
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However, it should be noted that the length of the design specifications is not
the only determining factor for the rating. As shown in the figure, there is a
wide overlap in length distribution in each rating interval, which means that
other factors, such as visual effects, innovation, and functionality of the
design, also play a significant role in the rating. This complex evaluation
mechanism reflects the demand for multidimensional evaluation in modern
product design, including but not limited to aspects such as product

appearance, user experience, technological innovation, and sustainability.

6.3.3 Functional Contribution Analysis of Multimodal Data

The multimodal data for product design in this study mainly includes image
data and text data. The image data mainly includes design renderings, design
illustrations, and so on. Text data mainly consists of design specifications,

including design concepts, functional descriptions, and so on.

Image data mainly serves the following three functions in the model. Firstly,
visual feature extraction is used to extract visual features such as shape, color,
and material of the product through CNN network. Next is aesthetic
evaluation, which evaluates the aesthetic value and visual appeal of products
based on visual features. Finally, there is functional identification, which
identifies the possible functional attributes of the product through its

appearance.

The contribution of textual data to the model includes the following three
aspects. Firstly, it is about understanding the design intent, by analyzing the

design explanatory text, to comprehend the designer's creative intention. Next
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is the addition of functional descriptions, where textual descriptions
supplement functional information that images cannot fully express. Finally,
there is concept positioning analysis, which extracts design concept

positioning related information from product description text.

Collaboration of different modal data is achieved through the following
methods. Firstly, feature complementarity, where image features and text
features complement each other, providing more comprehensive product
information. Next is cross validation, which involves cross validation between
different modal data to improve the reliability of the evaluation. The ultimate
goal is fusion optimization, which achieves optimal fusion of multimodal

features through attention mechanisms and other methods.

6.4 Summary and Discussions

This chapter details the construction process of the multimodal product
design dataset, which is the key foundation for implementing artificial
intelligence evaluation models. By integrating text and image data, this study
can capture all aspects of product design more comprehensively, providing
solid data support for subsequent Al-assisted design evaluation. During the
review process, experts consider the visual presentation of the design and
deeper factors such as design concepts and material selection. These concepts
and considerations are usually reflected in the design description, so
high-scoring designs often have longer descriptions. As a written expression
of design thinking, the design description provides an important window for

reviewers to understand design intent and innovation.
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Based on these data analysis results, future research directions should focus
on developing a more comprehensive evaluation model. The model needs to
integrate multimodal data, including text description, visual design, material
information, etc., to reflect the overall situation of product design. Using
multimodal algorithms to train the evaluation model will help to capture all
aspects of the design more accurately and provide more comprehensive and
objective evaluation results. This approach not only improves the accuracy of
the evaluation but also provides designers with more valuable feedback,

promotes product innovation, and improves design quality.

The natural language processing technology and deep learning methods used
in this chapter, especially in text data analysis, demonstrate the potential of Al
technology in design evaluation (Saidani et al., 2021; Singh et al., 2024). This
method can extract key information from design descriptions and reveal the

potential relationship between text features and design scores.

However, this study also recognizes that there are limitations in the dataset
construction process. For example, the representativeness and diversity of the
data may need to be further improved to ensure that the Al model can
adapt to various kinds of product designs (Tsang & Lee, 2022; Yiiksel et al.,
2023) . In addition, optimizing data preprocessing methods is also an
important direction for future research. Therefore, with relevant literature,

future research from the following points can be conducted.

® Further expand the data source, including more diverse product
categories and design styles, to improve the representativeness of the

dataset (Yiiksel et al., 2023).
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® [xplore more advanced multimodal fusion techniques to integrate text
and image information better and improve Al models' understanding and

analysis capabilities (Saidani et al., 2021).

® Develop more sophisticated natural language processing models to
capture subtle semantic differences and innovative concepts in design

descriptions (Saidani et al., 2021; Singh et al., 2024).

® Consider introducing factors such as sustainability and eco-design to
make the dataset better reflect current design trends and social needs

(Saidani et al., 2021).

In general, the multimodal product design dataset constructed in this chapter
lays the foundation for Al-assisted design evaluation, but there is still room
for improvement. Future research should focus on optimizing data collection
and processing methods and how to more effectively use Al technology to
extract design features, thereby promoting the application of AI in product

design and innovation (Tsang & Lee, 2022; Yiiksel et al., 2023).

This chapter details the construction process of the multimodal product
design dataset based on the data requirements analysis results of Study 2. By
collecting and processing product design samples holding multimodal data
such as text and images, this study provides basic data support for
developing Al evaluation models. Although the dataset may have specific

limitations, it provides the necessary data foundation for implementing the Al
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evaluation model in Study 3 and directly supports the next stage of model
development. The next chapter will develop an Al evaluation model based on

these datasets.
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Chapter 7. Study 3 Part II- Implementation of AI Evaluation Model

Chapter 7 is the core part of Study 3. Based on the multimodal product design
dataset constructed in the previous chapter, Study 3 is committed to realizing
an artificial intelligence evaluation model. This chapter will explore how to
use deep learning algorithms, especially multimodal algorithms that combine
computer vision and natural language processing technologies, to train Al
evaluation models. By comprehensively using methods such as visual feature
extraction, text analysis, and multimodal fusion, this Study aims to build an
intelligent model that can comprehensively evaluate product design.
Implementing this AI model is a continuation and sublimation of the previous
data collection work and a solid technical foundation for subsequent
human-computer comparison experiments. The research results of this
chapter will directly affect the performance of the AI model in actual
evaluation tasks, thereby verifying its potential and practicality in assisting

design decisions.

7.1 Introduction

In the field of artificial intelligence (AI) for product design evaluation tasks,
the selection of algorithm models plays a significant role in determining the
effectiveness and efficiency of the evaluation process. Studies provide insights
into various algorithmic models and methods that can be used for evaluating
tasks. For example, in medicine, studies use deep neural networks to evaluate
medical image diagnostic analysis, emphasizing the importance of Al

research design in evaluation (Kim et al., 2019; Park & Han, 2018).
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In addition, Zong and Wang (2022) proposed a product design decision
model based on deep residual networks aimed at improving the efficiency of
design evaluation while reducing the impact of decision preferences on the
design process. This model demonstrates the application of artificial
intelligence in simplifying design decisions. Mondal's (2024) research
elucidates how computational intelligence technologies, including
evolutionary computing methods, connectionist systems, and reward based
learning paradigms, can promote the development of mechanical design
optimization processes, highlighting their transformative potential in design

evaluation methods.

Quan et al. (2023) reviewed research on product design driven by big data
and artificial intelligence. This study emphasizes the role of artificial
intelligence algorithms in processing and analyzing various data modalities to
facilitate product design. This highlights the synergistic effect of big data
analysis and artificial intelligence in optimizing the design process. Related to
this, Verganti et al. (2020) explored how artificial intelligence can
fundamentally change innovation and design processes by improving
scalability, expanding boundaries, and enhancing adaptability, emphasizing

the transformative impact of Al on traditional design practices.

In addition, Jha et al. (2022) outlined the best practices for evaluating
artificial intelligence algorithms in their research on nuclear medicine and
artificial intelligence, emphasizing a comprehensive framework for assessing
technology efficacy, clinical decision-making, and post-deployment efficacy.
This structured approach can adapt to Al-driven product design evaluation
tasks to ensure thorough evaluation. Zhang (2022) explored the integration

of Al technology in industrial product design, emphasizing the collaborative
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relationship between AI and design innovation in creating comprehensive

design solutions.

In summary, when considering the most suitable algorithm to evaluate
artificial intelligence product design, Study 3 used empirical evaluation
research methods. The following research requires the use of deep neural
networks to optimize decision models, utilizing big data analysis and
metaheuristic algorithms for efficient evaluation. This Study integrates best
practices in industrial design to achieve a comprehensive approach to product
design evaluation driven by artificial intelligence. This Study ensures that the
subsequent evaluation prototypes of artificial intelligence product design

achieve optimal results and higher efficiency in the auxiliary design process.

7.2 Methods

Figure 7.1 shows the architecture of a multimodal deep-learning model for
product design evaluation. This model combines text and image features to
provide a comprehensive product prediction evaluation. It includes the
following key components: text feature extraction, image feature extraction,
feature fusion, multilayer perceptron (MLP), and multi-dimensional

evaluation.
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Figure 7.1 The Architecture of the Multimodal Deep Learning Model

Text feature extraction uses the BERT model to process text input, including
information such as product description, market value, production materials,

and creative concepts. Image feature extraction uses the ResNetl8
166



convolutional neural network to process image input. Feature fusion
combines text and image features through the concatenation method to form
a comprehensive feature representation. The multilayer perceptron (MLP)
uses MLP to process and classify the fused features further and output the
final product prediction results. The model output includes scores for
multiple dimensions, such as design, technology, market, investment, and
media, intuitively displayed as radar charts. This multimodal approach fully
uses natural language processing and computer vision technology. It can
comprehensively analyze product design from both text description and
visual presentation perspectives, providing an innovative and intelligent

solution for product evaluation.

7.2.1 Al Evaluation Algorithm

Based on previous literature, this Study compares different algorithms.
Multi-algorithms can be divided into two categories: CV and NLP. The
following text will discuss these two types of algorithms separately. The
visual algorithms employed were Vggl16 (Pal et al., 2023), ResNet18 (He et al,,
2016) , DenseNet121 (Bulbul et al., 2022) , CustomNet (Madni, 2024) , and
Vision Transformer (ViT) (Dosovitskiy, 2020) . The language understanding
capabilities of the BERT model (Devlin, 2018) were leveraged to interpret

and analyze the textual data accompanying the product designs.

7.2.1.1 Visual Feature Extraction Module

For extracting Visual Features, Study 3 exploited off-the-shelf deep learning
networks as Visual Feature Extraction, like Vgg (Pal et al., 2023), ResNet18
(He et al., 2016) , Densenet (Bulbul et al., 2022) , Vision Transformer (ViT)

(Dosovitskiy, 2020) , and a customized neural network named CustomNet.
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The size of input images and details of these model pipelines will be

presented as follows: Table 7.1, Table 7.2, Table 7.3, Table 7.4, and Table 7.5.

Table 7.1 Vggl6
Layer info Layers Specification Output size
Block 1 conv, 3x3, stride 1, 64x2 [112, 112, 64]
Max pool, 2x2, stride 2
Block 2 conv, 3x3, stride 1, 128x2 [56, 56, 128]
Max pool, 2x2, stride 2
Block 3 conv, 3x3, stride 1, 256x3 [28, 28, 256]
Max pool, 2x2, stride 2
Block 4 conv, 3x3, stride 1, 512x3 [14, 14, 512]
Max pool, 2x2, stride 2
Block 5 conv, 3x3, stride 1, 512x3 [7,7,512]
Max pool, 2x2, stride 2
Dense Max pool [1000]
fcx3
Table 7.2 ResNet18
Layer info Layers Specification Output size
Block 1 conv, 7x7, stride 2, 64x2 [112, 112, 64]
Max pool, 3x3, stride 2
Block 2 conv, 3x3, 64x2 [56, 56, 64]
Block 3 conv, 3x3, 128x2 [28, 28, 128]
Block 4 conv, 3x3, 256x2 [14, 14, 256]
Block 5 conv, 3x3, 512x2 [7,7,512]
average pool average pool 1x1x512 7x7 average pool
fully connected 512 x 1000 fully 1000
connections
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Table 7.3 Desenel21

Layer info Layers Specification Output size
Block 1 conv, 7x7, stride 2 [112, 112]
Max pool, 3x3, stride 2
Dense Block 1 conv, 1x1, x6 [56, 56]
conv 3x3, x6
Transition Layer 1 conv, 1x1 [56, 56]
average pool, 2x2, stride 2 [28, 28]
Dense Block 2 Conv, 1x1, x12 [28, 28]
conv 3x3, x12
Transition Layer 2 conv, 1x1 [28, 28]
average pool, 2x2, stride 2 [14, 14]
Dense Block 3 conv, 1x1, x24 [14, 14]
conv 3x3, x24
Transition Layer 3 conv, 1x1 [14, 14]
average pool, 2x2, stride 2 [7,7]
Dense Block 4 conv, 1x1, x16 [7,7]
conv 3x3, x16
Final Layer average pool, 7x7 [1, 1]
fully connections 1000
Table 7.4 CustomNet
Layer info Layers Specification Output size
Block 1 conv, 3x3, stride 2, 64x2 [112, 112, 64]
Max pool, 3x3, stride 2 [56, 56, 64]
Block 2 conv, 3x3, 64x2 [28, 28, 64]
Max pool, 3x3, stride 2 [14, 14, 64]
Block 3 conv, 3x3, 128x2 [14, 14, 64]
Max pool, 3x3, stride 2 [7,7, 64]
average pool average pool 1x1x512 7x7 average pool

fully connected 1

64 x 128 fully connections

128
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fully connected 2 128 x 256 fully 256

connections
Table 7.5 ViT
Layer info Layers Specification Output size
Linear Projection of Linear Projection [196, 16, 16]
Flattened Patches
Transformer Block Transformer x 12 [196, 768]
fully connected 1 fully connections 128

7.2.1.2 Vision-based Product Rating Algorithm

Given a group of product design photos, where N is the number of photos,
this Study could get a visual feature group, where N is the number of photos
with the Visual Feature Extraction Module accounted for in the previous
section. Due to the uncertainty of design photos, we attempt to unify the data
format of extracted features with the element average operator; then, the

averaged vector implicitly representing the Design Product comes out.

Vi =L, (%), #(1)

Vi+Vo4...,Vy
av = — 2N N #(2)

This vector is followed by a two-layer Multilayer Perceptron (MLP) for the
purpose of feature reshaping and producing Product Rate. The first
perceptron layer could reduce the last dimension of the vector to 768, and the
second perceptron layer could fit this dimension-unified vector into the
Product Rate. It is a 5-dimension vector of technology, design, media,

investment, and market. The whole procedure is shown in Figure 7.2.
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Figure 7.2 Vision-based Product Rating Algorithm

7.2.1.3 Bert-based Product Rating Algorithm

Based on data analysis, text information associated with product design could
provide vital references for Product Rating. The BERT, a pre-trained
transformer model for language understanding, is used to extract text features.
Specifically, this step only considers the relevant text as the text data input,
like product description, product value, craft, and creativity. This Study uses
an off-the-shelf workpiece tokenizer from hugging face to separate these
relevant sentences into individual tokens. Then, three sequential embedding
operators follow with these tokens: token embeddings, segment Ilabel
embeddings, and word position embeddings. These embedding features are

taken as the input of 12 transformer blocks.

Therefore, a concatenated feature symbolizing text information of the product
is mined. It employs MLP to reshape features and produce product Rates. The
output dimension of each layer is described in the same way as in this section.

The whole procedure is shown in Figure 7.3.

171



Output Embedding
Q K

Y
DT — g Adda_n Norm E—
X12 s
“oun | Feed Forward 2z
- = - = : =
- oo JEIEE © g3
- - »| [=4
: : lEE] Add & Norm g |3
= = L) E & 0 g g
] Product Rate
Product Design Text L\ \ Q K v / L
Transformer Blocks
33 Concatenated MLP
Fasture @Comatma‘te

Figure 7.3 Bert-based Product Rating Algorithm

In practice, the same settings in "Attention Is All You Need" for these special
models were used, as shown in Figure 7.3 above. This Study uses sine and

cosine functions with different frequencies as the positional embedding.
PE(pos, 2i) = sin(pos/10000%!/dmoder), # (3)

PE(pos, 2i+ 1) = cos(pos/10000%Vdmedel), # (4)

The 1 is the dimension. The POS is the position of the sentence. And the

dmadel is the last dimension for feature vector which is 768.

In the Attention module, the sequential embedding will be computed as
query matrix Q, key matrix K and value matrix V. Then, it could get the

output of the attention module as follows. The dk is the dimension of the key

matrix.

QKT
I

Attention(Q,K,V) = softmax( ), V#(5)
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The feed-forward component employs a densely connected neural
architecture comprising sequential linear transformations, incorporating

rectified linear unit (ReLU) nonlinearities between layers.

FF(x) = max(0, xW; + b )W, + b #(6)

The x is the output of LayerNorm(x+ Sublayer(x)) and the Sublayer(x) is the
function implemented by the sub-layer. The Wi, b1, W2, b2  are learnable
parameters. The neural architecture maintains consistent 512-dimensional
representations at both input and output layers, while employing an
expanded 2048-dimensional hidden representation in its intermediate

processing stage.

7.2.1.4 Vision-Language Fusion for Product Rating Algorithm

Multimodal combination models were also evaluated. These included
integrations of Vggl6 & BERT and ResNetl8 & BERT (Shao et al., 2021) .
These combination models aim to merge the insights from visual and textual
analysis, providing a holistic view of the product designs that mirror how

humans perceive and evaluate products.

For better performance of Product Rating, this Study exploited multimodal
features to assess a piece of design product. In the process of visual feature
extraction, the same structure was used in the Vision-based Product Rating
Algorithm section. The same structure was used in the text feature extraction
process's Bert-based Product Rating Algorithm section. However, there is a

full connection with Text Feature for the purpose of aggregating features into
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a unified feature shape, which is 768 data dimensions. Sequentially, this
Study concatenated the extracted visual feature and text feature together, and
a two-layer multilayer perceptron (MLP) was followed to fit the output
dimension to 5 product rating dimensions. The details are shown in Figure

7.4.
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Figure 7.4 Vision-Language Fusion for Product Rating Algorithm

7.2.2 Training and Loss Function

The training session system is i5-12490f, Nvdia 3060Ti G6X, Asrock
B660M-ITX, RAM 64G. At first, this Study used normal distribution with 0 for
mean and 1.0 for standard deviation to initialize the parameters. Then, each
model was trained in 16 epochs on the hardware system. The Adam with (0.9,
0.999) for betas was used during the training session, 0.001 for learning rate,

without any weight decay and early stop.
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Study 3 also used Mean Absolute Error (MAE) as the training criterion, as
shown below. The Yat is the five dimensions vector representing the value of

media, investment, market, technology, and design.

I, = Zlygi - yprs3d|r#(7)

This Yered is the corresponding prediction.

7.2.3 Performance Metric

In this work, the five famous metrics were be used to measure how well this
evaluation model performance is, including ACC (Binary Classification
Accuracy), SRCC (Spearman's rank-order correlation), PLCC (Pearson linear
correlation coefficient)) RMSE (Root mean square error) and MAE (Mean

absolute error).

ACC is shown in the following formula. The ¥ is the one-hone label. The ¥
is model prediction. The TN is true negative. The TP is true positive. The FN

is false negative. The FP is False positive.

TN+ TP

ACCE.Y) = TNTFP+EN+ TP’

#(8)

SRCC is shown in the following formula. The di=R(X;)= R(Y)) is the
difference in rank between the label and prediction. The o is the number of
samples.

63 d

SRCCX.Y)=1 - ——F—F——
Skt n(n<-1)

#(9)
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PLCC is shown in the following formula. The *i and ¥i are prediction and
label. The ¥ and ¥ are corresponding mean values. The Sx and Sv are the

corresponding standard deviations, and the n is the number of samples.

2 Xiyi — DXy

PLCCXX.Y) = Loy

,#(10)

RMSE is shown in the following formula. The ¥ and ¥ are labels and

predictions. Moreover, the N is the number of samples.

1 n=
RMSE(7.y) = | o -y #(11)

MAE is shown in the following formula. The ¥ and ¥ are labels and

predictions. Furthermore, the N is the number of samples.

1 n=
MAEG.Y) = g Yo -9, #(12)

7.2.4 Dataset Quality Control and Deviation Analysis

This study implemented strict data quality control measures during the
training process of the Al model. The research mainly focuses on three aspects:
data preprocessing quality control, potential deviation analysis, and model

development limitations.

The quality control of data preprocessing is mainly carried out through the
following steps. Firstly, in the data cleaning stage, this study removes
duplicate, invalid, and missing value samples, identifies and processes

outliers. Then standardize the dataset to ensure consistency of data from
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different sources. Finally, this study expands the training set through

techniques such as rotation and scaling to enhance the data.

The training data may have the following biases. Firstly, there is a bias in
sample selection, as the design projects mainly come from specific
competition works. Next is the standard deviation of evaluation, as expert
ratings are influenced by personal experience and are relatively subjective.
Then there is data distribution bias, which means that some design types have
smaller sample sizes. Finally, time deviation and the impact of design trends
changing over time, as well as the fact that the dataset contains design works
from several years ago, can also affect the evaluation results. To reduce the
impact of data bias on model performance, this study adopted oversampling
of minority class samples and achieved data augmentation by expanding the
minority class samples. And invite multiple experts to cross evaluate to

reduce subjective bias and achieve expert consensus.

Identify the following main limiting factors during the model development
process. Firstly, there are limitations in computing resources. GPU memory
capacity restricts batch processing size, training time is affected by hardware
performance, and model complexity is constrained by computing power.
Secondly, there are limitations in data quality, challenges in aligning
multimodal data, and varying degrees of data standardization. Finally, and
most importantly, there are limitations in the algorithm. The model has
limited understanding of subjective evaluation indicators, and its cross
domain generalization ability needs to be improved. The interpretability of

the results also needs to be strengthened.
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These limiting factors provide important references for future research
directions. Subsequent research needs to focus on developing more efficient
data preprocessing methods, exploring new model architectures to improve
performance, and enhancing the interpretability and generalization ability of

models.

7.3 Results

These studies emphasize the crucial role of deep learning, especially
multimodal neural networks, in enhancing product conceptual design quality
assessment. By utilizing advanced deep learning techniques, designers can
achieve more comprehensive, objective, and effective evaluations, thereby
developing innovative and aesthetically pleasing products that meet user

needs and preferences.

7.3.1 Model Training Performance

This section will detail the performance of different models on various
evaluation indicators. Moreover, it compares the advantages and
disadvantages of single-modal and multimodal methods based on the
training results of the model. CV models are Vggl6, ResNetl8, Desenel2?1,
CustomizaNet, and ViT. BERT is an NLP model that takes input text as a
description of the work, design concept, production process, and market
value. Vggl6+Bert and ResNet18+Bert are multimodal models that combine
images with text. This Study used these algorithms to train five evaluation

metrics: Design, Technology, Market, Investment, and Media.
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In the Design evaluation task, the multimodal models (ResNet18+BERT and
VGG16+BERT) performed the best ACC, reaching 0.6311 and 0.618,
respectively. The pure text model BERT (ACC=0.6382) outperforms all pure
image models. This indicates that textual information may be more
discriminative in design evaluation than visual features. However, all models
performed weakly on this task, with SRCC and PLCC values low, which may
reflect the subjectivity and complexity of design evaluation. The details are

shown in Table 7.6.

Table 7.6 Model Training Results of Design

Method ACC SRCC PLCC RMSE MAE
Vgel6 0.5023 -0.0168 0 0.1778 0.1478
ResNet18 0.5046 0.0473 0.0488 0.1792 0.1481
Desenel21 0.5027 0.0181 0.025 0.1931 0.1507
CustomNet 0.5609 0.1985 0.2032 0.1756 0.1447
ViT 0.5446 0.1482 0.1601 0.1821 0.1502

Bert 0.6382 0.2907 0.3029 0.1892 0.1499
Vgglo+Bert 0.618 0.3196 0.3345 0.1856 0.1488
ResNet18+Bert 0.6311 0.3304 0.3448 0.1749 0.1382

In the Technical evaluation task, the ResNet18+BERT model performed the
best (ACC=0.7301, SRCC=0.4889, PLCC=0.4587) ., Itis worth noting that pure
image models such as VGG16 and Custom Net perform well on ACC but
have lower SRCC and PLCC values, which may suggest room for
improvement in sorting and linear correlation of the model. Overall, the
performance of technical evaluation tasks is better than that of design
evaluation, which may be due to the objective and quantifiable technical

characteristics, as shown in Table 7.7.

Table 7.7 Model Training Results of Technology
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Method ACC SRCC PLCC RMSE MAE
Vgel6 0.7378 -0.0041 0 0.1788 0.1424
ResNet18 0.7359 0.3467 0.3186 0.169 0.1313
Desenel21 0.7368 0.2361 0.1776 0.1758 0.1394
CustomNet 0.738 0.367 0.3412 0.1677 0.1288
ViT 0.6651 0.2427 0.2247 0.1806 0.1452

Bert 0.7178 0.44 0.407 0.1722 0.1295
Vggl6+Bert 0.7155 0.4591 0.4202 0.1685 0.1273
ResNet18+Bert 0.7301 0.4889 0.4587 0.1635 0.1235

In the Market evaluation task, the ResNet18+BERT model performed the best
again (ACC=0.723, SRCC=0.5874, PLCC=0.5718), as shown in Table 7.8. The
pure text model BERT performs outstandingly in this task, indicating that
textual descriptions may contain key information in market evaluation. The
advantages of multimodal models are evident and effective in this task,
possibly because market evaluation requires a comprehensive consideration

of the visual and descriptive features of the product.

Table 7.8 Model Training Results of Market

Method ACC SRCC PLCC RMSE MAE
Vgel6 0.5825 -0.0214 0 0.1814 0.1535
ResNet18 0.6236 0.3757 0.3705 0.1707 0.1415
Desenel21 0.5079 0.2619 0.1841 0.1928 0.1583
CustomNet 0.6549 0.4223 0.4189 0.1639 0.1343
ViT 0.598 0.3121 0.314 0.1802 0.1482

Bert 0.6999 0.5385 0.5219 0.1612 0.1255
Vgglo+Bert 0.7195 0.5668 0.5479 0.1598 0.1216
ResNet18+Bert 0.723 0.5874 0.5718 0.1523 0.117
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In the Investment evaluation task, the ResNet18+BERT model still performed
the best (ACC=0.7251, SRCC=0.4897, PLCC=0.4805). However, all models'
RMSE and MAE values are high, which may reflect the high uncertainty and
complexity of investment evaluation tasks. The advantages of text-only and
multimodal models are pronounced in this task because investment decisions
usually require more contextual and descriptive information. The details are

shown in Table 7.9.

Table 7.9 Model Training Results of Investment

Method ACC SRCC PLCC RMSE MAE
Vgel6 0.6807 0.0218 0 0.2094 0.1807
ResNet18 0.6797 0.2592 0.2558 0.2022 0.1712
Desenel21 0.6592 0.1856 0.161 0.2093 0.1813
CustomNet 0.6688 0.2743 0.2741 0.201 0.1696
ViT 0.5859 0.1867 0.1838 0.2178 0.1852

Bert 0.7036 0.4181 0.4003 0.2069 0.1574
Vgglo+Bert 0.7122 0.4678 0.4589 0.198 0.1522
ResNet18+Bert 0.7251 0.4897 0.4805 0.1901 0.1467

In the Media evaluation task, the ResNet18+BERT model achieved the highest
ACC (0.8051) and PLCC (0.4046), as shown in Table 7.10. Interestingly, pure
image models such as VGG16 and Desenel21 perform well on ACC but have
extremely low SRCC and PLCC values, suggesting challenges in capturing
subtle differences in Media evaluation. Overall, the ACC value of media
evaluation tasks is the highest, but the correlation index is low, which may

reflect the special nature of Media evaluation.

Table 7.10 Model Training Results of Media

Method

ACC

SRCC

PLCC

RMSE

MAE

Vggl6

0.7841

0.0094

0

0.1646

0.1329
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ResNet18 0.7762 0.1341 0.1373 0.1686 0.1395
Desenel21 0.7845 0.0446 0.0231 0.1677 0.128
CustomNet 0.7843 0.1961 0.2133 0.1598 0.128
ViT 0.7574 0.1647 0.1894 0.1714 0.1373

Bert 0.796 0.3303 0.3717 0.1665 0.1281
Vgglo+Bert 0.7889 0.3422 0.3782 0.1669 0.1272
ResNet18+Bert 0.8051 0.3549 0.4046 0.157 0.1202

This study explores the performance of multimodal deep learning models in
product design evaluation, combining image and text information to provide
a more comprehensive and accurate assessment. The experimental results
show that the multimodal model performs the best in most evaluation tasks,
especially achieving high accuracy in predicting the overall and attribute level

ratings of products.

7.3.2 Result Analysis

This Study explores the performance of different artificial intelligence models
in product design evaluation tasks, covering five evaluation dimensions:
Design, Technology, Market, Investment, and Media. The experimental
results showed that the multimodal models, ResNetl8+BERT and
VGG16+BERT, performed the best in most evaluation tasks, indicating that
combining visual and textual information can provide more comprehensive

and accurate evaluation results.

The pure text model BERT outperforms the pure image model in most tasks,

highlighting the importance of product description in the evaluation process.
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This finding is consistent with previous research that suggests textual

information may contain more key details related to evaluation.

The performance differences between different evaluation dimensions reflect
the characteristics and challenges of each field. For example, the overall
performance of Design evaluation tasks is weak, which may be due to their
high subjectivity. In contrast, the performance of Technology and Media
evaluation tasks is better because these fields have more objective evaluation

criteria.

Figure 7.5 is an example showing the training results of the model. Due to
copyright issues, the product images were intentionally blurred. The press is

the algorithm's predicted score. GT is the true score of experts.

p_id: 2020-06-2413780
preds: design:49.28, technology:77.74, market:56.97, investment:73.91, media:66.64
GT: design:32.00, technology:72.00, market:68.00, investment:72.00, media:80.00
150

" b | E

250 4 4 i
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Figure 7.5 An Example of Training Results

It is worth noting that models perform well in accuracy (ACC) but poorly in
correlation metrics (SRCC and PLCC), suggesting that we need to consider
multiple evaluation metrics comprehensively to evaluate model performance.

Future research can focus on improving the ability of models to capture subtle
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differences and enhance correlation metrics, particularly in design and media
evaluation tasks. In addition, considering the complexity of the evaluation
process, methods that combine AI evaluation results with human expert
judgment can be explored in the future to improve the reliability and

acceptance of the evaluation.

Overall, this study provides important insights into the potential and
limitations of AI applications in product design evaluation, laying the

foundation for future research and applications in this field.

7.4 Summary and Discussions

In the field of design evaluation, integrating multimodal datasets and deep
learning techniques has become a key focus for researchers to improve the
efficiency and accuracy of the design process. Multimodal datasets
combine data types such as text, images, and gestures to provide a more
comprehensive understanding of design elements (Zhou et al., 2018) . These
datasets are particularly valuable in simulating real-world scenarios, such as
international online shopping, where multiple patterns are used to describe
products (Zhou et al., 2018) . However, using multimodal data may lead to
increased complexity, inference time, and memory requirements of the model,
so it is necessary to thoroughly examine the advantages and differences
compared to single modal models (Thiffen & Hergenrother, 2023) . Deep
learning plays a crucial role in processing multimodal data for design
evaluation, such as convolutional neural networks (CNN) and recurrent
neural networks (RNN) (Lu et al, 2022) . For example, CNN excels at
automatically extracting complex features from multimodal gesture data,

enabling more detailed analysis and interpretation ( (Lu et al., 2022) . In
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addition, incorporating artificial intelligence (AI) into the design process has
fundamentally changed the generation of conceptual designs through deep
learning algorithms (As et al., 2018). These algorithms can extract necessary
design components based on performance standards and recombine them to
generate novel design solutions, demonstrating the transformative potential

of artificial intelligence in design innovation (As et al., 2018).

The application of artificial intelligence in design evaluation is not limited to
physical products but extends to software products in fields such as medicine
and education. In the medical field, artificial intelligence diagnostic tools
driven by deep learning algorithms have demonstrated outstanding
capabilities in automatically classifying medical conditions from imaging data
(Lakhani & Sundaram, 2017) . By enhancing the dataset and utilizing
convolutional neural networks, researchers have achieved significant
improvements in the accuracy of the diagnostic process, highlighting the
potential of artificial intelligence to revolutionize medical imaging analysis
(Lakhani & Sundaram, 2017) . Similarly, in the educational environment,
artificial intelligence technology has reshaped the paradigm of instructional
design, leading to a shift in teaching objectives, content delivery, and
evaluation methods (Jian et al., 2021). The integration of artificial intelligence
has ushered in a new era of personalized and interactive learning experiences,
meeting diverse student needs, and improving educational outcomes. In
addition, integrating artificial intelligence and multimodal datasets has paved
the way for innovative methods in business model design and transformation
management for entrepreneurial enterprises (Fang, 2023) . By leveraging
insights driven by artificial intelligence, entrepreneurs can design agile
business models, capitalize on emerging opportunities, and, more precisely,

navigate complex market environments (Fang, 2023) . Artificial intelligence
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algorithms have played a significant role in optimizing coordination delivery
routes, reducing indirect costs, and improving operational efficiency in
supply chain management (Yao, 2020). Through adaptive weighting methods
and route optimization techniques, artificial intelligence enables
organizations to simplify delivery processes and improve overall

coordination performance (Yao, 2020).

In summary, the synergistic effect between multimodal datasets, deep
learning applications, and artificial intelligence technologies has redefined the
design evaluation landscape in various fields. From architecture to medicine,
education, and entrepreneurship, integrating Al-driven solutions has opened
new possibilities for creativity, efficiency, and innovation. By utilizing the
power of Al to analyze various data modalities, designers and
decision-makers can make wise choices and drive transformative design.
Shaping and developing intelligent design evaluation models is at the
forefront of future research. Based on relevant research, this Study explored
the performance of various artificial intelligence models in product design
evaluation tasks. The experimental results of Study 3 are summarized as

follows.

® The multimodal fusion model performs the best. In all evaluation
dimensions (design, technology, market, investment, media),
multimodal models that combine images and text, such as ResNet18
with BERT, outperform single-modal models. This indicates that
considering the product's visual and textual descriptive information

can provide more comprehensive and accurate evaluation results.
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® NLP algorithm is superior to CV models. The BERT model performs
better than pure image models in most evaluation dimensions. This
indicates that the textual description of the product, such as design
creativity, production process, market value, etc., may contain more

key information related to evaluation.

® There are performance differences between evaluation dimensions.
There are significant differences in the performance of models across
different evaluation dimensions. For example, in the "design"
dimension, the performance of all models is low (ACC highest at
0.6311), while in the "media" dimension, the models perform well
(ACC highest at 0.8051). This reflects the characteristics and difficulty

differences of different evaluation dimensions.

® There are challenges in the artificial intelligence evaluation of design
indicators. All models perform poorly in the design dimension. This
may reflect the subjectivity and complexity of design evaluation,
implying the challenges that AI models face when dealing with

highly subjective evaluation tasks.

These findings provide important insights into the potential and limitations of
Al applications in product design evaluation. However, current methods also
have shortcomings. Firstly, there is still room for improvement in the model's
performance in the design dimension due to the strong subjectivity of design
evaluation. Secondly, the experiment lacks an interpretability analysis of the
model decision-making process, making it difficult for users to understand

the scoring criteria. The correlation between different evaluation dimensions
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was not considered, and each dimension was trained independently. Finally,
the dataset size may need to be expanded to improve the model's

generalization ability.

In response to these shortcomings, future research directions can be proposed.
Considering the complexity of the evaluation process, the next Study needs to
explore methods that combine Al evaluation results with human expert
judgment to improve the reliability and acceptance of the evaluation.
Subsequent research requires conducting human-machine comparative
experiments to evaluate the performance differences between Al models and
human experts in designing evaluation tasks. Study 4 will use empirical
methods to effectively integrate Al evaluation tools into actual design

workflows to improve designers’ practicality and acceptance.

This chapter introduces designing and implementing an Al evaluation model
based on multimodal datasets. By developing an Al algorithm that combines
visual feature extraction, text analysis, and multimodal fusion, this Study
provides an innovative approach to product design evaluation. Although the
model may have specific limitations, its development provides a technical
basis for the next human-computer comparison experiments (Study 4),
enabling researchers to verify the Al model's evaluation performance further.
The next chapter will verify the effectiveness of this model through

human-computer comparison experiments.
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Chapter 8. Study 4- Human-machine Comparative Evaluation Experiment

This chapter describes the design and implementation of a human-machine
comparative evaluation experiment. Based on the AI model developed in
Study 3, this study designed a website interface, the Artificial Intelligence
Assisted Product Design Evaluation System (AiDE), that allows human
experts and AI models to evaluate product designs in parallel. Study 3
showed that the method combining image and text information performed
the best in the evaluation task. This experiment aims to verify the evaluation
performance of the Al model and explore the possibility of human-machine
collaborative evaluation. The core content is to evaluate the accuracy and
reliability of AI models through human-machine comparison experiments
and compare the performance differences between Al and human experts in
evaluation tasks. It helps understand the strengths and weaknesses of Al
models and offers important insights for improving Al-assisted design
evaluation tools. The experimental results verify the AI model's effectiveness
and provide important input for the prototype verification study (Study 5),

which is crucial for the practical application of Al tools.

8.1 Introduction

It is crucial to consider a range of factors that may affect the performance and
results of artificial intelligence (AI) product design evaluation models to
evaluate their effectiveness. Al-Sa'Di and Miller emphasize that a key factor is
integrating Al tools into the design process. Their research explores the
impact of artificial intelligence language models (such as ChatGPT) on user

experience in the design thinking process, emphasizing how this integration
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enhances the design decision-making process and has the potential to

improve the overall user experience of products (Al-Sa’di & Miller, 2023).

In addition, a study on product design decision models based on deep
residual networks emphasizes the importance of developing AI design
decision models to improve efficiency and reduce the impact of decision
preferences on product design and development (Zong & Wang, 2022) . By
utilizing advanced AI models such as deep residual networks, evaluation
models can benefit from more accurate and data-driven decision-making
processes, thereby enhancing design outcomes. As Zhang et al. (2022)
discussed, consumer response to artificial intelligence design is crucial for
evaluating the effectiveness of Al-based product design. Understanding
consumers' willingness to pay for products designed with artificial
intelligence can provide insights into market acceptance and perceived
product value. These pieces of information are of great significance for
evaluating the success of evaluation models in meeting consumer

expectations and preferences.

Moreover, the study by Liu (2015) on collaborative modeling and design of
intelligent product networks emphasizes how artificial intelligence
algorithms can effectively promote cognitive thinking storage and feedback
mechanisms in product design optimization. This study utilizes artificial
intelligence algorithms for cognitive tasks and artistic image optimization,
and the evaluation model can potentially enhance the creativity and aesthetic
appeal of design products, thereby improving overall design quality. Yang et
al. (2021) researched intelligent product form design based on cognitive
dynamics and spider web structure, introducing the concept of selecting

feasible solutions from intelligent design sketches. This method is based on
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the designer's cognition, and integrating human-centered design principles
and cognitive processes into Al-driven design systems helps to improve
evaluation models, resulting in more user-centered and innovative product

designs.

Oh et al. (2019) proposed a framework for deep generative design. This
framework integrates topology optimization and generative models to
generate aesthetically pleasing and engineering-optimized design options.
This study utilizes advanced generative design techniques to evaluate models
that can provide a range of visually appealing and functionally optimized
design alternatives, thereby enhancing the overall design evaluation process.
Verganti et al. (2020) summarized how artificial intelligence can create
user-centric solutions that are constantly updated through learning iterations.
Artificial intelligence's continuous learning and adaptability can ensure that
design decisions are guided by real-time data and user feedback, significantly
affecting the effectiveness of evaluation models, and resulting in more

personalized and innovative product designs.

In summary, evaluating the effectiveness of Al product design evaluation
models requires a thorough analysis of factors such as integration with Al
tools and cognitive design considerations. By drawing insights from these
different perspectives, designers, and researchers can evaluate the impact of
artificial intelligence on product design results and improve evaluation
models to enhance their effectiveness in creating innovation and user

centricity.
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In the early stage of this study, a literature review was conducted to identify
research gaps in Al-assisted product design evaluation, and qualitative and
quantitative methods were used to explore designers' needs and expectations
for Al tools. Subsequently, we constructed a multimodal product design
dataset and designed and implemented an Al evaluation model based on
deep learning. The model evaluation results indicate that the multimodal
method combining image and text information performs the best in product

design evaluation tasks.

To further validate the practicality of the Al evaluation model and promote
human-machine collaboration, this chapter will introduce a web-based
graphical user interface (GUI) design. This interface aims to provide designers
with an intuitive and easy-to-use platform to use AI models for product
design evaluation easily. The design of GUI considers user experience and
interaction design principles to ensure that it conforms to the designer's

workflow and habits.

The core content of this chapter is to evaluate the accuracy and reliability of
Al models through human-machine comparative experiments. This
experiment compares the performance differences between AI models and
human experts in product design evaluation tasks. By having experts and Al
models rate a series of product samples, this study can evaluate the accuracy
and consistency of the model. This comparison helps researchers understand
the advantages and limitations of AI models and provides valuable insights
for improving Al-assisted design evaluation tools in the future. This study
also verifies the application prospects of Al in product design evaluation

through empirical methods. The research findings also provide an important
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basis for constructing a more comprehensive and effective theoretical

framework for design evaluation.

8.2 Methods

This study adopts an innovative online experimental method to conduct
human-machine comparative evaluation. This study developed and deployed

a web platform (http://118.195.135.213/ArtRate/dist) called the Artificial

Intelligence Design Evaluation System (AiDE) as a functional prototype of the
experiment. The platform integrates multi-role user management, multimodal

data processing, and human-machine collaborative evaluation.

The experiment invites junior designers to submit their product design
projects, which are evaluated in parallel by an expert panel and an AI model.
The evaluation dimensions include five aspects: design, technology, market,
investment, and media. A sliding bar rating method of 0-100 points is used.
This design not only ensures the comprehensiveness of the evaluation but
also provides a basis for direct comparison of human and machine evaluation
results. With this method, this study aims to evaluate the accuracy and
reliability of the AI model rigorously. At the same time, Study 4 also explores
the potential of Al in assisting or enhancing human evaluators, especially in

terms of efficiency when dealing with large-scale data sets.

8.2.1 GUI Design and Website Function Implementation

Based on previous research results, study 4 has developed and launched a
function prototype for empirical experiments, the Artificial Intelligence

Design Evaluation System (AiDE).
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8.2.1.1 GUI Design

The AiDE Artificial Intelligence Design Evaluation System is an innovative
product design evaluation platform that integrates advanced concepts such as
multi-role user management, multimodal data processing, and
human-machine collaboration evaluation. If users are interested in the AiDE
artificial intelligence design evaluation system, please log in to the website:

http://118.195.135.213/ArtRate/dist. After registration, users should email

jing86.luo@ to apply for relevant permissions, as

shown in Figure 8.1. Researchers will grant relevant permissions. After
granting expert permissions, users can upload design projects and rate them

on the website.

ZAXITNERSR

Figure 8.1 Registration Page

One of the core design concepts of this system is multi-role user design,
including four roles, ordinary users, expert users, staff users, and superusers,
to meet the needs of different user groups. This layered design not only
reflects the refined management of user permissions and functional access in
the system but also helps to ensure the security of data and the fairness of the

evaluation process, as shown in Figure 8.2.
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VIEW SITE / CHANGE PASSWORD / LOG QUT

Figure 8.2 User Permission Setting Function

As shown in Figure 8.3, the AiDE system adopts a simple and clear design
style, using a dark background with white text and icons to highlight key
information and reduce visual interference effectively. The main functional
modules, such as the homepage, user upload, and gallery, are clearly visible,
making it easy for users to locate the required functions quickly. This design
not only improves the usability of the system but also reflects the emphasis on

user experience.

i D E (=0 BrLttE [
Home User Upload Gallery

AT R T @

AP LE

User Upload

Figure 8.3 User Interface Design
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Figure 8.4 shows the user upload interface, which supports image upload and
text description input. This interactive form reflects the multimodal data
input function of the system. This design helps to capture the visual and
conceptual features of product design, providing more comprehensive data

support for subsequent evaluations.
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Figure 8.4 The User Upload Design Project Interface

The visualization display of evaluation results is another important feature of
the AiDE system. As shown in Figure 8.5, the system utilizes data
visualization techniques such as radar charts and bar charts to visually
display evaluation results from multiple dimensions, including design,
technology, market, investment, and media. Prediction (green) is the
algorithm rating. Rating (yellow) is the rating given by human experts. This
multidimensional visualization display helps users quickly understand the
evaluation results and facilitates multidimensional comparisons, providing

dedicated support for design decisions.
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Figure 8.5 Visualization of Rating Results

The system is designed with two modes, expert rating, and machine rating,
reflecting the evaluation concept of human-machine collaboration. Figure 8.6
shows the expert rating interface, where experts can rate products based on
dimensions. This design utilizes the efficiency and consistency of Al and
retains the professional judgment of human experts, which is expected to

improve the accuracy and credibility of evaluations.

ing Area

Figure 8.6 Expert rating process
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Figure 8.7 shows the gallery interface of the AiDE system. The gallery
highlights multiple product design works; each presented as images with
titles and author information. The search bar at the top of the interface allows
users to search for specific works by keywords or dates, improving the

usability and efficiency of the system.

Qi DE Em FiF L L
Home User Upload Gallery
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Figure 8.7 Gallery

The system uses clear icons and labels to represent distinct functions like
viewing details, expert ratings, and machine ratings. This design helps users
understand the scope of Al system capabilities and conforms to the design
principles of helping users understand Al functions. The system provides
options for rating and deleting products, emphasizing collecting, organizing,

and utilizing user feedback, an essential aspect of Al system design.

As shown in Figure 8.8, the system clearly labels the machine rating options,

allowing users to know when to use Al for evaluation. This transparency
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helps establish user trust and complies with the design principles of

explainable artificial intelligence.

Great Heat
Liao Shaomin

Figure 8.8 Machine Rating icon

Figure 8.9 represents the expert rating function. The interface provides two
options: expert rating and machine rating, reflecting the evaluation method
that combines human professional knowledge with Al capabilities. This
design reflects the principle of integrating human expertise and Al
capabilities in decision-making. By providing different rating options and
clear functional labels, the system strives to improve its interpretability,

which helps establish user trust in the Al system.

Great Heat
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-

Figure 8.9 Expert Rating icon
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As shown in Figure 8.10, the interface provides the option to delete products.
The icon features a red and trash can pattern, with a reminder artwork. This
indicates that users have a certain degree of control over the system content.

This is an important aspect of user-centered Al design.

Great Heat
Liao Shaoping

.l;i. . “- -

delete product

Figure 8.10 Delete Product icon

This multimodal data display method helps to comprehensively capture the
product design's visual and conceptual features, providing more
comprehensive data support for subsequent evaluations. Users can enter the
detailed evaluation page by clicking on the work, reflecting the hierarchical

design of the system.

In terms of system management, as shown in Figure 8.11 and Figure 8.12,
AiDE has designed a backend management system based on Django. This
design helps researchers to manipulate and manage data such as product

design works and ratings. This design also facilitates data maintenance and
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system management for administrators, providing convenience for collecting

and analyzing research data.

Django administration
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Figure 8.11 Backend Login
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Figure 8.12 Backend Management

Overall, the design philosophy and interface layout of the AiDE system
emphasize simplicity, visualization, and user-friendliness. This is all based on
previous research, Study 1- Study 4. Its interaction design simultaneously
considers advanced concepts such as multi-role requirements, multimodal
data processing, and human-machine collaboration evaluation. This design is
suitable for practical applications in product design evaluation and provides
powerful tool support for related academic research. By integrating artificial
intelligence technology with traditional design evaluation methods, the AiDE
system provides new possibilities for innovation and development in product
design. It is expected to promote the progress of design evaluation methods

and design quality improvement.
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8.2.1.2 Website Function Implementation

AiDE is a web platform for product data collection and expert and artificial
intelligence scoring. The system architecture is shown in Figure 8.13, adopting
a modern front-end and backend separation design pattern. This combination
can provide an efficient user interface and powerful data processing
capabilities. The front-end framework uses Vue.js, a progressive JavaScript
framework for building user interfaces. The front-end design of this platform
includes four main modules: Machine Rating, Expert Review, Gallery, and
User Upload. This modular design reflects the system's pursuit of

user-friendliness and functional clarity.

Database

request

Vué‘js response
Front End Back End

TCP conncetion

Gallery R
: e
Client ]

Machine Learning

Figure 8.13 Website Framework

During the User Upload process, the system transmits information as form
data. This method can effectively encapsulate complex product information,
including text and image data. The Django backend achieves efficient data
storage and processing by parsing frame structures while generating
thumbnails, which helps optimize system performance and user experience.
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The design of the Gallery module adopts a pagination display method. This
method can effectively manage a large amount of product data and improve
page loading speed and user experience. The backend returns information for
nine products at once. This batch-processing method can reduce server load
and improve system response speed. The Expert Review module embodies
the evaluation concept of human-machine collaboration. The system provides
comprehensive product information, allowing expert users to evaluate
products from multiple dimensions (design, technology, market, investment,
and media). This multidimensional evaluation method is consistent with the

current research trend in product design and evaluation.

The Machine Rating module demonstrates the application of artificial
intelligence in product evaluation. The system can automatically rate multiple
dimensions of the product, which not only improves evaluation efficiency but
also provides users with objective reference standards. Visualizing the results
helps users better understand and compare the evaluation results. The
server-side implementation utilizes Django, an advanced web development
framework based on Python known for its ability to facilitate rapid
deployment of secure and scalable web applications. The system is deployed
on Tencent Cloud servers configured with four cores and 16GB of memory,

which can meet the needs of medium-sized web applications.

In terms of data storage, AiDE uses MySQL relational database and adopts a
non-distributed storage method considering the current data volume. The
front-end and back-end data exchange is achieved through the HTTP protocol,
the most used data transmission protocol for web applications. This
architecture design reflects user experience, system performance, and

scalability considerations. The system can provide a more flexible user
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interface and efficient data processing capabilities by adopting a front-end
and back-end separation architecture. Meanwhile, choosing mainstream
technology stacks, Vue.js, Django, and MySQL, is also beneficial for system
maintenance and future expansion. The design and development of the AiDE
platform fully utilizes modern web technology and artificial intelligence
algorithms, providing a comprehensive solution for product data collection
and evaluation. This method, which combines manual expert evaluation and
machine automatic scoring, has the potential to bring new research directions
and practical applications to the field of product design and evaluation. In
addition, the design philosophy of the AiDE platform reflects the application
of human-machine collaboration in design evaluation. By combining machine
scoring and expert review, the system has the potential to provide more
comprehensive and objective product evaluation results, which is in line with

the current research trend of artificial intelligence-assisted design.

Overall, the design and architecture of the AiDE platform reflect adherence to
best practices in modern web application development, as well as innovative
attempts to integrate artificial intelligence technology in the field of design

evaluation.

8.2.2 Human-machine Comparison Experiment Design

This study adopts a mixed method design, combining quantitative and
qualitative data collection techniques, aiming to evaluate the accuracy of the
Al-assisted product design evaluation system (AiDE) evaluation results. The
experimental design includes participant selection, experimental process, and

human-machine comparison rating.
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8.2.2.1 Participant Selection and Recruitment

The experimental participants were divided into two main groups: the
product design group and the evaluation group. The product design team
comprises junior students majoring in product design, and this selection
criterion ensures that participants have sufficient professional knowledge to
complete the task. The evaluation team comprises design experts with over
four years of work experience. The recruitment process for experts utilized
social media groups and professional networks. This stratified sampling and

recruitment strategy helps ensure the typical diversity of the sample.

8.2.2.2 Experimental Process

The experimental process consists of two main stages: the product design
stage and the evaluation stage. Figure 8.14 shows the overall experimental

process of this study.
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Figure 8.14 Experimental Process

In the product design stage, student participants are required to create design
works based on wearable product design as the theme. Then, upload the

design project, including renderings and specifications, to the AiDE platform.

During the evaluation stage, expert participants log in to the AiDE platform
to rate student works from multiple dimensions, as shown in Figure 8.15. The
scoring dimensions include five key aspects: design, technology, market,
investment, and media. The expert rating adopts a sliding bar format with a

range of 0-100 points, which allows evaluators to give precise scores.
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Figure 8.15 Experimental Procedures

8.2.2.3 Human-machine Comparison Rating

The AI evaluation algorithm of the AiDE platform adopts multimodal data
analysis technology to process the effect drawings and design specifications
uploaded by students. This method allows the system to capture product
features comprehensively. AI models may also incorporate expert rating data
for training and optimization, which reflects the current research trend of

Al-assisted design.

The rating results are visualized through radar charts, which intuitively
present the product's performance in various dimensions. The interface also
displays rating records, including the evaluators' usernames and specific
scores for each dimension, increasing the transparency and traceability of the
evaluation process. It is worth noting that the AiDE platform supports

manual evaluation and integrates artificial intelligence-assisted evaluation
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functions. This design reflects the widespread application trend of artificial

intelligence technology in intelligent manufacturing.

8.2.3 Evaluation Indicators

This study will use the evaluation metrics used in Section 6.2.3, Performance
Metrics from Chapter Six, to compare and analyze human and artificial

intelligence ratings. These indicators include the following.

® Binary classification accuracy (ACC): This indicator evaluates the model's
overall performance in classification tasks, reflecting the proportion of

correctly classified samples.

® Spearman rank correlation coefficient (SRCC): a non-parametric measure
used to evaluate the ranking correlation between two variables,
particularly suitable for assessing the ranking consistency between model

predictions and human scores.

® Pearson Linear Correlation Coefficient (PLCC): This indicator measures
the degree of linear correlation between model predictions and human

scores, reflecting the overall trend consistency.

® Root Mean Square Error (RMSE): This indicator reflects the average
deviation between model predictions and actual values and is more

sensitive to larger errors.
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® Mean Absolute Error (MAE): This indicator measures the average
absolute difference between the predicted value and the actual value of

the model and is less sensitive to outliers.

The comprehensive use of these indicators will enable a comprehensive
evaluation of the performance differences between artificial intelligence
models and human experts in product design evaluation tasks. This method
not only checks classification accuracy but also focuses on ranking
consistency and numerical accuracy of scores. Through these
multidimensional comparisons, Study 4 can better understand the advantages
and limitations of artificial intelligence models in simulating human
evaluation processes, providing key evidence for further improving

Al-assisted design evaluation tools.

8.3 Results

This study adopts a mixed method design, combining quantitative and
qualitative data collection techniques, to evaluate the effectiveness of an

Al-assisted product design evaluation system.

8.3.1 Website Usage Data Analysis

Based on the usage data and experimental statistics of the AiDE platform, this
study conducts an in-depth analysis of participants' behavior patterns and

user experience.

8.3.1.1 Participants and Sample
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The AiDE platform recruited 129 users to participate in the experiment,
including students from the product design group and experts from the
evaluation group. The platform collected 61 design works, and 68 designers

gave 1075 ratings, as shown in Figure 8.16 and Figure 8.17.
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Figure 8.17 Number of Ratings

Each project has a maximum of 48 ratings, a minimum of 15 ratings, and an
average of 20 ratings. This multi-person review method can more
comprehensively capture various aspects of creativity, improving the
reliability of the rating. Figure 8.18 shows one of the design projects as a

rating sample.
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Figure 8.18 Rating Sample

8.3.1.2 Analysis of Exports Rating Behavior

According to experimental record data, online reviewers rate design projects
at 3-5 per minute. The rating data of the AiDE platform (1075 ratings from 68
designers) reflects similar high efficiency. This rapid scoring method helps to

filter out the most promising ideas.

The system has designed different user roles, including regular users, expert
users, and administrators. This layered design reflects refined management of
user permissions and functional access, which helps ensure data security and
fairness in the evaluation process. The evaluators of the AiDE platform are
design experts with work experience, which may improve the professionalism

and reliability of the scoring.
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The rating interface adopts a sliding bar form, with a range of 0-100 points,
which allows evaluators to score accurately. The scoring dimensions include
five aspects: design, technology, market, investment, and media, reflecting a
comprehensive product evaluation. This multidimensional evaluation method
has certain similarities with other dimensions used in research, such as

creativity, clarity, novelty, practicality, and product value.

8.3.1.3 User Interface and Interaction Design

The interface design of the AiDE platform is simple and clear, with a dark
background and white text, effectively reducing visual interference and
improving user experience. The main functional modules (such as homepage,
user upload, and gallery) are clearly visible, making it easy for users to locate
the required functions quickly. The gallery interface adopts a grid layout to
display design works, with each work presented in thumbnail form and
accompanied by title and author information. This design facilitates users to

browse and compare multiple works quickly.

8.3.1.4 Human-machine Collaboration Evaluation

The system supports manual evaluation and integrates the Al evaluation
function. This design reflects the widespread application trend of artificial
intelligence technology in intelligent manufacturing and is expected to
improve the efficiency and objectivity of evaluation. Multimodal data input
(image upload and text description) helps comprehensively capture product

design's visual and conceptual features.
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The comparison results between machine scoring and manual scoring can be
divided into three categories: similar human-machine rating results, average
performance of human-machine rating results, and significant differences in
human-machine rating results. As shown in Figure 8.19, the machine rating is
highly consistent with the export rating in a sample with reliable performance.
Prediction (green) is the algorithm rating. Rating (yellow) is the rating given
by human experts. The results indicate that, in respects, artificial intelligence
models have been able to simulate human experts' evaluation criteria
accurately. This high consistency may occur in more objective evaluation

dimensions, such as technical or functional indicators.
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Figure 8.19 A Sample of Similar Human-machine Rating Results

The sample with average performance (Figure 8.20) shows a certain difference
between machine and manual scoring, but the overall trend is similar. This
situation reflects that there is still room for improvement in certain evaluation
dimensions of artificial intelligence models, which may require more training

data or complex algorithms to improve accuracy.
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Figure 8.20 A Sample of Average Performance

The cases with deficient performance reveal a significant difference between
machine scoring and manual scoring, as shown in Figure 8.21. This difference
may occur in highly subjective or evaluation dimensions that require a deep
understanding of design concepts, such as innovation or aesthetic value. This
reflects the challenges that artificial intelligence still faces when dealing with

complex and abstract evaluation tasks.
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Figure 8.21 A Sample of Significant Differences

This comparative analysis not only helps to intuitively understand the current
capabilities and limitations of artificial intelligence in product design
evaluation but also points out the direction for future research. Researchers
can conduct in-depth analyses of the reasons for deficient performance cases
and improve algorithms or evaluation methods to enhance the performance

of artificial intelligence in complex evaluation tasks.

8.3.2 Comparative Analysis of Human-machine Ratings

The AiDE platform adopts a multidimensional evaluation method, including
five dimensions: design, technology, market, investment, and media. This
multidimensional evaluation method helps to measure all aspects of product

design comprehensively. The specific scoring results are shown in Table 8.1.
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Table 8.1 Results of Human-machine Rating

Item ACC SRCC PLCC RMSE MAE
design 0.3773 0.0705 0.1761 31.5657 28.8456
technology 0.7358 0.0851 0.0488 19.1562 16.4274
market 0.6603 0.2568 0.2910 22.9812 20.3050
investment 0.6226 -0.0333 -0.1006 23.4419 19.1249
media 0.6792 0.0699 0.1040 19.8676 16.6774

In terms of scoring accuracy, Al models perform differently in different
dimensions. Overall, the technology dimension has the highest accuracy,
reaching 73.58%, while the design dimension has the lowest accuracy, only
37.73%. This may reflect the strong subjectivity of design evaluation, and Al
models still face challenges when dealing with highly subjective evaluation

tasks.

Correlation analysis shows that the correlation between AI models and
manual ratings is weak in most dimensions. The market dimension's
Spearman rank correlation coefficient (SRCC) is the highest, at 0.2568,
indicating that the ranking consistency between AI models and manual
scoring is good. However, the SRCC of the investment dimension is negative
(-0.0333), indicating that there may be a certain degree of contradiction

between Al models and manual scoring in this dimension.

Regarding error analysis, the root means square error (RMSE) and mean
absolute error (MAE) of the design dimension are the highest, at 31.5657 and
28.8456, respectively. This further confirms the difficulties AI models face in

evaluating the highly subjective dimension of design. In contrast, the errors in
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the technology and media dimensions are lower, indicating that AI models

perform better in these objective dimensions.

It is worth noting that there are differences in the performance of
human-machine comparison results when evaluating products with and
without functionality. The functional product samples are shown in Figure
8.22, including electronic products, vehicles, etc. Figure 8.23 shows a sample
of non-functional products. This type of product includes fashion products

such as jewelry.
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Figure 8.22 A Sample of Functional Product
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Figure 8.23 A Sample of Non-functional Product
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Table 8.2 shows the comparison results of human-machine ratings for
functional products. In the evaluation of functional products, the accuracy of

the media dimension is as high as 85.71%.

Table 8.2 Results of Human-machine Rating for Functional Products

Item ACC SRCC PLCC RMSE MAE
design 0.514285714 | -0.21753747 | -0.116970255 | 29.7423058 | 26.63186837
technology | 0.714285714 | 0.176355232 | 0.177383346 | 21.42955329 | 18.91702602
market 0.714285714 | -0.010505673 | 0.056157111 | 23.11983584 | 19.95404665
investment | 0.571428571 | 0.00322174 | -0.079814614 | 27.97920861 | 23.1542911
media 0.857142857 | -0.411402157 | -0.452362001 | 17.08956575 | 14.07329661

The comparison results of human-machine ratings for non-functional
products are shown in Table 8.3. In evaluating products without functionality,
the accuracy of this dimension is only 33.33%. This may reflect the impact of

product functionality on the performance of AI model evaluation.

Table 8.3 Results of Human-machine Rating for Non-functional Products

Item ACC SRCC PLCC RMSE MAE
design 0.111111111 | 0.170278638 | 0.240464245 | 35.32941189 | 33.54381251
technology | 0.777777778 | 0.015479876 | 0.067766167 | 13.79906049 | 11.70616072
market 0.555555556 | 0.391124871 | 0.462762767 | 22.62252084 | 20.77760949
investment | 0.722222222 | 0.131062951 | 0.149759655 | 14.86818541 | 12.62012955
media 0.333333333 | 0.327141383 | 0.213224408 | 24.38064548 | 21.75050756

Overall, the AI evaluation model of the AiDE platform performs well in
certain dimensions, such as technology and market. However, there is still

room for improvement in highly subjective dimensions, such as design. This
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result reflects Al's potential and challenges in product design evaluation
while emphasizing the importance of human-machine collaborative

evaluation.

8.4 Artificial Intelligence Algorithm Optimization

This study conducted algorithm optimization research based on the results of
the first human-machine comparison experiment. Select 60 products from the
newly uploaded data, of which 44 are for training, and 16 are for testing. Of
these 16 test items, eight are functional, and eight are non-functional. The
purpose of this study is to explore further how to improve the performance of
Al models in subjective evaluation tasks and to integrate Al and expert
evaluations better to obtain more comprehensive and accurate product design

evaluation results.

Figure 8.24 shows the core part of the machine learning training loop written
in Python in this study. The code implements a typical deep learning training
process, which includes key steps such as model training, evaluation, and
saving. Specifically, the code uses a for loop to iterate through training epochs,
executing the training and evaluation functions in each epoch for model
training and evaluation, respectively. This design reflects the commonly used
training validation pattern in machine learning, which helps monitor model
performance and prevent overfitting. In addition, the pandas Data Frame was
used during the algorithm optimization process to store and process the
results, facilitating subsequent data analysis and visualization. This code
embodies key elements in modern deep learning practices, including model
training, evaluation, result recording, and model preservation, providing a

foundation for improving evaluation accuracy.
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Figure 8.24 Machine Learning Training

Figure 8.25 shows the log output of the machine-learning model training
process, reflecting the performance indicators of the model in multiple
evaluation dimensions as they vary with training epochs. The figure contains
experimental configuration information and multi-round training evaluation
results, reflecting the commonly used iterative optimization process in
intelligent systems. In terms of experimental setup, the log shows that the test
set size is 9, and the complete training set was used for training. This
configuration helps evaluate the generalization ability of the model, which is
in line with the current emphasis on model reliability in intelligent
manufacturing research. Performance indicators include accuracy (ACC),
Spearman rank correlation coefficient (SRCC), Pearson correlation coefficient
(PLC), root mean square error (RMSE), and mean absolute error (MAE). These
indicators comprehensively reflect the performance of the model in different

evaluation dimensions (design, technology, market, investment, and media).
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Figure 8.25 Log Output

Figure 8.26 shows the detailed logs of the machine-learning model during the
evaluation phase. This log reflects the real-time progress and performance
metrics of model evaluation, which is crucial for understanding and
optimizing machine learning models in intelligent manufacturing systems.
The log shows that the evaluation process is divided into 14 steps, and each
step's completion percentage and time consumption are accurately recorded.
This fine-grained progress tracking helps researchers monitor the efficiency of
model evaluation and identify potential performance bottlenecks. The
processing speed of each evaluation step (in samples per second) varies as the
evaluation process progresses, gradually increasing from an initial 16.17
samples per second to a final 4.71 samples per second. This speed variation
reflects certain data batch processing or model computation characteristics,
providing clues for further optimizing the evaluation process. At the end of
the log, specific performance indicators of the model in the "design"

dimension are also included, such as accuracy (ACC), Spearman rank
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correlation coefficient (SRCC), and Pearson correlation coefficient (PLCC).
The accurate recording of these indicators is crucial for evaluating the model's
performance in product design evaluation tasks. The performance of models
varies in different dimensions. For example, in the technology dimension,
SRCC and PLCC show negative values, which may reflect the dimension

evaluation's complexity or the data features' specificity.
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Figure 8.26 Training and Validation

This study provides an important basis for optimizing model performance
and understanding the relationship between evaluation indicators through
multiple training rounds and multidimensional evaluation. The optimized
test metrics are shown in Table 8.4. The optimized Al model shows significant
performance improvements in multiple evaluation dimensions. The
improvement is particularly significant in the three indicators of

accuracy (ACC), root mean square error (RMSE), and mean absolute error
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(MAE). This comprehensive performance improvement reflects the

effectiveness of the model optimization strategy.
Table 8.4 Optimized Human-machine Rating Results
Item ACC SRCC PLCC RMSE MAE

design 0.823529412 | 0.452483224 | 0.581900317 | 8.895765009 | 7.697040846

technology | 0.705882353 | 0.598039216 | 0.581334071 | 9.37186168 | 8.03707503

market 0.647058824 | 0.431372549 | 0.447508422 | 9.817422569 | 7.90984256

investment | 0.764705882 | 0.541666667 | 0.487416381 | 9.843799728 | 8.279466702

media 0.705882353 | 0.652360638 | 0.647872418 | 7.24637821 | 6.538562864

The accuracy of the design dimension has significantly increased from 37.73%
before optimization to 82.35%, RMSE has decreased from 31.5657 to 8.8958,
and MAE has decreased from 28.8456 to 7.6970. This significant improvement
indicates that the optimized model manages highly subjective design
evaluation tasks better. Regarding technology, although the accuracy has
slightly decreased (from 73.58% to 70.59%), both SRCC and PLCC have
improved. This indicates that the optimized model performs better in rating
ranking and linear correlation, although slightly reduced in binary

classification tasks.

In addition, Table 8.5 and Table 8.6 indicate that the optimized model
performs well in functional and non-functional product evaluations.
Especially in the evaluation of non-functional products, the accuracy of all
dimensions reaches or exceeds 83.33%, and SRCC and PLCC are higher than
0.8. This result indicates that the model can be generalized when dealing with
different product evaluation tasks. However, the research results also showed

significant negative SRCC and PLCC in certain dimensions, such as the
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technology dimension, indicating that there may be an inverse relationship

between the model's rating prediction in these dimensions.

Table 8.5 Optimized Results for Functional Products

Item ACC SRCC PLCC RMSE MAE
design 0.904761905 | 0.678659698 | 0.65974527 | 6.133617631 | 4.611158803
technology | 0.833333333 | 0.645247549 | 0.640607763 | 6.635089331 | 5.156353716
market 0.857142857 | 0.695919939 | 0.655885887 | 6.609763854 | 4.521013239
investment 0.80952381 | 0.643815081 | 0.604114141 | 6.896801554 | 5.163729377
media 0.833333333 | 0.700700945 | 0.709282884 | 4.956727126 | 3.882701165

Table 8.6 Optimized Results for Non-functional Products

Item ACC SRCC PLCC RMSE MAE
design 0.833333333 | 0.91744066 | 0.867148493 | 3.872711372 | 3.257800789
technology | 0.888888889 | 0.933952528 | 0.918987614 | 4.159852941 | 3.532600358
market 0.833333333 | 0.820433437 | 0.848888446 | 4.241288242 | 3.308385216
investment | 0.888888889 | 0.882352941 | 0.87585221 | 3.842327161 | 2.967936576
media 0.944444444 | 0.872033024 | 0.869814857 | 3.398832723 | 2.763159144

The optimized AI model has shown significant performance improvements

on the AiDE platform, particularly in accuracy, error control, and correlation.

These improvements enhance the model's reliability in product design

evaluation tasks and provide dedicated support for further optimization and

application. Future research can delve into the performance differences of

models in specific dimensions to further enhance the overall effectiveness of

Al-assisted product design evaluation.
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8.5 Summary and Discussions

In design evaluation experiments, research increasingly focuses on the
collaboration between humans and artificial intelligence (Chong et al., 2022).
The study emphasizes the importance of human designers effectively
utilizing artificial intelligence input to achieve success (Chong et al., 2022) .
Human abilities and confidence are crucial in working with artificial
intelligence systems (Chong et al, 2022) . Challenges may arise when
integrating non-human agents such as Al into the design process and teams,
highlighting the need to address key issues of seamless human-Al

collaboration(Figoli et al., 2022).

Jiang et al. (2022) proposed the need for a comprehensive framework to
combine artificial intelligence capabilities with context-aware techniques to
enhance collaborative performance. This study is crucial for understanding
the role of context in design evaluation experiments involving artificial
intelligence and human designers (Jiang et al., 2022) . Rezwana's (2022)
research provides insights into user perception and collaborative experience
in human-computer interaction design, providing valuable knowledge for
developing effective co-creation systems in various fields. The ethical
considerations of co-creation between humans and artificial intelligence have
been discussed. Rezwana and Maher (2022) identified and discussed the
ethical issues that may arise when artificial intelligence becomes a partner in
collaborative efforts. They believe ethical implications must be carefully
considered to ensure responsible and effective design practices in human-AI
collaboration (Rezwana & Maher, 2022). Verganti et al. (2020) have explored
the transformative impact of artificial intelligence on innovation and design
processes, emphasizing the user-centered nature, creativity, and continuous

learning capabilities that Al brings to the design field.
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A study introduced an evaluation model based on fuzzy dual experience. This
model combines engineering design with customer response, demonstrating
how this approach enhances the product development experience and creates
value through customer engagement (Chen, 2016). It provides a structured
framework for evaluating design solutions that meet engineering
requirements and customer preferences, highlighting the importance of a
comprehensive approach in design evaluation (Chen, 2016) . The
participatory meaning construction in abstract painting has been studied,
which can provide research references for the design of collaborative systems
involving artificial intelligence and human creators (Davis et al., 2016) . A
collaborative framework for human-Al interaction in data-driven text
generation has been proposed, emphasizing the importance of designing
machine learning systems that prioritize end-user control scenarios in model

development (Strobelt et al., 2022).

The human-centered design approach in artificial intelligence systems is
crucial for ensuring effective collaboration and user satisfaction (Strobelt et
al., 2022). Karimi et al. (2018) proposed a framework for evaluating creativity
in systems where computers and human users collaborate to complete
creative tasks, exploring the issue of creativity assessment in computational
co-creation systems. Linsey et al. (2007) have studied the impact of
analogical product descriptions on designers' problem-solving abilities,
demonstrating the influence of language and representation on design
outcomes. A study delved into the neural responses of experiential product
design and its relationship with personalized preferences, providing insights
for product design evaluation based on personal preferences and neural

processes (Ma et al., 2018) . The proposal of a collaborative learning model
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between humans and artificial intelligence in urban search and rescue
missions demonstrates the potential of AI to improve learning and

performance outcomes in complex tasks (Schoonderwoerd et al., 2022).

The design evaluation experiment's comprehensive collaboration between
humans and artificial intelligence highlights the intricate interplay between
human creativity, artificial intelligence capabilities, and ethical considerations.
By utilizing insights from research exploring the dynamic interaction between
humans and artificial intelligence, researchers in the design field can develop
algorithmic models to evaluate design solutions. These design solutions
leverage the advantages of human designers and artificial intelligence
systems. This collaborative approach improves the efficiency and
effectiveness of the design process, providing a feasible pathway for
integrating Al-driven innovation with ethical design practices. This method
not only improves the efficiency of the design process but also provides new
ways of addressing ethical and social issues brought about by artificial

intelligence.

This study explores the potential application of artificial intelligence in
product design evaluation by developing and implementing the AiDE
platform. The experimental results reveal the advantages and limitations of
Al models in design evaluation tasks, highlighting the importance of
human-machine collaboration in improving evaluation quality. The user
interface design of the AIDE platform adopts a concise and clear style,
effectively reducing visual interference and improving user experience. The
design of multimodal data input and visualized scoring results reflects the
latest trends in product design evaluation. However, the potential impact of

interface design on manual scoring still needs further research. For example,
227



although the sliding bar scoring method allows precise scoring, it may lead
raters to focus too much on numerical values and ignore the overall
impression. Future research can explore how to improve the accuracy and
consistency of scoring by improving GUI design, such as introducing more

intuitive scoring methods or providing richer reference information.

The experimental results demonstrate the potential of human-machine
collaboration in product design evaluation research. AI models perform well
in specific dimensions, such as technology and market, but there is still room
for improvement in highly subjective dimensions, such as design. This
difference reflects the advantages of Al models in handling objective
indicators and the limitations of understanding abstract concepts and
innovation. The human-machine collaboration evaluation method has the
potential to bridge this gap by combining the high efficiency of Al with the
insights of human experts. Future research should delve into the learning
mechanism of Al models, clarify the boundaries of their evaluation
capabilities, and study how to effectively integrate Al scoring and manual

scoring to optimize the product design evaluation process.

This study provides important theoretical contributions to artificial
intelligence-assisted product design evaluation. Firstly, it demonstrates the
potential of multimodal deep learning in design evaluation, providing
innovative ideas for building more comprehensive and accurate evaluation
models. Secondly, by comparing the rating results of AI models and human
experts, this study reveals the complexity and necessity of human-machine
collaboration in design evaluation, laying the foundation for establishing a
more effective human-machine collaboration evaluation framework. Finally,

the evaluation method and indicator system proposed in this study provide
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reliable reference standards for future research. Future research directions

include the following points.

® Expanding sample size and diversity to improve the model's

generalization ability.

® Optimize website functionality by introducing more interpretable

human-computer interaction designs to enhance user experience.

® Deeply exploring the interpretability of Al models and improving

evaluation results' credibility.

® Research how to integrate Al and human scoring more effectively,

leveraging their strengths.

® Exploring the long-term impact of Al-assisted evaluation on design

education and practice.

This study also has limitations. Firstly, the limited sample size may affect the
generalizability of the results. Secondly, there is room for optimization in GUI
design and website functionality, such as improving system response speed
and adding more interactive features. In addition, the performance of Al
models in handling highly subjective evaluation dimensions still needs
improvement. However, the results of Study 4 provide an important

foundation for the next stage of research (Study 5). Study 5 will focus on
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verifying the practical application value of Al-assisted evaluation tools and

exploring designers' acceptance of Al evaluation results.

In summary, this study provides new insights and methods for applying
artificial intelligence in product design evaluation through developing and
implementing the AiDE platform. It reflects the latest trends in product
design evaluation. It provides rich directions and ideas for future research,
which is expected to promote the progress of design evaluation methods and

improve design quality.

Study 4 verifies the evaluation performance of the AiDE and explores the
possibility of human-machine collaborative evaluation by designing and
implementing a human-machine comparative evaluation experiment. The
experimental results verify the AI model's effectiveness and provide
important input for the prototype verification study (Study 5). Although the
experiment may have certain limitations, its results offer key insights into
understanding the application value of Al in actual design evaluation. Study
4 lays the foundation for the prototype verification study in the next chapter,
making it possible to explore Al tools' applications in actual design

environments further.
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Chapter 9. Study 5- Prototype Validation Research

This chapter introduces a prototype validation study that aims to delve into
the user experience and satisfaction of the AiDE. Through a mixed method
(questionnaire and structured interviews), Study 5 takes a deep dive into user
experience and satisfaction with the Al-assisted design evaluation tool. By
collecting user feedback on the model's prediction results, Study5 aims to gain
a more comprehensive understanding of the system's strengths and
limitations, providing an important basis for future optimization and
improvement while evaluating the system's application value and acceptance
in the actual product design process. The research results of this chapter will
lay a solid foundation for the further improvement and promotion of the
AiDE system and provide important empirical references for the application

of artificial intelligence in product design evaluation.

9.1 Introduction

This study aims to develop and validate an Al-assisted product design
evaluation system through in-depth exploratory research. In the preliminary
research, researchers identified the needs of designers for Al tools (Study 1),
constructed a multimodal product design dataset (Study 2), and designed and
implemented an Al evaluation model based on deep learning (Study 3). Study
4 evaluated the accuracy and reliability of the AI model through
human-computer comparison experiments, and the results showed that the
Al model performed well in certain evaluation dimensions. However, there is
still room for improvement in highly subjective dimensions. In artificial

intelligence (Al), it is crucial to ensure the effectiveness and usability of Al
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models before deploying them in real-world scenarios. A key aspect of this
process is prototype validation. It involves rigorous evaluation to ensure the
reliability and generality of artificial intelligence models (Levman et al.,

2023).

Anggraini  (2022) emphasized that expert validation is crucial in the
prototype validation process. Expert review provides valuable insights into
the design and functionality of artificial intelligence models, helping to
identify potential weaknesses, inaccuracies, or biases that may be overlooked
during the development phase. Prototype evaluation by domain experts
affords developers holistic insights into design merits and constraints, thereby
facilitating data-driven refinement strategies. Li (2023) focuses on the
usability evaluation and enhancement of artificial intelligence frameworks,
emphasizing user-centered design principles' importance in optimizing Al
features and interactions. By prioritizing user feedback and incorporating
usability evaluation strategies into the development process, developers can
create Al systems that are intuitive, user-friendly, and meet user expectations
and preferences. This user-centered approach to artificial intelligence design
and evaluation helps ensure that AI technology meets the needs and

requirements of its target users, improving its usability and acceptance.

As emphasized by Cerqueira et al. in their 2022 work, ethical considerations
also play a significant role in the development and evaluation of artificial
intelligence (Cerqueira et al.,, 2022) . By adopting design science research
methods and incorporating ethical needs into the prototype development
process, researchers can ensure that artificial intelligence systems adhere to
ethical guidelines and principles. Actively addressing ethical issues in

artificial intelligence development can help mitigate potential risks while
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promoting responsible innovation, thereby avoiding unexpected outcomes
and ethical dilemmas. Alufaisan et al. (2020) delved into the impact of
explainable artificial intelligence on human decision-making, emphasizing the
importance of interpretability, trustworthiness, and availability in artificial
intelligence systems. By enhancing the interpretability of AI models and
ensuring that users can understand and trust the decisions made by these
systems, developers can improve user acceptance and decision outcomes.
This focus on interpretability and usability highlights the crucial role of
transparency and user-friendliness in artificial intelligence systems,

particularly in human decision-making applications.

In summary, prototype validation and usability evaluation are critical to
developing artificial intelligence models and systems. Developers can create
dependable, effective, and user-friendly Al technologies by following strict
validation processes, integrating expert feedback, and prioritizing
user-centered design principles. Ethical considerations, usability standards,
and interdisciplinary collaboration play a crucial role in ensuring that
artificial intelligence systems meet the needs and expectations of users in
various fields. Through comprehensive evaluation methods and a focus on
usability, artificial intelligence developers can improve the availability and
effectiveness of Al systems, contributing to their successful deployment and

adoption in practical applications.

Based on the findings of previous research (Study 1-Study 4), Study 5 aims to
validate further the prototype of the Al-assisted product design evaluation
system and gain a deeper understanding of user experience and satisfaction.
This research stage is crucial for evaluating the system's practical application

value and acceptance. By collecting user feedback on the model's prediction
233



results, this study can gain a more comprehensive understanding of the
system's strengths and limitations, providing an important basis for future

optimization and improvement.

9.2 Methods

Study 5 adopts a mixed research approach in this validation phase, combining
questionnaire surveys and structured interviews. This method can collect
quantitative data to evaluate the overall performance of the system, as well as
explore users' subjective experiences and insights through qualitative data.
Questionnaire surveys can obtain users' overall evaluations of the system. At
the same time, structured interviews can capture more subtle user feedback
and suggestions, which helps to understand users' needs and expectations.
Through this comprehensive verification method, this study aims to
comprehensively evaluate the practicality and effectiveness of Al-assisted
product design evaluation systems, laying a solid foundation for future

system optimization and promotion applications.

9.2.1 Questionnaire

This study distributed questionnaires to 129 users who participated in the
human-machine comparison experiment in the previous chapter and had
experience using the AiDE platform. The questionnaire consists of Likert scale
scoring questions and open-ended questions. This structural design allows
researchers to collect quantitative and qualitative data to fully understand
designers' attitudes and opinions on Al-assisted design evaluation tools. The
questionnaire uses a 5-point Likert scale ranging from -2 to 2. This design
allows respondents to express different degrees of agreement or disagreement
(Fujii et al., 2020).

234



The questionnaire contains the following main parts: Al Evaluation Trust
Scale, Al Evaluation Tool Use Willingness Scale, and open-ended question
design. The AI Evaluation Trust Scale contains ten questions designed to
assess designers' trust in the application of Al in conceptual design evaluation.
The questions cover aspects such as familiarity with Al, willingness to use,
and views on Al accuracy. The Al Evaluation Tool Use Willingness Scale
contains seven questions that assess designers' willingness to use Al
evaluation tools. The questions cover time efficiency, innovation, and
willingness to learn new tools. The open-ended questions contain five
open-ended questions designed to collect designers' in-depth insights and
suggestions on the application of Al in design evaluation. The design of
open-ended questions allows respondents to express their ideas freely,

providing rich qualitative data.

9.2.2 Structured Interview

This study adopts a structured interview method to explore the application
and impact of Al-assisted design evaluation tools in depth. Ten interviewees
were randomly selected from 129 users of the AiDE system, including five
junior product designers and five design experts. Each interview lasted about
1 hour. The interview outline covers nine main parts, which can be

categorized into three core research directions.

The first research direction focuses on the role and application of Al in design
evaluation. This includes exploring Al's role in conceptual design evaluation,
how AI can be integrated into design education, and the ideal

human-computer collaboration model. Through these discussions, researchers
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can better understand how Al can be integrated into the design process and
maximize its potential, thereby providing new insights and methods for

product and engineering design.

The second research direction focuses on improving and optimizing Al
evaluation tools. This includes exploring how to improve the trust and
willingness to use Al evaluation tools, improving Al evaluation functions,
and the focus of future research. These discussions are crucial to improving
the practicality and acceptance of Al tools and provide valuable guidance for

the future application of Al in design.

The third research direction explores the ethical and social impact of Al
applications. This includes considering the ethical and privacy issues that
may arise from the application of Al in design evaluation, as well as its
broader impact on the design industry and society. Through the introduction
and conclusion, this study can put these discussions in a broader context and
summarize the key findings, providing clear research directions for the future

application of Al in industrial design.

This structured interview method and classification framework allow
researchers to systematically collect and analyze qualitative data and gain an
in-depth understanding of users' experiences and opinions, providing
valuable insights for further improving Al-assisted design evaluation tools.
By comprehensively considering the role of Al in design, tool optimization,
and social impact, this study provides comprehensive theoretical and
practical guidance for the future application of Al in product design and
engineering design.
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9.3 Data Analysis and Results

9.3.1 Questionnaire Analysis Results

This study used various statistical methods to analyze the questionnaire data,
including descriptive statistics, reliability analysis, correlation analysis, etc., to
evaluate designers' attitudes and acceptance of Al comprehensively assisted
design evaluation tools. The study used Cronbach's Alpha coefficient to verify
the scale's internal consistency (Lu et al., 2023) . In terms of descriptive
statistics, the study analyzed each item's mean, standard deviation, and
median. The study also conducted extensive correlation analysis. In general,
this study comprehensively evaluated designers' attitudes and acceptance of
Al-assisted design evaluation tools through a combination of quantitative and
qualitative methods, providing important empirical evidence for future Al
tools development and promotion. The specific research results will be

presented in the following sections.

9.3.1.1 The Limitations of Al Design Evaluation

Designers encounter key issues when using the AiDE platform, as shown in
Figure 9.1. Insufficient or low-quality data, lack of trust in Al evaluation
results, lack of industry standards and specifications, and insufficient

understanding of Al algorithm operations are considered major obstacles.
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Figure 9.1 Main Limitations of Al in Concept Evaluation

According to the survey results in Table 9.1, 61.24% of designers believe that
insufficient data quality is the main problem, followed by a lack of trust in Al
evaluation results (55.04%) and a lack of industry standards and specifications
(54.26%). In addition, more than half of designers (51.16%) also expressed
concerns about insufficient understanding of Al algorithm operation.
Relatively speaking, although more common, difficulties in accessing or
utilizing Al technology and tools (41.86%) and shortage of professional
knowledge and skills (37.98%) appear less prominent in comparison. The
prevalence of these challenges indicates that in promoting the widespread
application of Al technology in design evaluation in the future, data quality,
enhancing trust, improving industry standards, and improving
understanding of Al operation must be addressed first, as these factors are

key to improving designer acceptance and efficiency.
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Table 9.1 Summary of Response Rate and Penetration Rate

project Response Popularity (n=129)
n Response Rate
Insufficient or Low-Quality | 79 20.15% 61.24%
Data
Lack of Understanding of | 66 16.84% 51.16%
Al Algorithm Operation
Lack of Trust in Al 71 18.11% 55.04%
Assessment Outcomes
Difficulty Accessing or 54 13.78% 41.86%
Utilizing Al Technology and
Tools
Shortage of Expertise and | 49 12.50% 37.98%
Knowledge
Lack of Industry Standards | 70 17.86% 54.26%
and Regulations
Other 3 0.77% 2.33%
Project 392 100% 303.88%

Note: Goodness of fit test x2 = 69.857 p = 0.000

Table 9.2 shows the co-occurrence of various barriers designers encounter
when using Al for conceptual design evaluation, revealing the
inter-correlation between these factors. The data show that insufficient or
low-quality data, insufficient understanding of the operation of Al algorithms,
lack of trust in Al evaluation results, difficulty in accessing technology,
shortage of expertise and skills, and lack of industry standards and
specifications are not isolated issues but are intertwined. For example, the
problem of insufficient or low-quality data is not only related to an
insufficient understanding of the operation of Al algorithms but also closely
related to a lack of trust in AI evaluation results. It also has a high

co-occurrence rate, difficulties accessing technology, and a need for industry
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standards. This multifaceted challenge shows that to promote Al application
in design evaluation effectively, it is necessary to comprehensively consider
and improve multiple aspects, such as education and training, technology
development, and industry specification formulation, to improve designers'

trust in Al tools and their use efficiency.

Table 9.2 Option Co-occurrence Matrix

Difficult
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ty Data

Lack of
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Algorithm
Operation
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y and
Tools

Shortage 28 26 24 22 - - -
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of
Expertise
and
Knowledg
e

Lack of
Industry
Standards |, 34 34 30 34 - -
and
Regulation

S

Other 2 0 0 0 1 2 -

This result shows that improvements must be made from multiple angles
when promoting Al-assisted design evaluation tools, including increasing
transparency, improving data quality, simplifying technical tools,

strengthening education and training, and establishing industry standards.

9.3.1.2 Trust in AI Evaluation Models and Willingness to Use

Verified by Cronbach's Alpha coefficient, the reliability coefficient of the Al
evaluation trust scale is 0.843, as shown in Table 9.3. This indicates that the

data has high internal consistency.

Table 9.3 Al Evaluation Trust Scale Cronbach Reliability Analysis

Number of items Sample size Cronbach a coefficient

10 129 0.843

(a> 0.8, high reliability; 0.7 < a < 0.8, good reliability; 0.6 < a < 0.7, acceptable
reliability; a < 0.6, poor reliability)

The analysis results of Table 9.4 show that designers have a cheerful outlook

toward applying Al in conceptual design evaluation, but there are significant
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differences in their trust in its accuracy. It is particularly noteworthy that

designers are less familiar with AI (Question 1, mean value -0.178), and their

confidence in Al providing accurate results needs to be improved (Questions

4 and 7, mean values are 0.372 and 0.411, respectively).

Table 9.4 Al Evaluation Trustworthiness Rating

topic

Sample
size

Minimum
value

Maximum
value

Mean

SD

Median

1.How familiar are you
with using Al in
conceptual design
evaluation?

129

-2.000

2.000

-0.178

0.947

0.000

2.Are you willing to use
Al algorithms for
quantitative evaluation
of your designs?

129

-2.000

2.000

0.907

0.744

1.000

3.What do you think
about using Al for
scoring or evaluating
conceptual designs?

129

-2.000

2.000

0.705

0.795

1.000

4.Do you believe Al can
provide accurate results
in conceptual design
evaluation?

129

-2.000

2.000

0.372

0.761

0.000

5.Can Al technology
effectively assist your
design decision-making
process?

129

-1.000

2.000

0.736

0.702

1.000

6.Are you satisfied with
Al's suggestions for
conceptual design
evaluation?

129

-2.000

2.000

0.442

0.672

0.000

7.Do you trust Al's
accuracy and usefulness
in conceptual design
evaluation?

129

-2.000

2.000

0.411

0.756

0.000

8.Do you trust Al's
accuracy and usefulness

129

-2.000

2.000

0.597

0.644

1.000

242



in the optimization of
conceptual designs?

9.Are you open to using
Al technology in

) 129 -2.000 2.000 0.915 | 0.696 | 1.000
conceptual design

evaluation?

10.I am willing to rely on
Al's evaluation to revise 129 -2.000 2.000 0.527 | 0.811 | 1.000
my designs.

The Cronbach's Alpha coefficient of the Al evaluation tool willingness scale is

0.752, as shown in Table 9.5, which also shows good reliability.

Table 9.5 Cronbach Reliability Analysis Using the Willingness Scale

Number of items sample size Cronbach a coefficient

7 129 0.752

(a> 0.8, high reliability; 0.7 < a < 0.8, good reliability; 0.6 < a < 0.7, acceptable
reliability; a < 0.6, poor reliability)

Table 9.6 shows that designers are inclined to use Al evaluation tools,
especially the potential of AI in improving efficiency and innovation
(questions 11 and 14, mean values 1.202 and 1.062, respectively). However,
designers hope to have a deeper understanding of Al tools before using them
(question 12, mean value 0.589). They may be reserved when Al suggestions

do not match their ideas (question 47, mean value 0.411).

Table 9.6 Willingness to Use Al Evaluation Tools

S le | Mini Maxi
Topic ar‘np € | HnmHm | VIR N ean | SD | Median
size value value

11.Would you use Al for

1 .
conceptual design 129 -1.000 2000 | 1.202 |0.733 | 1.000
evaluation if it saves

time?
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12.Would you use Al in
conceptual design
evaluation without fully 129 -2.000 2.000 0.589 | 0.880 | 1.000
understanding its
workings?

13.Would you prefer Al if
its suggestions increase 129 -1.000 2.000 0.984 | 0.625 | 1.000
design innovation?

14.Are you willing to
1 tools t

carnew 1oolsto 129 -1.000 2000 | 1.062 | 0.622 | 1.000
harness Al's benefits in

design evaluation?

15.Do you believe Al
improves the market
performance of final 129 -2.000 2.000 0.674 | 0.762 | 1.000
products in design
evaluation?

16.Are you willing to
- )

share design data to 129 -2.000 2000 | 0.620 | 0.894 | 1.000

improve Al evaluation

accuracy?

17.Would you consider

Al i if
suggestions even 1 129 22,000 2000 | 0411|0777 | 1.000
they sometimes differ

from your ideas?

The correlation analysis in Table 9.7 shows that except for the degree of
understanding of Al, the other trust evaluation questions are significantly
positively correlated with the willingness to use (p<0.01). This shows that
trust is a key factor in promoting the willingness to use and improving
designers' trust in Al tools can effectively promote the application and

popularization of these tools.

Table 9.7 Pearson Correlation of Each Dimension

Ol | Q2 | O3 | Q4 | O5 | Q6 | Q7 | Q8 | Q9

Q | -0.12 | 0.407* | 0.291* | 0.201* | 0.302* | 0.341* | 0.230* | 0.273*
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* p<0.05 ** p<0.01, Q (Question)

The results show that although designers have a cheerful outlook towards Al
applications, there are significant individual differences. Both the trust scale
and the willingness to use scale showed good internal consistency reliability
(Cronbach's Alpha was 0.843 and 0.752, respectively). Correlation analysis
revealed a significant positive correlation between trust and willingness to
use. However, there needed to be a meaningful relationship between
designers' familiarity with Al and their willingness to use it. The study also
emphasized the importance of transparency in Al systems and the need to

balance Al assistance and human creativity in human-machine collaboration.

9.3.1.3 Relationship between Familiarity with AI and Confidence/
Willingness in Using Al

As shown in Table 9.8 and Table 9.9, the study found no significant
relationship between designers' familiarity with Al and their confidence and
willingness to use Al. Except for Question 1 (r=0.266, p<0.01) and Question 14
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(r=0.165), the correlation coefficients of most questions were low. This

suggests that more than simply increasing familiarity with AI may be

required to enhance designers' confidence and willingness to use Al

Table 9.8 The Relationship between Familiarity and Using Confidence

Familiarity with the application of

Al in design
1.How familiar are you with using Al in 0266+
conceptual design evaluation? '
2.Are you willing to use Al algorithms for 0107
quantitative evaluation of your designs? '
3.What do you think about using Al for scoring 0115
or evaluating conceptual designs? '
4.Do you believe Al can provide accurate results 0.045
in conceptual design evaluation? '
5.Can Al technology effectively assist your 0.075
design decision-making process? '
6.Are you satisfied with Al's suggestions for 0.143
conceptual design evaluation? '
7.Do you trust Al's accuracy and usefulness in 0.015
conceptual design evaluation? '
8.Do you trust Al's accuracy and usefulness in 0111
the optimization of conceptual designs? )
9.Are you open to using Al technology in 0.042
conceptual design evaluation? '

10.I am willing to rely on Al's evaluation to 0118

revise my designs.

* p<0.05 ** p<0.01

Table 9.9 The Relationship between Familiarity and Using Willingness

Familiarity with the application of
Al in design

11.Would you use Al for conceptual design
evaluation if it saves time?

-0.003
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12.Would you use Al in conceptual design

evaluation without fully understanding its 0.095
workings?

13.Would you prefer Al if its suggestions 0.070
increase design innovation? '
14.Are you willing to learn new tools to harness 0.165
Al's benefits in design evaluation? '
15.Do you believe AI improves the market

performance of final products in design 0.072
evaluation?

16.Are you willing to share design data to 0.029
improve Al evaluation accuracy? '
17.Would you consider Al suggestions even if 0.052
they sometimes differ from your ideas? '

* p<0.05 ** p<0.01

This study explored the Relationship between designers' familiarity with
artificial intelligence (AI) and their confidence and willingness to use it. The
study found no significant correlation between designers' familiarity with Al
and their confidence and willingness to use it. Except for the familiarity with
using Al for conceptual design evaluation, which showed a weak positive
correlation (r=0.266, p<0.01), the correlation coefficients of other questions
were primarily low. In terms of willingness to use Al, except for willingness
to learn new tools to take advantage of Al, which showed a slight positive
correlation (r=0.165), the correlation coefficients of the remaining questions
were close to zero. This finding challenges the common assumption that
familiarity directly affects willingness to use, suggesting that simply
increasing familiarity with AI may not enhance designers' confidence and

willingness to use Al
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9.3.1.4 Relationship between Length of Time Engaged in Design and

Confidence in Using Al

The analysis results of Tables 9.10 and Table 9.11 show that the relationship

between designers’ work experience in the design industry and their

confidence and willingness to use Al is not strong. The correlation coefficients

of most questions are close to zero or exceedingly small, which means that

design experience may not be the main factor affecting the acceptance of Al

tools.

Table 9.10 The Relationship between Working Experience and Using

Confidence

Duration of working in the design

industry

1.How familiar are you with using Al in 0.024
conceptual design evaluation? '
2.Are you willing to use Al algorithms for 0.040
quantitative evaluation of your designs? '
3.What do you think about using Al for scoring 0.138
or evaluating conceptual designs? '
4.Do you believe Al can provide accurate results 0.080
in conceptual design evaluation? '
5.Can Al technology effectively assist your 0.088
design decision-making process? '
6.Are you satisfied with Al's suggestions for 0.051
conceptual design evaluation? '
7.Do you trust Al's accuracy and usefulness in 0.015
conceptual design evaluation? '
8.Do you trust Al's accuracy and usefulness in 0.099
the optimization of conceptual designs? '
9.Are you open to using Al technology in 0.038
conceptual design evaluation? '
10.1 illing to rel AT luation t

am willing to rely on Al's evaluation to .07

revise my designs.
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* p<0.05 ** p<0.01

Table 9.11 The Relationship between Working Experience and Using

Willingness
Duration of working in the design
industry
11.Would you use Al for conceptual design 0.070
evaluation if it saves time? '
12.Would you use Al in conceptual design
evaluation without fully understanding its 0.085
workings?
13.Would you prefer Al if its suggestions 0.048
increase design innovation? '
14.Are you willing to learn new tools to harness 0.109
Al's benefits in design evaluation? '
15.Do you believe Al improves the market
performance of final products in design -0.018
evaluation?
16.Are you willing to share design data to 0.001
improve Al evaluation accuracy? '
17.Would you consider Al suggestions even if 0.080

they sometimes differ from your ideas?

* p<0.05 ** p<0.01

The study found no significant correlation between designers' work

experience in the design industry and their confidence and willingness to use

Al The correlation coefficients for most questions were close to zero or

exceedingly small, indicating that the Relationship between work experience

and Al acceptance was weak. Regarding willingness to use Al, only

willingness to learn new tools to take advantage of Al showed a weak

positive correlation (r=0.109), and the correlation coefficients of the remaining
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questions were low. This finding challenges the common assumption that
work experience affects technology acceptance, suggesting that other factors,
such as the availability, transparency, and integration of Al systems with
existing workflows, may influence designers' acceptance of AI. This result
emphasizes the need to consider a broader range of factors when promoting
Al-assisted design tools rather than relying on designers' work experience.
Future research should further explore the key factors that influence
designers' acceptance of Al technology and how to integrate AI more
effectively into the work practices of designers with dissimilar experience

levels.

9.3.1.5 Open Questions

Through open-ended questions, this study investigated designers' views,
expectations, and suggestions on artificial intelligence (AI) in conceptual
design evaluation. The survey covered the role of Al in design evaluation, key
functions, areas for improvement, application improvement suggestions, and
future development prospects. These questions aim to gain a deeper
understanding of designers' cognition, needs, and attitudes toward
Al-assisted design evaluation tools, providing an important reference for

developing and improving future Al systems.

One of the research results shows that designers believe that AI should
support conceptual design evaluation involving data collection and analysis,
idea generation, solution optimization, and evaluation. Details are shown in

Figure 9.2.
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B Auxiliary M Design optimization ® Idea generation M Data analysis
B Aided design ® Other M Notsure B Simulated character

B Advise M Optimize design scheme ™ Predictive analysis

B Provide reference M Assistant Decision @ Coordination

Provide design inspiration

Figure 9.2 The Role of Al in Conceptual Design Evaluation

Designers are positive about the application of Al but at the same time, they
are concerned about its accuracy and credibility. Figure 9.3 shows that
designers believe the most important Al design evaluation functions include

data analysis, creative generation, and solution optimization.

W Data collection and analysis ™ Notsure ® Estimated cost M Other
¥ Detailed evaluation and analysis M Idea generation ® Analysis

W Provide suggestions M Optimal design ™ Provide user feedback

B Market analysis M Deep Learning ™ Accuracy

W Provide design proposal Predictive analysis

Figure 9.3 AI Concept Design Evaluation Expected Functions
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The study found that designers believe improving the accuracy of Al
algorithms, increasing data training, and optimizing algorithms is necessary.
The aspects that need to be improved in the Al concept design evaluation
model are shown in Figure 9.4. Designers are not satisfied with the accuracy
and credibility of Al's current algorithms. 22% of designers mentioned that Al
needs to receive more data training and provide more data. 21% of designers
believe that Al needs algorithm optimization. In addition, improving the
accuracy of evaluation and simplifying the operation process are also

frequently mentioned needs.

B Database update M Algorithm optimization ™ Notsure ™ Accuracy
B Emotion recognition B Other B Simplify operations

B Provide an explanation ™ Auxiliary evaluation ™ Reliability

B Evaluation criteria B Provide suggestions B Function increase

¥ Logic Individualization

Figure 9.4 Needs of AI Concept Design Evaluation

Figure 9.5 shows the designers' suggestions for improving the application of
Al in design evaluation. They suggested strengthening algorithm training,

improving system transparency, and providing evaluation suggestions in
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specific scenarios. The most popular suggestion was to strengthen the training
and optimization of algorithms to improve the accuracy of Al evaluation tools
and to update the database and iterate the algorithm in real-time. Regarding
usage, designers hoped there would be a detailed explanation of the working
principle and operation tutorials. Designers want to get design evaluations
and suggestions in specific scenarios and specific design tasks rather than

empty and unrealizable analysis results and suggestions.

B None WM Algorithm optimization, strengthening data training

W Explainable ™ Other M Large scale data capture

B Simplify operations M Timely update with new iterations

B Analyze large amounts of data M Provide usage tutorial B Automation

B Hybrid Al-Human Evaluation

Figure 9.5 Suggestions for Improving Al Design Evaluation

Regarding the expectations and suggestions for the future development of Al
in design evaluation, designers expect Al to improve work efficiency and
design quality and provide more objective and feasible suggestions.
Designers have expectations for Al Specifically, they hope AI can improve
work efficiency, design quality, and have models for each field. Moreover,

they expect Al to generate more objective and feasible suggestions. The
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details are shown in Figure 9.6. However, users of open-ended questions
filled out None, which indirectly reflects that users are unfamiliar with Al
products. This result also shows that there is still room for research in

Al-assisted design.

B None M Expect ® Improve user work efficiency

¥ Enhance users' design capabilities B Bring about industry transformation
B More detailed M Explainable B Accurate ™ Easytouse M Other
B Enhance creativity B Waitand see B Cooperation 8 Objective

Continuously optimizing ™ Individualization

Figure 9.6 Expectations and Suggestions for Al in Design Evaluation

The coding results of open questions show that designers believe that Al
should support conceptual design evaluation. Designers are positive about
the application of Al but at the same time, have concerns about its accuracy
and credibility. To improve the application of AI in design evaluation,
designers suggest strengthening algorithm training, improving system
transparency, and providing evaluation suggestions in specific scenarios. For
the future development of Al, designers expect it to improve work efficiency

and design quality and provide more objective and feasible suggestions. It is
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worth noting that the study also found that the Relationship between
designers' familiarity with Al and their confidence and willingness to use it is
not significant. This finding differs from previous research results and
emphasizes the need for more comprehensive strategies to promote the

application and acceptance of Al tools in design.

In summary, the questionnaire survey shows that designers have concerns
about the application of Al. These concerns include data quality, lack of trust
in Al, and lack of industry standards, indicating that designers face multiple
challenges when using Al design evaluation tools. The 129 Chinese designers
have a cheerful outlook toward applying Al in concept design evaluation, but
there are significant differences in their trust in accuracy. Trust is a key factor
affecting designers' willingness to use AI evaluation tools. Improving
designers' trust in Al tools can effectively promote the application and
popularization of these tools. The Relationship between designers' familiarity
with Al and their confidence and willingness to use Al is insignificant,
indicating that familiarity is not the main factor affecting their confidence and
willingness to use it. The Relationship between designers' work experience in
the design industry and their confidence and willingness to use Al could be

more robust.

9.3.2 Interview Coding Results

Three researchers conducted a three-level coding analysis of grounded theory
based on the interview data, including open coding, axial coding, and
selective coding. This coding method allows researchers to extract key

concepts from the original data and organize these concepts at a higher level
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of abstraction. The following are the specific implementation and results of

the coding.

Through open coding, this study identified initial concepts such as Al as a

design student assistance tool and the limitations of Al assessment. The

details are shown in Table 9.12.

Table 9.12 Open Codes of Interview

Open Codes

Original sentence examples (e.g.)

Al as design students’
assistance tool

As a student, you may not know whether your
design work is good or bad during your student
period. So, it is especially useful to have such an
Al-assisted evaluation tool. Al can evaluate the
design work.

Limitations of Al
assessment

Sometimes a product is not just an appearance, but
also has functions or interactive aspects. Al cannot
accurately identify and feel it like a human by relying
on a static picture, right?

Human-computer
collaborative assessment

If there is an evaluation from an expert's perspective,
plus an evaluation from Al, you may get a
comprehensive result. It is more accurate than simply
evaluating the design by humans.

Trust in Al assessment

I think we should give users credible data. For
example, in addition to the rating results, there are
rating reasons or criteria.

Directions for
improvement of Al
assessment

This kind of products that purely display beauty,
such as jewelry, cannot be evaluated together with
electronic products. Because their evaluation
standards are different, these products must be
classified in advance.

In the axial coding stage, the researchers organized these concepts into

broader categories, such as, Al's auxiliary role and Human-machine

collaboration mode, as shown in Table 9.13.
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Table 9.13 Axial Codes of Interview

Axis codes Related Open codes

Al as design students’ assistance tool,
Al's auxiliary role
Limitations of Al assessment

Human-machine Human-computer collaborative assessment,

collaboration mode Trust in Al assessment

Limitations of Al assessment,
Al model optimization
Directions for improvement of Al assessment

Finally, in the selective coding stage, the researchers identified core themes
such as, the positioning of Al in design evaluation and the challenges and

developments of Al evaluation. Table 9.14 is the result of selective coding.

Table 9.14 Selective Codes of Interview

Selective Codes Related Axis codes
The positioning of Al in Al's auxiliary role,
design evaluation Human-machine collaboration mode
The challenges and Human-machine collaboration mode
developments of Al Al model optimization
evaluation

This analytical approach revealed the mixed views of respondents on
Al-assisted design evaluation. On the one hand, participants recognized the
potential of Al as an auxiliary tool, especially in helping students evaluate
their design works. On the other hand, they also expressed concerns about the
evaluation capabilities of Al especially in understanding the function and
emotion of the design. The human-computer collaboration model was seen as
an ideal evaluation method, which suggests that future Al-assisted design

evaluation systems should focus on human-computer complementarity rather
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than rely solely on Al In addition, improving the credibility and accuracy of

Al evaluation is considered a key direction for future development.

These findings provide important insights for developing more effective
Al-assisted design evaluation tools while highlighting the importance of
maintaining human involvement in Al evaluation. Future research can further
explore optimizing the human-computer collaboration model and improving

Al's ability to understand complex design concepts.

9.4 Summary and Discussions

Through quantitative and qualitative interviews, this study used a mixed
methods approach to explore designers' attitudes toward, trust in, and
willingness to use artificial intelligence-assisted design evaluation tools. The
results revealed key insights for applying artificial intelligence in the design

evaluation.

In design evaluation and validation, the integration of artificial intelligence is
becoming increasingly common, providing a range of advantages in various
domains. The study by Niraula et al. (2024) explored the dynamics of
human-Al interaction in the decision-making process, emphasizing the
positive correlation between the level of agreement with Al recommendations
and trust in AL This correlation highlights the importance of building trust
and maintaining consistency with artificial intelligence systems to use their
recommendations effectively. Artificial intelligence assistants are increasingly
integrated into design to support the creative process and improve

productivity. Peuter et al. (2021) emphasized the importance of Al assistants
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that align with the goals and abilities of designers, as these assistants can

foster symbiotic relationships and promote innovation.

The collaboration between artificial intelligence assistants and human
evaluators is an emerging research field, as demonstrated by studies such as
Kuang et al. (2023), Lankes and Stockl (2023). These studies explore how
artificial intelligence can assist in user experience (UX) evaluation and game
design processes, thereby gaining a deeper understanding of the potential of
Al in simplifying evaluation tasks and enhancing design outcomes. By
utilizing the artificial intelligence capabilities in these fields, practitioners can
benefit from enhanced analysis tools and decision support systems to

optimize the design process.

In short, integrating artificial intelligence into design evaluation,
decision-making, and collaborative settings has enormous potential for
improving efficiency, accuracy, and creativity in different fields. By utilizing
artificial intelligence capabilities to enhance human expertise and
decision-making processes, practitioners can unlock new opportunities for
innovation and optimization in their respective fields. This study also focuses
on this popular research field, hoping to explore how artificial intelligence

empowers product design evaluation to optimize the design process.

This study used a mixed methods approach combining quantitative and
qualitative interviews to explore designers' attitudes toward, trust in, and
willingness to use Al-assisted design evaluation tools. The results
revealed key insights for applying artificial intelligence in the design

evaluation.
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First, the quantitative analysis showed designers' cheerful outlook toward
using Al in conceptual design evaluation. This is consistent with previous
research highlighting the potential benefits of Al in enhancing the design
process. However, the study also found significant individual differences in
trust, especially in terms of trust in the accuracy of AI evaluation. This
difference in trust suggests that targeted approaches are needed to build trust

for different user groups.

The study found no significant correlation between designers' familiarity with
Al and their confidence or willingness to use Al tools. This finding challenges
the common assumption that increased familiarity leads to higher acceptance
and highlights the complexity of factors affecting the adoption of Al in design.
Similarly, there needed to be a stronger correlation between work experience
and Al acceptance. This result suggests that other factors are more critical in
driving adoption, such as the perceived usefulness and ease of use of Al

systems.

Qualitative interviews provide deeper insights into designers' perceptions of
the role of Al in design evaluation. The results cross-validated that designers
primarily view Al as an auxiliary tool, especially in data analysis, idea
generation, and solution optimization. This is consistent with human-machine
collaboration, where Al enhances rather than replaces human creativity and
decision-making. However, designers also expressed concerns about Al's
ability to understand complex design concepts, especially those related to
functionality and emotion. This highlights the need to develop Al systems to

explain and evaluate subjective design elements better.
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A key finding from quantitative and qualitative data is the importance of
transparency and explainability in Al systems. Designers stressed the need for
clear explanations of how AI works and the criteria for evaluation. This is
consistent with recent research on explainable Al and its role in building trust
and promoting human-machine collaboration. Based on these findings, this
study can make the following recommendations for improving Al-assisted

design evaluation tools.

® Improving the transparency and explainability of Al systems to build

trust and promote better understanding among designers.

® Develop more sophisticated Al models to evaluate the design's subjective
and emotional aspects through advanced natural language processing

and computer vision technologies.

® Focusing on creating human-machine collaborative systems that leverage
the strengths of human designers and Al rather than pursuing fully

autonomous Al evaluations.

® Providing designers with tailored training and support to effectively
integrate Al tools into their workflows and address individual differences

in Al acceptance.

This study has limitations. The sample was limited to Chinese designers,

which may affect the applicability of the findings to other cultural contexts. In
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addition, the study focused on current cognition and did not longitudinally
track changes in attitudes toward Al over time. Future research could explore
cross-cultural differences in designers' acceptance of Al, investigate the
long-term impact of Al adoption on design practice, and develop and test Al
systems that can address the concerns and suggestions raised by designers in
this study. In addition, exploring the ethical implications of Al in design
evaluation, especially regarding data privacy and potential bias in Al systems,

would be a valuable direction for future research.

In summary, Study 5 further explored users' experience and satisfaction with
Al-assisted design evaluation tools through a mixed method (questionnaire
and structured interview). This study not only confirmed the findings of the
earlier chapters, especially the experimental results of Study 4 but also offered
valuable insights into the practical application of Al tools. Although the study
may have sample limitations, its results offer essential guidance for future
improvements and research directions, laying the foundation for future
discussions and summaries. The next chapter will conduct a comprehensive

discussion and reflection based on Study 1- Study 5 findings.
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Chapter 10. Discussion

This chapter discusses the findings from the entire research process, with a
particular focus on the limitations of the research and future research
directions. The thesis reflects on the possible applicability limitations of
research based on concept design data. It explores expanding the research to a
broader range of industry scenarios. This discussion summarizes the earlier
chapters' research results and provides constructive suggestions for future

Al-assisted product design evaluation research.

10.1 General Research Results

In this thesis, a series of studies systematically explored the potential
application of artificial intelligence (Al) in product design evaluation and its
actual effects. With the rapid development of Al technology, its application
has begun to change traditional processes and methods. Especially in the field
of product design, the introduction of Al is expected to not only improve
design efficiency but also improve design quality through new data analysis
methods. This study focuses on the issue of how Al can assist product design
evaluation, aiming to fill the gap in the existing literature and provide new

perspectives for design practice.

The study's main objective is to verify the effectiveness of the Al-assisted
design evaluation system (AiDE) and explore its application in actual design
processes. This study examines the model's performance on multimodal

datasets by building and verifying a deep learning-based evaluation model. It
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compares the performance of human experts and Al in design evaluation
tasks through human-machine comparison experiments. In addition, the
study also covers the application potential of Al in design education, as well

as designers' acceptance and trust in Al tools.

This chapter aims to explore the research results in depth, analyze their
theoretical significance and practical applications, and discuss the study's
limitations. Based on the research findings, this chapter will discuss the
practical utility of Al in product design evaluation, evaluate its application
prospects in education and industrial practice, and propose directions for
future research. Through these discussions, this study aims to provide
valuable insights and suggestions for researchers and practitioners in the

design field. This section begins with the discussion of answering RQs1-4.

RQ1: At which product design stage does Al need auxiliary tools the most?

What functions should these tools have?

Through the implementation of the AiDE system and in-depth user feedback
analysis, this study verified that Al tools are particularly useful in the concept
and prototype stages of product design. Al assistance can help designers
quickly evaluate and iterate design ideas, optimize design solutions, and
enhance designs' innovation and market adaptability in the initial design
concept stage. Al tools provide functions such as data analysis, idea
generation, and solution optimization, consistent with the expectations of

research question RQI.

RQ2: What data types need to be collected and processed to develop

Al-assisted design evaluation tools?
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The results show that building an efficient Al evaluation model requires
multimodal data, including images and text. Image data helps the model
understand the visual features of the design. In contrast, text data (such as
design instructions and user feedback) provides in-depth insights into design
intent and functionality. In addition, through human-computer comparison
experiments, this study found that the quality and processing of data directly

affect the accuracy and reliability of Al evaluation, which answers RQ2.

RQ3: How to build an AI product design evaluation model based on
multimodal data to improve the accuracy and comprehensiveness of the

evaluation?

The AI model developed in this study uses deep learning technology to
process and fuse multimodal data. The model can more comprehensively
understand and evaluate design solutions by combining image and text
analysis. The experimental results show that the combined multimodal model
performs better than the single modality model in most evaluation
dimensions, especially in technology and market evaluation. This proves that

the research direction of RQ3 is correct.

RQ4: How effective is the Al evaluation model? In practical applications,
what are the similarities and differences between the model and the

evaluation results of human experts?

Through human-machine comparison experiments, this study evaluated the
performance of Al models and human experts in design evaluation. The
results show that the AI model is consistent with human evaluation in
technical and market evaluation, but there is still a gap in design innovation

and aesthetic evaluation. These findings point out the potential and
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limitations of Al evaluation tools in practical applications, providing detailed

answers to RQ4.

This section will provide an in-depth discussion of the advantages of Al
models and how they can collaborate with human designers based on these

research findings.

10.1.1 Advantages of AI Models

This study aims to develop and validate an Al-assisted product design
evaluation system through in-depth exploratory studies. This section will
detail the advantages of AI models in improving design efficiency, enhancing
innovation capabilities, and managing complex evaluation tasks in
combination with references and research results. These advantages reflect
the transformative potential of Al technology in product design and provide

important directions for the development of future design methods and tools.

® Improving design efficiency

Al technology shows enormous potential to improve design efficiency. As
Quan et al. (2023) pointed out, integrating big data and Al algorithms
revolutionizes product design methods, enabling designers to process and
analyze massive amounts of information to optimize design outcomes.
The experimental results of this study confirm this view. For example, the
experiments in Chapter 7 show that the accuracy of the ResNet18+BERT
model in the technical evaluation dimension reaches 73.01%, significantly

improving the evaluation efficiency. This efficient data processing
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capability enables designers to make decisions more quickly and shorten

the product development cycle.

In addition, the multimodal product design dataset constructed in
Chapter 6 demonstrates Al's ability to integrate and analyze data. This
echoes the research of Zhou et al. (2020), who emphasized the importance
of multimodal data fusion in improving the overall performance of Al
systems. By integrating multiple forms of design data, such as images and
text, Al systems can more comprehensively understand and evaluate

product designs, thereby accelerating the design evaluation process.

Enhancing design innovation capabilities

Al improves design efficiency and shows enormous potential in
enhancing design innovation. The survey results in Chapter 5 show that
72.05% of designers have used Al creative tools, which shows that Al has
become useful for promoting design innovation. This finding is consistent
with the research of Verganti et al. (2020) , who explored how AI can
fundamentally change the innovation and design process by improving

scalability, expanding boundaries, and enhancing adaptability.

In this study, AI models demonstrated unique innovation-promoting
capabilities. For example, the multimodal Al evaluation model developed
in Chapter 7 can simultaneously analyze a product's visual and
descriptive features to provide a more comprehensive evaluation result.
This capability enables Al to capture subtle innovations that human
designers may overlook, thereby inspiring modern design ideas. In

addition, by analyzing a large amount of historical design data, Al models
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can provide designers with novel creative inspiration, which echoes the

Al-driven product design framework proposed by Liu and Kim (2023).

® Managing complex assessment tasks

Al performs well in handling complex design evaluation tasks, especially
in processing multi-dimensional, unstructured data. The experimental
results in Chapter 7 show that multimodal models that combine image
and text information (such as ResNet18+BERT) perform best in the market
evaluation dimension (ACC=0.723, SRCC=0.5874, PLCC=0.5718). This
finding is consistent with the research of Radu et al. (2018) , who
emphasized the advantages of multimodal deep learning in handling

complex data sets and reasoning tasks.

The AI model can simultaneously consider multiple aspects, such as
functionality and aesthetics, to provide comprehensive evaluation results.
This ability is particularly important when dealing with highly subjective
design dimensions. For example, the human-machine comparison experiment
in Chapter 8 showed that in evaluating the design dimension, the accuracy of
the optimized Al model reached 82.35%, much higher than the 37.73% of the
initial model. This shows that AI has the potential to provide valuable

insights into extraordinarily complex and subjective evaluation tasks.

10.1.2 Collaboration between Al and Human Designers

Although Al has shown significant advantages in product design evaluation,
the results show that a human-machine collaborative model is the ideal

evaluation method. This is consistent with the findings of Chong et al. (2022),
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who emphasized that human designers’ effective use of Al input is critical to

success.

® Complementary advantages

The results show that AI models excel in processing objective data and
large-scale information, while human designers have creativity and
subjective judgment advantages. The interview results in Chapter 9 show
that designers believe the ideal evaluation model should be
human-computer collaboration, with Al as an auxiliary tool to provide
data support and preliminary evaluation. This view echoes the research of
Peuter et al. (2021), who emphasized that Al assistants consistent with
designers' goals and abilities can promote symbiotic relationships and

drive innovation.

® Improving design quality

Through human-machine collaboration, the data analysis capabilities of
Al and human creativity can be combined to improve design quality. The
experimental results in Chapter 8 show that in the evaluation of design
dimensions, the accuracy of the optimized model (82.35%) is significantly
higher than that of AI or manual evaluation alone. This finding is
consistent with the evaluation model based on fuzzy dual experience
proposed by Chen (2016) , which emphasizes the importance of

combining engineering design with customer response.

® [Enhancing assessment accuracy
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Al models can provide objective data analysis and preliminary evaluation
for human designers, while human designers can interpret and adjust Al
results based on experience. The questionnaire survey in Chapter 9
showed that 61.24% of designers believed Al could effectively assist
design decision-making. This collaboration improves the accuracy of the
evaluation. It enhances the interpretability of the evaluation results,
consistent with the importance of explainable AI to human

decision-making emphasized by Alufaisan et al. (2020).

Optimizing workflow

Al can take on repetitive data processing and preliminary evaluation
work, allowing designers to focus on more creative tasks. The survey
results in Chapter 5 show that 55.22% of designers hope that AI will assist
the design process as an interactive tool. This division of labor can
improve overall design efficiency while allowing human designers to
improve their creativity. This echoes the human-computer interactive
collaboration framework in data-driven text generation proposed by

Strobelt et al. (2022).

Promoting learning and development

Designers can continuously learn new evaluation methods and design
trends by collaborating with Al In the interviews in Chapter 9, designers
expressed the hope that Al could provide design advice and market trend
analysis to help them continuously improve their professional capabilities.
This model of continuous learning and improvement is of great
significance to the long-term career development of designers and is
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consistent with the human-computer collaborative learning model

proposed by Schoonderwoerd et al. (2022).

The results show that AI has significant advantages in product design
evaluation, especially in improving efficiency, enhancing innovation, and
managing complex evaluation tasks. However, designers believe that Al
cannot completely replace human designers; instead, it should be used as a
powerful auxiliary tool. Through human-machine collaboration, the data
processing capabilities of Al and human creativity can be fully utilized, thus
achieving a higher quality and more efficient product design evaluation

process.

10.2 Discussion of the Challenges of Al in Subjective Evaluation Tasks and
the Extension of Future Research

Based on the research results of the previous nine chapters, this section will
discuss the application effects and potential challenges of artificial intelligence
(AI) in product design evaluation, especially the effectiveness of multimodal

data fusion and machine learning techniques.

10.2.1 Application Effect of Al in Product Design Evaluation

According to the research results in the previous chapters, Al technology has
shown significant potential in product design evaluation. Through automated
data analysis and pattern recognition, Al can quickly identify key elements in
the design, thereby providing immediate feedback and suggestions. For

example, in Chapter 8, the Al-assisted evaluation system (AiDE) can use deep
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learning models to process design images and text descriptions to provide a

comprehensive design evaluation.

However, the application of Al in product design evaluation also faces
challenges. The research in Chapter 8 shows that although Al performs well
in processing technical and market evaluations, its performance is sometimes
limited when dealing with design tasks involving highly creative and
subjective aesthetic judgments. This is due to the subjective nature of design
evaluation, and it is difficult for AI models to fully understand and simulate

the creative process and aesthetic preferences of human designers.

10.2.2 Effectiveness of Multimodal Data Fusion

Multimodal data fusion refers to the comprehensive use of different forms of
data, such as images and text, in Al systems. Chapters 6 and 7 show that by
fusing image and text data, Al evaluation models can more fully understand
design intent and context, thereby improving the accuracy and depth of

evaluation.

For example, by analyzing design drawings (image data) and design
instructions (text data), Al can comprehensively consider the visual beauty
and functionality of the product and provide a more comprehensive and
objective evaluation. This multimodal fusion enhances the AI model's
explanatory power and makes the evaluation process more transparent and

credible.

10.2.3 The Role of Deep Learning Technology in Improving Design
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Evaluation

Machine learning technology is the core of implementing Al evaluation
models. The experiments in Chapter 7 show that using deep learning
algorithms, such as multimodal fusion of computer vision and natural
language processing technology, can significantly improve the efficiency and

quality of design evaluation.

By training AI models to identify and learn design patterns and trends,
machine learning technology can automatically perform tedious analysis
tasks, freeing designers from repetitive labor and focusing on more creative
design work. In addition, AI's continuous learning and adaptability mean that
it can continuously improve the accuracy and relevance of evaluations over

time.

10.2.4 Challenges and Future Research Directions

This study aims to develop and validate an Al-assisted product design
evaluation system through in-depth exploratory studies. Although AI has
shown significant potential in product design evaluation, challenges still exist.
Significant challenges are still faced when performing highly subjective
evaluation tasks, especially in evaluating design dimensions. These challenges
involve model transparency and interpretability, data quality, and diversity.
The following will combine the findings of this study with relevant literature

to explore these challenges and future research directions in depth.

10.2.4.1 Transparency and Interpretability of Model

273



The transparency of AI models in design evaluation is a key factor affecting
their widespread acceptance and trust. As shown in the experimental results
of Chapter 8, in the evaluation of the design dimension, the performance of
the Al model is weak (ACC is 0.3773), reflecting the challenges Al faces in
dealing with highly subjective evaluation tasks. Design evaluation often
involves complex subjective judgments, such as judging whether a design is
beautiful and whether it meets user needs or market trends. However, the
decision-making process of Al models is often a black-box operation, lacking
sufficient transparency and explainability, which may cause designers and

stakeholders to be skeptical of the evaluation results provided by Al

This finding is consistent with the findings of Herskovits (2021), who noted
that AI models have difficulties in interpretability, which may cause users to
doubt their reliability and validity. Similarly, Khanolkar et al. (2021) also
emphasized that although Al can assist engineering design, a fully automated
design process remains elusive, highlighting the importance of maintaining a

human-machine collaborative approach.

Future research could explore developing more intuitive visual explanation
tools to improve the transparency and interpretability of AI models. These
tools can clearly show how AI extracts feature from design data and makes
evaluation decisions based on these features. This suggestion echoes the idea
of interpretable visual aesthetics datasets proposed by Chen et al. (2020), also
emphasized that although Al can assist engineering design, a fully automated
design process still needs to be discovered, highlighting the importance of

maintaining a human-machine collaborative approach.
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10.2.4.2 Quality and Diversity of Data

Data is the cornerstone of AI model performance, and the quality and
diversity of the dataset directly affect the accuracy of Al evaluation. In this
study, Chapter 6 details the construction process of the multimodal product
design dataset. However, as shown in the questionnaire survey results in
Chapter 9, 61.24% of designers believe that insufficient data quality is one of
the main problems facing current Al-assisted design evaluation. This finding
echoes the research of Zhang et al. (2022), who emphasized the importance of
understanding consumers’ reactions to Al-designed products in developing

effective evaluation models.

In product design evaluation, especially when dealing with design innovation
and user experience, high-quality and diverse data is needed to capture a
wide range of user preferences and market trends. However, existing datasets
are often biased or fail to fully cover all potential user groups, which may
result in AI models failing to reflect the needs and preferences of different
users accurately. This issue is also reflected in the study of Quan et al. (2023),
who pointed out that the fusion of big data and AI algorithms is
revolutionizing product design methods, enabling designers to process and

analyze massive amounts of information to optimize design results.

10.2.4.3 Discussion of Future Research Directions

In response to the challenges of Al in subjective evaluation tasks, future
research can explore more advanced Al algorithms to improve the ability to
manage complex and subjective design tasks. At the same time, developing

more effective multimodal data integration methods and improving the
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transparency and user trust of Al systems will be the key to promoting Al's

application in product design.

® Enhancing model transparency and explainability

Develop new visualization tools and explanatory algorithms to help users
better understand Al's evaluation process and basis. This direction echoes
the research that explored the impact of explainable AI on human

decision-making (Alufaisan et al., 2020).

® Improving data quality and diversity

Future research could expand the scope of data collection to ensure that

the dataset can fully reflect diversified product types and market changes.

® Introducing marketing data and large-scale user reviews

In the future, Al evaluation's market sensitivity and accuracy can be
enhanced by analyzing actual sales data or developing user online

evaluation functions to provide real-time feedback.

® Optimizing the interaction of artificial intelligence models

Future interactive designs can provide immediate visual or sound
feedback to help users understand Al operations and responses. For
example, from human-computer interaction to deep coordination, trust

building is an important breakthrough (Song & Luximon, 2020).
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® [Exploring more application scenarios and more advanced Al algorithms

Applying Al to more design and creative work areas is another important
direction for future research. By exploring the application of Al in these
new areas, future research can not only expand the scope of the
application of Al technology but also further promote design innovation
and technological development. Future research can explore more
advanced Al algorithms, such as reinforcement learning, to improve Al's
ability to manage complex and subjective design tasks. Applying these
algorithms will help improve the performance of Al systems in product

design evaluation, enhancing their creativity and adaptability.

Through these research directions, future AI models will be able to perform
design evaluation tasks more accurately and provide more valuable insights
into design innovation and user experience. This will help better support
designers and companies in standing out in the fiercely competitive market
while promoting Al's in-depth application and development in product

design.

Although Al has shown enormous potential in product design evaluation, it
still faces major challenges in dealing with highly subjective evaluation tasks.
By improving the transparency and interpretability of models, improving
data quality and diversity, and exploring new research directions, future
Al-assisted design evaluation systems can better meet the needs of designers,

promote design innovation, and bring users a better product experience.
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10.3 Discussion of Exploring and Optimizing the Human-computer

Collaboration Model

This section will explore in depth how to optimize the human-computer
collaboration model, especially improving the human-computer interface and

enhancing the credibility and explainability of Al-assisted evaluation.

10.3.1 Improving the Human-computer Interface

The GUI is the direct medium for designers to interact with Al tools, and its
design quality directly affects the practicality and effectiveness of Al tools.
Based on the experimental results in Chapter 8, this study found that when
designers use Al tools, intuitive and easy-to-use interfaces can significantly
improve work efficiency and reduce operational errors. The research results
in Chapter 9 show that designers hope to achieve a clearer key link. The

following are key optimization directions.

® Complying with the designer’s workflow

The human-computer interface should be designed to fit naturally into
the designer’s daily workflow. For example, the interface layout can
mimic trendy design software, using familiar toolbars, menus, and
shortcut keys, allowing designers to seamlessly switch between Al tools.
This design concept echoes the view proposed by Peuter et al. (2023) that

Al assistants should be aligned with the designer’s goals and abilities.

® Customization and personalization
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Providing customized interface setting options allows designers to adjust
the interface layout and functional modules according to personal
preferences and specific project needs. For example, allowing users to
adjust the evaluation criteria according to project types, such as industrial
or fashion design. This personalized setting not only improves the user
experience but also enhances the designer's sense of control over the Al
tool, which is consistent with the research findings on human-computer

collaboration in UX evaluation (Kuang et al., 2023)

® Interactive feedback and real-time updates

The interface should be able to display the progress and results of Al
analysis and evaluation in real-time, help designers instantly understand
the working status of Al tools, and provide detailed improvement reports.
This real-time interaction and feedback mechanism is consistent with the
comprehensive framework for enhancing the performance of

human-machine collaboration (Jiang et al., 2022).

10.3.2 Enhancing the Credibility and Interpretability of Al-assisted

Evaluation

The effectiveness of Al in design evaluation relies heavily on designers’ trust
in its output. Therefore, improving the transparency and explainability of Al
systems is key. This view echoes research on improving the trustworthiness
of Al solutions (Vianello et al., 2023) . The following are key directions for

improvement.
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® Improving transparency

Al systems should clearly explain their decision logic and their data
sources. For example, when an Al tool makes a design suggestion, it
should explain how the suggestion was extracted from user data. This
transparency will enhance designers' trust in Al systems and help them

better understand and use Al outputs.

® Adding visual explanation tools

Visualization tools are developed to depict how Al processes input data
and draw conclusions. For example, the scoring criteria can be
communicated to designers as a text report using natural language

generation tools.

® User education and training

By providing regular training and education programs, designers can
better understand the principles and potential of Al technology. Through
seminars, online courses, and interactive tutorials, designers can be
educated on effectively using AI tools for design evaluation. This
educational approach is consistent with discussion on integrating
emerging technologies into future designer education and helps to
cultivate designers' Al literacy and human-computer collaboration

capabilities (McCardle, 2002).

Through the above measures, designers can improve their proficiency and

comfort in using Al tools and enhance their trust and acceptance of Al
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evaluation results. These improvements will help achieve more effective
human-computer collaboration and promote innovation and efficiency in
design practice. Future research will continue to explore new
human-computer interaction technologies and methods to continuously
optimize the human-computer collaboration model and better serve the needs

of the design industry.

In short, optimizing the human-computer collaboration model is an ongoing
process that requires simultaneous advancement in multiple aspects, such as
technological innovation, user experience design, and education and training.
By continuously improving the human-computer interface, enhancing the
credibility and explainability of Al systems, and strengthening designers' Al
literacy, future research can build a more efficient and innovative
human-computer collaborative design ecosystem and promote the continued

development and progress in product design evaluation.

10.4 Limitations and Future Research Directions

In this study, the thesis systematically explores the application of artificial
intelligence technology in product design evaluation. It evaluates the
effectiveness and practicality of a multimodal Al evaluation system (AiDE) by
building and evaluating it. However, despite the achievements of the study,

there are still limitations that provide new directions for future research.

10.4.1 Limitations

The thesis explores the application of Al in product design evaluation. It

demonstrates Al's potential value and effectiveness in the design process by
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building and experimenting with a multimodal AI evaluation system.

However, although this study provides useful insights, it also has inevitable

limitations. These limitations are reflected in the scope of sample selection,

research methods' focus, and Al models' transparency and interpretability.

Identifying these limitations is important for correctly interpreting research

results, avoiding over-generalizing research conclusions, and guiding future

research directions.

Insufficient sample diversity

This study relies on a specific sample set, including student design works
and professional designers' evaluations. The number and diversity of
samples are limited, which may affect the broad applicability and
generalizability of the results. Future research needs to verify the
effectiveness of Al evaluation models in a wider and more diverse range

of design fields.

Limitations of methods

Although multimodal data and deep learning techniques are used, the
research focuses on integrating image and text data. It insufficiently
explores other potentially useful data modes (such, sound, video, etc.). In
addition, the research relies on quantitative evaluation methods, and the
treatment of subjective and emotional factors in design evaluation may

not be in-depth enough.

® Al models lack transparency and explainability
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Although current Al evaluation models perform well in evaluating
indicators such as technology and market, their decision-making process
lacks transparency and explainability, which may affect users' trust and

acceptance of Al evaluation results.

Overall, this study has made progress in exploring the application of Al in
product design evaluation. However, due to factors such as sample selection
restrictions, research method limitations, and lack of transparency of Al
models, its conclusions' general applicability and deep explanatory power
have been affected to a certain extent. Future research needs to expand the
scope and diversity of samples, adopt more comprehensive research methods,
and focus on improving the interpretability of Al models to improve the
effectiveness and practicality of the research. Through these efforts, Al
technology can help to optimize product design while providing designers

and researchers with more accurate and reliable evaluation tools.

10.4.2 Future Research Directions

While AI has shown exciting potential in product design evaluation, this
study suggests that Al needs to be more deeply integrated into the design
process by improving the quality of evaluations. Future research must
address issues that have yet to be fully explored in existing research and
develop new methods to improve the performance and transparency of Al
systems. This will include a more extensive exploration of the role of Al in
design evaluation, improving the diversity and quality of data, enhancing the
interpretability of models, and extending AI evaluation models to a wider

range of design domains.
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Improve the breadth and diversity of samples

Future research can apply Al evaluation models to more types of design
projects, such as industrial design, fashion design, interface design, etc., to
test and verify the versatility and effectiveness of the model. In addition,
increasing the diversity of samples, such as works with distinct cultural
backgrounds and design styles, can improve the comprehensiveness and

applicability of the research.

Explore new data models and research methods

Future research can consider integrating more data models, such as
videos, 3D models, and real-time feedback data, which may provide
richer contextual information for product design. At the same time,
exploring qualitative research methods, such as in-depth interviews and
case studies, can help better understand how designers and users feel and

think about Al evaluation tools.

Expand the interpretability of Al evaluation models

Research should develop new algorithms and techniques to improve the
transparency and interpretability of Al evaluation models. For example,
using interpretable machine learning techniques (such as decision trees
and rule engines) to enhance the interpretability of models or developing

visualization tools to reveal how Al makes evaluation decisions.

284



® Interdisciplinary collaborative research

Artificial intelligence and product design are both interdisciplinary
subjects. Future research can collaborate with other disciplines, such as
psychology, sociology, and art, to explore how Al can better serve

creative generation, emotional expression, and social interaction.

In summary, this study has opened new perspectives on the application of Al
in product design evaluation and pointed out directions that can be further
explored in future research. Future research should focus on increasing the
diversity of data sets, improving the transparency and explainability of Al
models in the evaluation process, and exploring the applicability of Al
technology in distinctive design fields. In addition, interdisciplinary
collaboration will be key to promoting innovative applications of Al in design
evaluation. Through these efforts, Al technology will better serve the needs of
designers and promote the optimization of design processes while ensuring
that technological advances can be applied responsibly at ethical and social

levels.

This chapter comprehensively discusses the findings from the entire research
process, with a special focus on the limitations of the research and future
research directions. By reflecting on the possible applicability limitations of
research based on competition data, this study suggests expanding the
research scenario to a wider range of industry scenarios. This discussion
summarizes the research results from the earlier chapters. It provides
constructive suggestions for future Al-assisted product design evaluation
research, providing an important basis for writing the conclusion chapter. The

next chapter will draw a conclusion based on these discussions.
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Chapter 11. Conclusion

This concluding chapter summarizes the main findings of the entire study
and discusses the theoretical and practical contributions. The thesis proposes
a model for Al-enabled product design concept evaluation, which is the core
contribution of this study. By reviewing five interrelated studies (Study 1-5),
the thesis shows how AI can effectively support and enhance the product
design evaluation process, providing new perspectives and directions for

future developments in the design field.

11.1 Main Research Findings

This thesis systematically explores the application of Al in product design
evaluation, significantly enhancing the efficiency and quality of design
evaluation through multimodal data and deep learning technology. This
study designed a hybrid research method, combining quantitative and
qualitative analysis, to comprehensively evaluate the performance of Al
evaluation models and their application effects in the actual design process.
The study deeply analyzed the practical application of Al in the design
process through five phases of research (Study 1-Study 5). It proposed an
Al-assisted product design evaluation system based on multimodal data. This
study demonstrated the potential of Al in design evaluation and challenged

and improved the existing design evaluation methods.

In the field of product design, the application of Al can improve design

efficiency and innovation capabilities. (2023) pointed out that combining big
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data and Al algorithms revolutionizes product design methods, enabling
designers to process and analyze copious amounts of information and
optimize design results. Based on this theory, this paper further explores the
specific application of Al in design evaluation, primarily how to process and

analyze multimodal data to provide more comprehensive evaluation results.

11.1.1 Development and Application of Multimodal AI Evaluation Models

In the current design field, with the rapid development of technology,
especially the advancement of artificial intelligence technology, increased
research has begun to explore how to apply Al technology to product design
evaluation. This study successfully developed a new multimodal AI
evaluation model that can integrate visual and text data to comprehensively
capture and deeply evaluate all aspects of product design. Through the
analysis of visual images and the interpretation of design texts, the model
improves the efficiency of evaluation and significantly improves the accuracy

and depth of evaluation.

In terms of technology and market evaluation, through the fusion processing
of multimodal data, the Al evaluation model can demonstrate an evaluation
capability that is remarkably close to that of human experts or even exceeds
that of humans in cases. For example, in the fourth part of the study, through
a human-machine comparison experiment (Study 4), the study found that the
consistency of the Al model with human experts in technology
evaluation was as high as 73.58%. In market evaluation, it also reached 72.05%.
These data thoroughly verify the effectiveness and reliability of the AI model

in practical applications.
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11.1.2 Potential for Improving Design Efficiency and Innovation of Al

The application of Al has significantly improved the efficiency of the design
process. Al can quickly analyze and process design solutions in the data
processing and preliminary evaluation stages, providing designers with
immediate and valuable feedback. This capability not only shortens the
design cycle but also improves the quality of the design. Through the second
part of the study (Study 2), this thesis constructed a multimodal dataset
containing more than thousands of design projects. The Al evaluation
model can complete the preliminary evaluation of these design projects in a

brief time, improving the efficiency of the evaluation work.

In addition, AI has also shown exciting potential in promoting design
innovation. By analyzing historical design data and market trends, Al can
reveal potential innovations that still need to be fully utilized in design,
helping designers break through traditional design thinking and explore
innovative design possibilities. In the third part of the study, Study 3 trained
the AI model through deep learning algorithms, enabling it to identify and
recommend innovative design concepts and methods, which designers have

widely recognized and praised in practical applications.

11.1.3 Evaluation Model of Human-computer Collaboration

This study found that the human-machine collaborative evaluation model can
effectively combine human designers' creativity and Al's data processing
capabilities to provide a more comprehensive and objective design evaluation.
Through experimental verification (Study 5), the model performs well in
multiple evaluation dimensions, especially when dealing with complex and

subjective evaluation tasks, and can provide results that match or even better
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than human evaluation. For example, when dealing with the evaluation of
design aesthetics and user experience, the Al model can extract valuable
insights from a large amount of user feedback, helping designers understand

user needs from a broader perspective and at a deeper level, as shown in

Figure 11.1.
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Figure 11.1 The Human-computer Collaborative Evaluation Framework

Figure 11.1 is generated by DALL-E-3. The prompts are generated by
GPT-4-Turbo-128k based on part of the thesis content. The prompts are as
follows: Flowchart illustrating an Al-assisted product design evaluation
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framework. Start with 'Data Collection & Preprocessing’ module, depicted
with database and file icons, leading to 'Multimodal Data Fusion & Feature
Extraction' module represented by overlapping circles and gears. Follow with
'Al Evaluation Model' module, showing a brain icon. Beside it, display
'Human-Machine Collaborative Decision Support System' with handshake
icons. Next, link to 'Results Visualization & Feedback' module with chart
icons, and end with 'Continuous Learning & Optimization' module,
symbolized by an upward trend arrow. Use vibrant colors, clear labels, and

directional arrows to indicate flow between modules.

Overall, this study demonstrates the practical application potential of Al in
product design evaluation and proposes the broad application prospects of
multimodal AI evaluation models in future design processes. Future research
can further explore the application of Al technology in distinctive design
fields (such as industrial design, fashion design, etc.) on this basis, optimize
the performance of Al models, and improve their accuracy and applicability
in design evaluation. At the same time, strengthening the research on the
human-computer interaction interface in the AI evaluation process and
improving the user-friendliness and transparency of Al systems are the keys
to achieving the widespread application of Al technology in the design field.
Through these efforts, Al technology will better serve designers, promote
design innovation and efficiency, and achieve in-depth application and

development in the design field.

11.2 Theoretical and Practical Contributions

This study has contributed both theoretical and practical, providing new

insights and methodological frameworks for Al-assisted product design
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evaluation. The following will discuss this study's theoretical contributions

and practical significance in detail.

11.2.1 Theoretical Contributions

The main contributions of this study in design evaluation theory include
exploring the application of multimodal deep learning technology in product
concept design evaluation and providing an Al evaluation model that can
simultaneously analyze product visual and text features. In addition, the
study proposed a new human-computer interaction analysis framework,
clarified the separate roles of human intelligence and artificial intelligence in
design evaluation, and emphasized the importance of human-computer
collaboration. Finally, the study focused on the transparency and
interpretability of AI models, explored methods to improve the
interpretability of Al evaluation results, and provided a theoretical basis for
building responsible Al systems. These contributions have jointly promoted
the in-depth application of Al technology in design evaluation and provided

new methods and tools for innovation and product design optimization.

11.2.1.1 Application of Multimodal Deep Learning in Design Evaluation

This study is the first to systematically explore the application of multimodal
deep learning in product design evaluation, providing innovative ideas for
building a more comprehensive and accurate evaluation model. As described
in Chapter 7, the ResNet18+BERT model we developed achieved excellent
performance in multiple evaluation dimensions by fusing image and text
information. This finding confirms the effectiveness of research results on

multimodal machine translation in design (Zhou et al., 2018). It expands the
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application of multimodal deep learning frameworks in activity and context

recognition(Radu et al., 2018).

The research in this paper shows that multimodal deep learning models can
more comprehensively capture all aspects of product design, including visual
aesthetics, functional description, and market positioning. This method
breaks through the limitations of traditional single-modality evaluation and
provides a richer and more accurate information basis for design evaluation.
This theoretical contribution promotes Al's application in the design field and

provides new perspectives and methods for interdisciplinary research.

11.2.1.2 Research on AI Explainability in Design Evaluation

This study explores the interpretability of AI models in design evaluation and
provides a theoretical basis for enhancing the credibility and acceptability of
Al-assisted evaluation. As described in Chapter 9, designers' trust in Al
evaluation results is highly correlated with their understanding of Al's work.
This finding extends the application of the Al solution credibility

framework proposed by Vianello et al. (2023) in the design field.

11.2.1.3 Establishment of Human-computer Collaboration Evaluation

Framework

This study reveals the complementary advantages of Al models and human
experts in design evaluation through empirical research, laying the
foundation for establishing a more effective human-machine collaborative
evaluation framework. Chapters 8 and 9 show that Al models perform well in

objective, quantifiable evaluation dimensions (such as technology and
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market), while human experts have advantages in subjective, creative
evaluation. This finding echoes the research on designer confidence and Al
collaboration effects (Chong et al., 2022) and expands the collaborative model

of Al in the design process proposed by Figoli et al.(2022).

The human-computer collaborative evaluation framework proposed in this
study emphasizes the respective advantages of Al and human experts. It
explores how to integrate these advantages to effectively achieve the best
evaluation results. This framework not only considers the accuracy and
efficiency of the evaluation but also focuses on the interpretability and
innovation of the evaluation process. The research results provide innovative
ideas for solving the limitations of Al in engineering design proposed by

Khanolkar et al. (2021).

This study proposes a series of methods to improve the interpretability of Al
models, including developing visual explanation tools and implementing user
education and training. These methods help designers better understand and
accept Al evaluation results and pave the way for the broader application of
Al in the creative field. This theoretical contribution provides a new
perspective and method for solving the AI model interpretability challenge

that Herskovits (2021)proposed.

11.2.2 Practical Significance

The AiDE system developed in this study provides designers with a practical
multimodal Al-assisted evaluation tool that can simultaneously analyze a
product's visual and textual features, improving the evaluation's accuracy and

comprehensiveness. The results show that the application of Al technology
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optimizes the product design innovation process, significantly improves
design efficiency and innovation capabilities, and provides new methods and
tools for product conceptualization, development, and optimization. In
addition, this study provides an essential reference for design education,
emphasizes the necessity of integrating Al technology into design courses,
and helps to cultivate students' AI literacy and human-computer
collaboration capabilities. Through these practical applications, this study
promotes technological innovation in the design industry and provides
essential guidance and inspiration for the widespread application of Al in the

creative field.

The AiDE system developed in this study has demonstrated significant
application advantages in the field of standardized product design. Its
multimodal data fusion architecture (ResNetl8+BERT) can effectively
integrate product visual features and semantic descriptions, and achieve
rapid quantitative verification of evaluation indicators for highly structured
design scenarios such as functional products. The AiDE system has improved
the efficiency of product design evaluation and provided a methodological
framework for the generalization application of Al driven design evaluation

tools in scenarios.

11.2.2.1 Providing Practical Al-assisted Evaluation Tools

The Al-assisted product design evaluation system (AiDE) developed in this
study provides a practical evaluation tool for designers and enterprises. As
described in Chapter 8, the AiDE system integrates advanced concepts such
as multi-role user management, multimodal data processing, and

human-computer collaborative evaluation, which can effectively improve the
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efficiency and accuracy of design evaluation. The practical application value
of this tool is consistent with the importance of Al in product development
and responds to the empirical analysis of the adoption of Al-driven design

tools (Chuyen, 2023; Manavis, 2023).

The development and application of the AiDE system provide a direct and
available solution for design practice, which helps to improve design
efficiency and product quality. By integrating Al technology with traditional
design evaluation methods, the system provides new possibilities for

innovation and development in the design field.

11.2.2.2 Optimizing the Product Design Innovation Process

The findings of this study provide important references for optimizing the
product design innovation process. Through Al-assisted evaluation, designers
can evaluate design concepts more quickly and accurately, accelerating the
product development cycle. This echoes how Al changes the innovation and
design process proposed by Verganti et al. (2020) . This study further
confirms the potential of Al in promoting design innovation and improving

product market competitiveness.

This study shows that Al can help designers better understand and predict
user needs, creating more innovative and market-competitive products. This
data-driven design approach not only improves design efficiency but also
enhances product technical and market adaptability, consistent with the
findings of Zhang et al. (2022) on consumer responses to Al-designed

products.
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11.2.2.3 Promote the Application of AI Technology in the Design Industry

This study provides an important reference and impetus for the in-depth
application of AI technology in the design industry. By systematically
exploring the application of Al in product design evaluation, we verified the
effectiveness of Al technology and revealed its potential to improve design
quality and promote innovation. This echoes the review study of Al
applications in engineering design by Yiiksel et al. (2023) and expands the

scope and depth of Al applications in the design field.

This study provides an empirical study of Al applications in the design
industry, which helps promote the broader and deeper application of Al
technology in the design industry. This not only helps to improve the
innovation and competitiveness of the design industry but also provides new

directions and content for design education.

11.2.2.4 Provide Reference for Design Education

As Al technology becomes more prevalent in design, future design education
needs to incorporate Al knowledge and skills into the curriculum. This study
provides important empirical references for design education. As described in
Chapter 9, designers' familiarity with AI tools is closely related to their
willingness to use and trust them. This finding highlights the importance of
incorporating Al-related content into design education, which echoes the
discussion on integrating emerging technologies into future designer

education (McCardle, 2002).
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This study provides specific guidance for design education, including how to
cultivate students' Al literacy, integrate Al tools into design practice, and
cultivate students’ human-computer collaboration capabilities. These
suggestions will help cultivate talents that meet the future design industry's

needs and promote design education's innovation and development.

In summary, this study has made important contributions both in theory and
practice. In theory, this study has promoted the application of multimodal
deep learning in design evaluation, established a human-computer
collaborative evaluation framework, and deepened the research on Al
explainability in design evaluation. In practice, this study provides practical
Al-assisted evaluation tools, provides guidance for optimizing the product
design innovation process, promotes the in-depth application of Al
technology in the design industry, and provides important references for
design education. These contributions promote the development of
Al-assisted product design evaluation and provide new perspectives for the

future development of design practice and education.

11.3 Summary of Conclusion

As data, algorithms, and computing power continue to advance, Al will
become an increasingly integral part of the creative and evaluation process.

Expansions and improvements include the following aspects.

® Integration with emerging technologies
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Future research could explore the integration of AI with innovative
technologies such as AR to create more immersive and interactive design

and evaluation experiences.

Personalized and user-centered Al design

Al can help tailor designs to suit user preferences and needs by analyzing
user feedback and behavioral patterns, potentially revolutionizing how

products are conceptualized and marketed.

Ethical and responsible use of Al

As Al plays a more significant role in design, addressing ethical issues
such as data privacy, bias in Al algorithms, and the impact of Al on

employment in the design sector will be crucial.

This thesis systematically explored the potential of Al in product design

evaluation and developed and validated a multimodal Al-assisted evaluation

system. The results show that Al technology has exciting potential to improve

the efficiency and objectivity of design evaluation, especially when dealing

with large-scale data and multi-dimensional evaluation. However, Al still

faces challenges when dealing with highly subjective design innovation and

aesthetic evaluation and needs to be combined with human professional

judgment.

In the future, as Al technology continues to advance, we can expect the

emergence of more intelligent and more transparent Al evaluation systems.

These systems will better understand and evaluate complex design concepts,
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providing designers with more valuable insights and suggestions. At the
same time, the human-machine collaboration model will be further optimized,
realizing the complementary advantages of Al and human designers, and

promoting the dual improvement of design innovation and efficiency.

However, while embracing Al technology, we must also be vigilant about its
potential ethical risks, such as data privacy, algorithmic bias, etc. Future
research should focus on building responsible Al systems to ensure that

technological progress and ethical considerations are equally important.

In short, integrating Al and design opens a new era of opportunities and
challenges. Through continuous exploration and innovation, we are expected
to achieve a change in the design evaluation model assisted by Al, bringing
users a better and more innovative product experience. The development of
this field will not only promote the progress of the design industry but also
provide important reference and inspiration for the widespread application of

Al in the creative field.

Finally, this thesis highlights Al's benefits in enhancing product design
evaluation and lays the foundation for future advancements. As Al continues
to advance, its integration into product design will enhance existing practices
and unlock new creative potential, driving innovation and efficiency in
unprecedented ways. This journey towards the future of Al integration has
just begun, and there is great promise both in theoretical exploration and

practical application.
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