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In today's competitive market, meeting consumers' satisfaction and 
emotional needs is crucial for business success. However, the cognitive 
gap between designers and consumers often hinders market recognition 
for bamboo furniture. Therefore, a research framework based on Kansei 
Engineering (KE) is proposed in this study. First, the emotional needs and 
related samples were collected, and the sample form was deconstructed 
systematically. Then, the attribute reduction algorithm in rough set theory 
was used to extract the key emotional needs that have significant impact 
on consumer satisfaction. Finally, an intelligent mapping model between 
product components and emotional needs was constructed using Genetic 
Algorithm-Backpropagation Neural Networks (GA-BPNN), which predicts 
the optimal product design parameters that meet users' emotional needs. 
Additionally, we conducted an interpretative analysis of the prediction 
model using the Shapley Additive Explanations (SHAP) method. The 
evaluation results were significantly higher than the average, validating the 
advanced and effective nature of the method proposed in this study. 
Compared with previous KE studies, the GA-BPNN model proposed in this 
study has better prediction efficiency and higher precision, which can more 
effectively solve the cognitive differences between designers and 
consumers. Thus, the development efficiency and decision-making 
accuracy of enterprises’ product design has been improved. 
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INTRODUCTION 
 

 The origin of bamboo furniture can be traced back to ancient East Asia, especially 

China and Japan (Deng et al. 2023). Because bamboo grows quickly and it is light and 

tough, early people used this natural material to make furniture (Yuan et al. 2022). Over 

time, bamboo furniture has not only been favored for its unique aesthetics and practicality, 

but also gradually became a cultural symbol, reflecting the concept of harmonious 

coexistence between man and nature (Shi et al. 2023). In modern society, bamboo furniture 

with its environmentally friendly nature and sustainable characteristics has once again 

attracted people’s attention and become an important part of sustainability living (Fan et 

al. 2024). 

 In the current era of Kansei consumption, consumers’ purchase decisions are not 

only based on product functions and prices but also on emotional experience and 
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personalized needs (Achar et al. 2016; Hu et al. 2022). As the differences in function and 

quality of furniture companies in the market gradually narrow, consumers are more likely 

to be influenced by design and brand image when faced with numerous choices (Al Hamli 

and Sobaih 2023). Therefore, furniture designers need to pay more attention to product 

design so as to meet the needs of users. Consumers can be attracted by the shape of furniture 

and details that can create  emotional resonance and a memorable first impression (Yu et 

al. 2024). Therefore, the importance of Kansei design becomes more prominent. Furniture 

design is no longer just the presentation of practicality, but enhances users’ experiences by 

conveying emotions, stories, and cultural values (Chen 2022; Zhang et al. 2022; Zhou et 

al. 2023a). However, there is a huge cognitive difference between designers and 

consumers. It is impossible to accurately measure users’ needs, resulting in the difference 

between the final product and the real needs of users. Therefore, designers can cooperate 

with industry experts through an integrated approach. Designers can convey emotions 

through language design and incorporate brand stories into products to enhance consumers’ 

identify (Yang et al. 2024). 

Kansei Engineering (KE) is an interdisciplinary approach that combines the emotional 

needs of users with product design, which aims to improve the market competitiveness of 

products by understanding and satisfying the emotional experience of consumers 

(Nagamachi 1995; Yang et al. 2023). As consumers increasingly attach importance to the 

emotional value of products, KE has been widely applied in such fields as product design 

(Fu et al. 2024), user experience (Liu and Yang 2022), clothing design (Ge et al. 2023; 

Jiang et al. 2024) and service innovation (Hartono et al. 2024). However, in practical 

application, KE faces two major challenges. (1) The first challenge is to extract users’ 

emotional needs. At present, researchers usually use quantitative methods such as analytic 

hierarchy process (AHP) and fuzzy analytic hierarchy process (FAHP) to obtain users’ 

emotional feedback. Ramanathan et al. (2023) extracted the necessary design elements of 

the convenient skimmer by using KE; the optimal design scheme is selected by using AHP 

method. Wang et al. (2024) proposed an AI-driven design method which combines shape 

grammar and KE. In this process, the hierarchical structure model of grey analysis is used 

to extract the optimal Kansei words. Qi and Kim (2024) adopted AHP to effectively 

combine objective criteria and subjective users’ perception to establish the relationship 

between design features and emotional needs and establish an evaluation system of design 

images. Lin and Zheng (2024) used F_AHP to extract the optimal Kansei needs of AR 

dashboard’s visual images; FRA is further used to extract the optimal AR dashboard 

design. The above methods, although structurally rigorous, have a high computational 

complexity when dealing with multidimensional and multilevel data. In contrast, Rough 

Set Theory (RST) provides an effective tool for data analysis that can extract meaningful 

knowledge from incomplete or uncertain information without relying on precise attribute 

values to better capture the emotional needs of users (Pawlak 1998; Thangavel and 

Pethalakshmi 2009; Zhang et al. 2016). This method is especially suitable for dealing with 

complex emotional needs, because the emotions of consumers are often difficult to 

accurately describe by traditional quantitative indicators, while the RST can reduce the 

requirement for accuracy while retaining important information (Sato et al. 2022). Li 

(2024) used RST to extract products’ Kansei needs that has a significant impact on 

customers’ satisfaction and used it to analyze products’ Kansei knowledge. Chen (2024b) 

used the RST attribute reduction algorithm to identify the form characteristics of low-speed 

new energy vehicles that are most concern to elderly users. Kang (2021) used the RST 

attribute reduction algorithm to extract the new energy vehicle design elements that have 
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an important impact on consumers’ satisfaction. Akgul et al. (2020) explored the basic 

elements of new customer-oriented baby bassinet based on the KE method of RST. Chen 

(2024a) took the human-machine interaction interface of autonomous vehicles as the 

research object to identify HIM interface elements that have a greater impact on elderly 

users. In the field of KE, many researchers have begun to focus on how to use RST to 

establish a relationship with consumers' emotional needs, but there is still a problem of 

insufficient depth and breadth of application of RST. Therefore, this study aims to further 

explore the application of RST attribute reduction algorithm in extracting the optimal 

emotional needs of consumers; a more systematic and comprehensive model is built in 

order to more accurately capture consumers’ innermost emotional expectations.  

The second challenge of KE is to establish a mapping relationship between products 

and emotions (Kang 2024). At present, many researchers use traditional quality function 

deployment (QFD) (Ginting et al. 2020), fuzzy QFD (Fu et al. 2024) quantitative type 1, 

multiple linear regression, Kano (Cai et al. 2023) and other methods to establish the 

mapping relationship between users’ requirements and design parameters. Fu et al. (2024) 

combined F-AHP and fuzzy QFD to develop new mahogany furniture that is in line with 

users’ emotions; fuzzy QFD is used to establish the relationship between consumers’ needs 

and engineering characteristics; and then the priority of mahogany furniture design 

elements is determined. Wang and Yang (2023) applied GRA, QFD and other models to 

the design of wicker development. GRA is used to extract key emotional needs. QFD is 

used to build a transformation model between emotional needs and design parameters; the 

optimal design parameter is derived. Li et al. (2024) aimed to determine the needs of 

elderly users for home glucose meters; QFD is used to determine the relationship between 

specific product functions and service design elements after determining the priority of 

demands. Although the above methods are effective, they are often insufficient in dealing 

with complex nonlinear relationships.  These methods are prone to over fitting when faced 

with a large number of variables and interaction effects (Wang et al. 2024).  

In contrast, Backpropagation neural network (BPNN) can capture complex nonlinear 

relationships with self-adaption through learning a large number of data samples, thereby 

improving mapping accuracy (Al-Jarrah et al. 2022; Lin et al. 2023). In order to explore 

multi-sensory design of products, Li et al. (2023) took electric shaver as the research object 

and used BPNN and GA-BPNN to establish a predictive model between design elements 

and users’ Kansei evaluation. Zhao et al. (2024) used Whale to optimize BPNN and SVR 

algorithms to build the relationship between product shape and consumer emotion; whiskey 

bottle was taken as the research object to predict the optimal design and discuss the 

accuracy of the nonlinear model. Zimo et al. (2024) used BPNN to establish the nonlinear 

functional relationship between the morphological characteristics of the new energy 

vehicles’ front face and the emotional needs of consumers, and the optimal design 

combination of new energy vehicles’ front face was predicted. Although BPNN has 

become an important tool in affective design, it must be acknowledged that BPNN suffers 

from the disadvantages of data overfitting phenomenon and long training time. At the same 

time, genetic algorithm, as an optimization technology, can be combined with neural 

network to optimize the network structure and parameters through evolutionary algorithm, 

thus the model performance can be improved (Wu et al. 2023). GA-BPNN has been 

effectively applied in engineering, financial projects and other fields. Sun et al. (2025) used 

GA-BPNN and PSO-BPNN to predict the flammability of hot thick solids. Liang et al. 

(2022) used GA-BPNN to make a comparative analysis of tunnel parameters to find the 

cause of surface instability. Bai et al. (2023) established a project portfolio risk assessment 
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model by using GA-BPNN and PAC so as to provide managers with quantitative risk 

analysis tools. However, there are still few studies on the combination of GA and BPNN 

in the field of product design at present. Therefore, this study aims to establish a parametric 

design and evaluation model between consumers’ emotional needs and product 

characteristics by using GA-BPNN. At the same time, since machine learning is often 

considered a "black-box model," meaning that its internal decision-making process is 

difficult to understand, we propose applying Shapley Additive Explanations (SHAP) to the 

GA-BPNN. This approach helps analyze how the model's output is influenced by various 

design features (input variables), thereby providing interpretability for the model. For GA-

BPNN, SHAP offers a method to quantify the specific contribution of each input feature to 

the model's predictions. This enables us to identify which features have the most significant 

impact on the decision-making process, offering valuable insights for model optimization. 

To sum up, although KE has made some progress in theory and practice, it still faces 

many challenges in extracting users’ emotional needs and establishing mapping 

relationships. Under the research framework of KE, an improved model combining RST, 

GA-BPNN and SHAP is proposed in this study. The main contributions of this research 

are summarized as follows: (1) in the traditional KE research, few scholars use RST to 

extract the key Kansei needs of consumers in the Kansei intention analysis stage, (2) GA-

BPNN method establishes the mapping relationship between product parameters and 

emotional needs, which predicts the optimal scheme and improves the prediction 

performance of the traditional model. (3) The inclusion of SHAP-based interpretability 

analysis in GA-BPNN can help designers and data scientists understand the model's 

behavior, promote its optimization, and improve compliance. By assigning a "contribution 

value" to each feature, it provides a transparent decision-making process, making the 

complex GA-BPNN model more interpretable, reliable, and usable. (4) The model 

proposed in this study can enable designers to grasp the emotional needs of consumers in 

real time and narrow the cognitive gap between designers and consumers. From the 

perspective of consumers, it can improve consumers’ purchase intention for this type of 

product. From the perspective of enterprises, it can increase product sales and improve the 

market competitiveness of enterprises.  
 
 

RELATED METHODS 

 This research is divided into four stages, as shown in Fig. 1. (1) Users’ emotional 

needs are collected under the research framework of KE, and KJ method is used for initial 

clustering. The morphology deconstruction method is used for bamboo furniture. (2) The 

attribute reduction algorithm of RST is used to extract the optimal emotional needs. (3) 

GA-BPNN is used to build a parametric design system between key emotional needs and 

product parameters. (4) The SHAP framework is used to analyze the contribution of design 

parameters. By employing a parametric design system, the optimal design solution is 

determined. Product design is then carried out, and the feasibility of the method is verified 

through user evaluations. 
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Fig. 1. Bamboo furniture sensory design research framework 
 
Rough Set Theory 

 RST can analyze data on the basis of given inherent information without any 

auxiliary information or subjective judgment. Its knowledge expression system is 

represented by 4-tuple, namely S = (U, A, V, f). As one of the main functions of RST, 

attribute reduction is the minimum conditional attribute set which does not contain 

redundant attributes and guarantees the correct classification. The intersection of these 

reductions is defined as the 𝑐𝑜𝑟𝑒  of decision table; and the attributes of the 𝑐𝑜𝑟𝑒  are 

important attributes that affect the classification. The relevant definitions are as follows: 

 Definition 1: suppose in the decision table D and for any Cj ; if Cj  satisfies the 

formula: 

𝑃𝑂𝑆𝑖𝑛𝑑(𝐶)(𝑖𝑛𝑑(𝐷)) = 𝑃𝑂𝑆𝑖𝑛𝑑(𝐶−{𝐶𝑗})(ind(𝐷))    (1) 

 

Cj is called to be unnecessary for D in C; Otherwise, Cj is necessary for D in C; The set of 

all necessary primitive relations in C is called the D core of in C, which is denoted as 

coreD(C). 

 Since the importance of each attribute in the information knowledge base is not the 

same, it is necessary to focus on the attributes of higher importance. The importance of 

attributes is defined as follows: 

 Definition 2: the dependence of decision attribute D on the conditional attribute Cj 

is defined as 

𝛾𝑐𝑗(𝐷) =
𝑐𝑎𝑟𝑑(𝑝𝑜𝑠𝑐𝑗

(𝐷))

𝑐𝑎𝑟𝑑(𝑈)
       (2) 

 In this formula,  γ𝑐𝑗(𝐷)  is the dependence between the decision set D  and the 

attribute Cj; card is the base of the corresponding set. 

𝛾𝐶(𝐷) − 𝛾(𝐶−𝐶𝑗)(𝐷) =
𝑐𝑎𝑟𝑑(𝑝𝑜𝑠𝑐(𝐷))−𝑐𝑎𝑟𝑑(𝑝𝑜𝑠

(𝐶−𝐶𝑗)
(𝐷))

𝑐𝑎𝑟𝑑(𝑈)
   (3) 

when Cj  is removed from C, the value of γ𝑐𝑗(𝐷) will be changed to measure the 

importance of the attribute Cj. 
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Genetic Algorithm-Backpropagation Neural Network 

Backpropagation neural network 

 Backpropagation neural network is a simple gradient descent algorithm for 

supervising learning, which consists of an input layer, an output layer and one or more 

hidden layers. At the same time, BPNN has the advantages of self-learning, self-

organization, better fault tolerance and excellent nonlinear approximation ability. The 

following is a brief description of the implementation steps of BPNN: 

 (1) Network structure design: the number of network layers and the number of 

neurons in each layer are determined, which usually includes input layer, hidden layer and 

output layer. Set ni as the input layer; nh is set as the hidden layer and no is set as the 

output layer. 

 (2) Initialize weights and bias: the weight wij and the bias bj between the connected 

layers are randomly initialized. These parameters are constantly updated during training. 

(3) Forward propagation: the input data is propagated forward through the network 

to calculate the output of neurons in each layer. As for the neuron of No. n layer, the output 

can be expressed as: 

aj
(𝑛)

= f(∑  i wij
(𝑛−1)

ai
(𝑛−1)

+ bj
(𝑛)

)      (4) 

(4) Error calculation: the error is calculated at the output layer, namely the 

difference between the actual output and the expected output. It is commonly measured by 

mean square error (MSE). 

𝑀𝑆𝐸 =
1

M
∑  M

k=1 (yk − 𝑦̂k)2       (5) 

(5) Backpropagation: the gradient of each layer’s weight and bias is calculated 

according to the chain rule. These parameters are updated to reduce error. At layer n, the 

weigh update formula is as follows: 

 

wij
(𝑛)

= wij
(𝑛)

− 𝜂
∂E

∂wij
(𝑛)       (6) 

(6) Iterative training; the forward propagation, error calculation and 

Backpropagation steps are repeated until a predetermined stop condition is reached, such 

as a maximum number of iterations or error less than a certain threshold. 

 

Genetic algorithm 

Genetic Algorithm (GA) is an optimization algorithm based on the principles of 

natural selection and genetics, which aims to find the optimal solution by simulating the 

biological evolution process (Scrucca 2013). It evaluates each coding individual through a 

self-defined fitness function; and it removes the bad individual, selects the adaptive coding 

individual for selection, crossover and mutation. It also generates the post-generation group 

several times until the coding individual approaches the optimal solution. In this paper, 

GA-BPNN combines the advantages of both GA and BPNN and optimizes the weight and 

bias in BPNN through GA to improve the model performance. In GA-BPNN, GA is used 

to search for the best weight configuration, while BPNN is used to establish complex data 

mapping relationships (Fu et al. 2023). This combination makes the model not only have 

high accuracy but also can effectively avoid the problem of local optimal solution and 

improve the overall optimization effect. The flow chart of GA-BPNN is shown in Fig. 2 

and the steps are as follows: 
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(1) Initial population: at the beginning of GA, an initial population is randomly 

generated, with each individual (chromosome) representing a possible solution. Each 

individual consists of a set of parameters, which are usually variables for the problem to 

be optimized. 

Individual = [x1, x2, … , x𝑛]       (7) 

(2) Fitness assessment: for each individual, a fitness value is calculated based on 

its performance in the objective function. For example, as for the minimization problem, 

fitness can be defined as: 

Fitness =
1

1+f(x)
        (8) 

(3) Selection and crossover: select individuals for breeding based on fitness value. 

The common selection methods include roulette selection, tournament selection, which 

aims at preserving excellent genes and generating the next generation. Crossover is the 

process of combining two parent individuals to produce a new individual. The common 

crossover methods include single-point crossover and multi-point crossover. For example, 

in a single point crossover, a crossover point can be randomly selected to exchange the 

genes of the parent: 

C1 = [P1,1, P1,2, … , P1,k, P2,k+1, … , P2,n]     (9) 

(4) Mutation operation: mutation is the random change of certain genes in the 

newly generated offspring to increase the diversity of the population. Mutation can be 

achieved by simply and randomly adjusting certain parameters. For example, mutation 

can be represented by the following formula: 

Cj = Cj + N(0, 𝜎)        (10) 

(5) Stop condition: the newly generated next generation is combined with the 

original population; and the next generation population is selected according to the fitness; 

the elite strategy is usually adopted to retain several individuals with the highest fitness. 

Determine if the stop condition is met, such as reaching the maximum number of iterations 

or no significant improvement in fitness. If the condition is met, the current optimal 

individual is output as the optimization result. 
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Fig. 2. Operational process of the GA-BPNN model 
 

Shapley Additive Explanations 
 

The SHAP method estimates the impact of a feature by observing the model's 

behavior with and without that feature. To achieve this, the feature attribution problem is 

transformed into a cooperative game theory problem. The SHAP value is the unique, 

consistent, and local precise solution that calculates the contribution of each feature to the 

final output when an attribute is missing (with the missing feature's attribution set to zero). 

The SHAP value provides a numerical measure that indicates the average contribution of 

a feature to the model's prediction, considering all possible combinations of the other 

features. A positive value indicates that the feature has a positive impact on the prediction, 

while a negative value indicates a negative contribution. The Shapley value for a feature i 

in a feature set S is calculated as follows: 

∅i = ∑
|S|!(|N|−|S|−1)!

|N!|
(v(S ∪ {i}) − v(S))S∈N                            (11) 

When applying the SHAP framework, the first step is to train a machine learning 

model to predict user sentiment in furniture design. Then, SHAP is used to analyze the 

impact of each design feature on the user sentiment outcome. By examining the marginal 

contribution of each feature to the prediction, we can identify which features play a key 

role in predicting user sentiment in the design task. Specifically, SHAP represents the 

model's prediction f(x) as the sum of contributions from each feature, as shown in Formula 

(12). 

f(x) = ∅0 + ∑ ∅i
M
i=1                                                                 (12) 
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RESEARCH PROCESS AND RESULTS 
 

The bamboo chair in the bamboo furniture is taken as the research object in this 

study; and the feasibility of the proposed research framework is verified. As a unique form 

of furniture, the bamboo chair not only reflects the excellent characteristics of bamboo, 

such as light weight, strong, and environmentally friendly, but also integrates traditional 

crafts and modern design concepts, which has become a popular choice in the 

contemporary home environment. With the increasing attention to sustainable lifestyle, the 

market demand for bamboo chairs has also risen, especially in the pursuit of nature and 

environmental protection under the consumption trend. The bamboo chair shows broad 

prospects for development. In China, as a country with a long history of bamboo culture 

and rich furniture tradition, consumers pay attention to its practicality and comfort and to 

its cultural connotation and artistic value. In the product development process, the cultural 

background of consumers has a profound impact on their needs and preferences. Therefore, 

this study focuses on the analysis of Chinese consumers’ cognition and preference for 

bamboo chairs so as to provide more targeted suggestions and guidance for the 

development of bamboo furniture. Consumers in different regions and different cultural 

backgrounds have significant differences in the function, aesthetics, and usage habits of 

furniture. Therefore, when new product development is conducted, it is necessary to re-

investigate the needs of local consumers to ensure that the product can truly meet the 

expectations of the target market. 

 
Preliminary Preparation for Perception Experiment 
Collect and cluster Kansei words through KJ and PAD model 

In this study, through relevant literature, websites and books, 24 Kansei words 

about the bamboo chair are initially collected. These words are designed to capture 

consumers’ emotional and cognitive responses to bamboo chairs. However, too many 

Kansei words may increase the cognitive load of the participants, thus the quality of the 

questionnaire data will be reduced. In order to solve this problem, a group of five furniture 

design experts and five design graduate students were formed. KJ is an effective 

information organizing tool. By grouping and categorizing related words, the expert group 

can identify the most representative and influential Kansei words, thus simplifying the 

follow-up questionnaire design. In this study, KJ method was used to reorganize and 

classify the collected Kansei words, and cluster the Kansei words according to the principle 

of similarity (Fig. 3). Eight representative Kansei words were obtained: simple, creative, 

soft, flexible, tough, elegant, traditional, and ancient.  

 

 

Fig. 3. Bamboo chair representative Kansei word 
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To enhance the objectivity of clustering results, this study introduces the Pleasure-

Arousal-Dominance (PAD) emotional model to quantitatively calibrate the perceptual 

dimensions derived from the KJ method. By mapping each perceptual dimension onto a 

three-dimensional emotional space (pleasure, arousal, dominance), the emotional response 

mechanisms of users toward design features can be systematically interpreted. The PAD 

ratings in this study were determined through expert panel evaluations. The panel assessed 

the emotional intensity of sub-vocabulary items on a 1-9 scale, with consistency ensured 

via Kendall’s coefficient of concordance (W=0.82). Additionally, culturally sensitive terms 

were adjusted with reference to Mehrabian’s standardized PAD vocabulary database. Table 

1 presents the PAD scores and explanatory logic for each dimension and its sub-

vocabulary. Quantitative validation of the clustering results using the PAD model revealed 

significant emotional consistency within dimensions and clear emotional distinctions 

between them. Specifically, sub-vocabulary items under the same perceptual dimension 

exhibited highly convergent patterns in the PAD space. For instance, "Warm" and 

"Comfortable" in the "Soft" dimension both demonstrated extremely high pleasure (P=9) 

and very low arousal (A=2), with a standard deviation (SD) below 0.5. Conversely, 

"Strong" and "Sturdy" in the "Tough" dimension shared high arousal (A=7) and high 

dominance (D=8), with all dimensions showing a coefficient of variation (CV) below 15% 

for PAD scores. Meanwhile, significant differences were observed between dimensions in 

the emotional space, particularly in arousal levels. For example, the arousal intensity of the 

"Creative" dimension (A=8) was four times that of the "Ancient" dimension (A=2). 

Multivariate analysis of variance (MANOVA) confirmed significant overall PAD 

differences between dimensions (Wilks' λ=0.12, p<0.001), with arousal showing the most 

pronounced inter-group variance (F=37.52, p<0.0001). Discriminant analysis further 

indicated a 92% correct classification rate for vocabulary across dimensions, with a 100% 

distinction between "Creative" and traditional dimensions. The PAD model validated the 

intrinsic rationality of clustering through emotional quantification. These results 

demonstrate that the clustering outcomes of this study not only align with semantic logic 

but are also interpretable at the level of emotional response. 

 

Table 1.  PAD Scoring and Interpretation of Perceptual Vocabulary Clusters 

Emotional 
Dimension 

Sub-vocabulary P A D Interpretation Logic 

Simple Fresh, Minimalistic 7 3 5 
High pleasure (comfort from simplicity), low 

arousal (non-stimulating), medium dominance 
(easy to control) 

Creative Unique, Innovative 8 8 4 
High pleasure (excitement from innovation), high 

arousal (stimulates curiosity), low dominance 
(uncertainty) 

Soft Warm, Comfortable 9 2 6 
Extremely high pleasure (warm comfort), very 

low arousal (relaxation), medium-high dominance 
(environmental controllability) 

Flexible Witty, Rational 6 5 7 
Moderate pleasure (clever rationality), moderate 

arousal (requires thought), high dominance 
(logical control) 

Tough Strong, Sturdy 5 7 8 
Moderate-low pleasure (potential oppression), 

high arousal (power stimulation), high dominance 
(stability provides security) 

Elegant Exquisite, Gorgeous 8 4 6 
High pleasure (refined beauty), moderate-low 
arousal (calm elegance), medium dominance 
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(appreciation without ownership) 

Traditional Classic, Customary 6 3 7 
Moderate pleasure (familiarity), low arousal 
(conventional), high dominance (clear rules) 

Ancient Timeless, Heritage 7 2 5 
High pleasure (timeless value), very low arousal 

(nostalgic tranquility), medium dominance 
(historical weight) 

 

Collection of representative samples of bamboo chairs 

This study aimed to ensure that the research samples included different styles, 

functions, and design concepts of bamboo chairs, and ensure that the diversity of bamboo 

chairs in the market was fully reflected. In this study, a total of 120 bamboo chair samples 

were collected through various channels, including furniture exhibitions, design fairs, 

furniture stores and online platforms. The expert group focused on eliminating samples 

with excessive repeatability and chaotic background, which resulted in 50 representative 

samples that were retained. The design team used Photoshop to remove the background of 

samples, and the bamboo chair database of this study was formed, as shown in Fig. 4. 

 

 

Fig. 4. Bamboo chair sample database 
 

Morphological deconstruction table of bamboo chairs is construed through the 

morphological analysis 

Morphological analysis was used to analyze and deconstruct the design features of 

bamboo chairs, which aims at establishing the relationship between users and products 

when the mapping models are constructed (Wang et al. 2024). Morphological analysis is a 

systematic analysis tool that helps researchers understand the structure, function and 

aesthetic characteristics of a product by breaking down its various components. In this 

process, the expert group first observed the overall shape of the bamboo chairs and 

identified its main components, including the back of the chair, the seat surface, the 

armrest, the legs and the way of bamboo-weaving. Each design component element was 

subdivided again as an independent variable, and finally the morphological deconstruction 

table of the bamboo chairs was established (Fig. 5). 
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Fig. 5. Operational process of the GA-BPNN model 
 
Extract the Optimal Emotional Needs of Users 

Perception experiment of users on bamboo chairs 

In the stage of users’ perception experiment on bamboo chairs, 7-step Likert scale was 

used in this study to conduct perception experiment on users. Firstly, the questionnaire of 

perception evaluation and satisfaction evaluation was made. The content of the 

questionnaire covered the user perception evaluation and satisfaction rating of 50 

representative samples to comprehensively understand the consumers’ emotional response 

and user experience of bamboo chairs. A total of 150 Chinese consumers were invited to 

participate in the questionnaire survey, with 8 invalid responses excluded, resulting in 142 

valid questionnaires retained for analysis. Table 1 summarizes the demographic 

characteristics of respondents, including gender distribution (52.1% female, 47.9% male), 

age groups (18-25: 38.7%, 26-35: 41.5%, 36-45: 19.8%), geographic regions (First-tier 

cities: 63.4%, Central/Western China: 36.6%), and occupational categories (students: 

28.2%, professionals: 44.4%, others: 27.4%). The mean values of questionnaire responses 

were calculated to construct the users' perception and satisfaction evaluation matrix, as 

shown in Table 1. 

A comprehensive survey of 142 Chinese consumers was conducted to explore their 

emotional needs and perceptions in seating design. The stratified analysis reveals 

systematic variations in Kansei responses across demographic cohorts. The analysis 

revealed systematic variations in Kansei (aesthetic and emotional response) across 

different demographic cohorts. Gender differences highlighted distinct preferences: 

females showed stronger evaluations for "Soft," while males emphasized "Tough." 

Students and professionals exhibited differentiated preferences, with students valuing 

"Creative" and " Flexible," and professionals favoring "Elegant" and " Traditional." 

Manual workers' unique association with "Ancient" materials suggests a cultural and 

emotional connection to traditional craftsmanship. Additionally, urban hierarchy contrasts 
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revealed modernization gradients, with first-tier city residents showing stronger 

connections between "Creative" and "Elegant," aligning with globalized design trends, 

while second-tier residents preserved "Traditional" and "Ancient" aesthetics. The above 

research has identified heterogeneity in the emotional needs of different groups, so there is 

a need to continue to gain insight and extract key emotional needs based on the above to 

inform the design process and close the gap between consumer expectations and product 

design. 

 

The optimal emotional needs of users extracted by rough set theory 

By identifying the emotional needs that have a significant impact on users’ 

satisfaction, the emotional factors that do not have a significant impact on users’ 

satisfaction can be effectively reduced. This process not only simplifies the complexity of 

data analysis but also improves the efficiency and accuracy of the model. In actual 

operation, SPSS software was used in this study to process the data in Table 2 by binning 

process. The first interval was defined as discrete value 1; the second interval was defined 

as the discrete value 2 and the third interval was defined as the discrete value 3. The binning 

processing interval is shown in Table 3. A decision table containing 8 kinds of emotional 

needs and satisfaction was established, in which the Kansei needs are conditional attributes, 

and the users’ satisfaction is the decision attribute, as shown in Table 4. 
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Table 2.  The Users’ Perception and Satisfaction Evaluation Matrix 

No. Simple Creative Soft Flexible Tough Elegant Traditional Ancient Satisfaction 

1 3.225 3.713 3.960 4.120 4.040 4.160 3.213 3.140 4.040 

2 3.688 3.150 3.680 4.080 4.160 3.640 3.163 3.650 4.040 

3 3.750 3.738 4.240 4.280 3.840 3.800 3.788 3.460 4.400 

…… …… …… …… …… …… …… …… ……  

48 3.050 3.800 4.000 4.200 4.160 4.000 3.213 3.710 3.760 

49 3.013 3.675 4.040 4.640 4.520 4.240 3.125 3.750 4.160 

50 3.213 3.225 4.400 4.400 4.280 4.440 3.763 3.720 4.080 

 

Table 3.  Data Interval Separation 

First interval 3.0125-3.28 3.1-3.45 3.52-3.97 3.4-3.86 3.48-3.96 3.24-3.68 3.125-3.36 3.02-3.64 3.24-3.90 

Second interval 3.28-3.55 3.45-3.80 3.97-4.42 3.86-4.33 3.96-4.44 3.68-4.12 3.36-3.6 3.64-4.26 3.9-4.57 

Third interval 3.55-3.825 3.80-4.16 4.42-4.88 4.33-4.8 4.44-4.92 4.12-4.56 3.6-3.83 4.26-4.88 4.57-5.24 

 
Table 4.  Rough Set Theory Decision Attribute Matrix 

No. Simple Creative Soft Flexible Tough Elegant Traditional Ancient Satisfaction 

1 1 2 1 2 2 3 1 1 2 

2 3 1 1 2 2 1 1 1 2 

3 3 2 2 2 1 2 3 3 2 

…… …… …… …… …… …… …… …… …… …… 

48 1 2 2 2 2 2 1 1 1 

49 1 2 2 3 3 3 1 1 2 

50 1 1 2 3 2 3 3 3 2 

 

Table 5.  Weighting of Perceptual Needs 

Kansei words Weight Kansei words Weight 

Simple 0 Creative 0 

Soft 0.105263157894737 Flexible 0.157894736842105 

Tough 0.368421052631579 Elegant 0.368421052631579 

Traditional 0 Ancient 0 
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On this basis, the software platform MATLAB 2022Rb was used in this study to 

screen out the Kansei needs that have an important impact on users’ satisfaction through 

the attribute reduction algorithm of RST. The weight value of each emotional demand is 

shown in Table 5. Through the comprehensive consideration of expert group, the emotional 

needs that have an impact on consumers’ satisfaction were retained, namely soft, elegant, 

tough and flexible. This process helps this study focus on key emotional needs, thereby 

eliminating redundant information and providing clearer and more precise input for 

subsequent data modeling and algorithm development. 

 

The Mapping Models Between Key Kansei Needs and Design Elements are 
Built by GA-BPNN 

Based on the previous research, the mapping model between the Kansei needs of 

key users and the key design components was constructed so that it can complete the 

learning and prediction tasks. Firstly, 50 representative samples of bamboo chairs were 

disassembled into a combination of design components. Secondly, all samples were unified 

into 100px square png images. Since the above perception questionnaire covers 8 

emotional needs, excessive emotional needs may affect the data results of key emotional 

factors. So, at this stage, the authors re-collected users’ feedback on the key emotional 

needs of bamboo chairs, and 150 participants were invited to participate in the perception 

experiment by using the 7-step Likert scale. Participants rated each emotional needs 

according to their own experience in order to more accurately reflect their emotional 

cognition and preferences for bamboo chairs. For the corresponding explanation of the 

questionnaire tasks provided by the subjects, “tough” represents the robustness and 

durability of bamboo chairs, which reflects its high-quality materials and processes. 

Therefore, it can withstand greater pressure and abrasion during use. “Elegant” reflects the 

design beauty and artistic atmosphere of the bamboo chair, which reflects its exquisite and 

elegant appearance and can enhance the taste of the overall home environment. “Flexible” 

represents the lightness and flexibility of the bamboo chair, which makes it easy to move 

and adjust and can adapt to different use scenarios and needs. Thus the convenience and 

comfort will be brought to users. “Soft” represents the gentle and comfort characteristics 

of bamboo chairs, which reflects the smooth lines and affinity of its design. It also reflects 

the choice of natural colors, which makes the bamboo chair be more easily integrated into 

the home environment. Thus a peaceful and harmonious atmosphere will be created and 

the users’ comfort will be enhanced. Finally, 143 valid data were retained; the statistical 

analysis of the results’ mean value was carried out; the database is provided for the 

subsequent establishment of the mapping model, as shown in Table 6. 
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Table 6.  Perceptual Mapping Model Matrix 

No. 

Design Components Key Kansei Needs 

The 
back of 

the 
chair 
(X1) 

The 
seat 

surface 
(X2) 

The 
armrest 

(X3) 

The 
legs 
(X4) 

The way 
of 

bamboo-
weaving 

(X5) 

Soft Flexible Tough Elegant 

1 1 5 1 1 1 3.110 2.970 3.040 3.440 

2 2 1 1 1 1 3.080 3.420 3.450 3.430 

3 3 1 1 1 1 3.280 3.630 3.810 3.260 

…… …… …… …… …… …… …… …… …… …… 

48 4 3 3 3 2 3.500 3.510 3.880 3.480 

49 4 1 1 3 3 3.200 4.920 3.510 3.610 

50 1 5 1 3 1 3.150 2.340 2.860 3.690 

 

The attribute coding of five design components was used as the input layer; and the 

mean attribute of key emotional needs evaluation was used as the output layer. The Kansei 

mapping model of GA-BPNN was modeled under MATLAB2022Rb software platform. 

The genetic algorithm was used to optimize the Backpropagation neural network. The set 

GA parameters include population size of 50, iteration number of 50, crossover probability 

of 0.8, mutation probability of 0.05, learning rate of 0.01; the fitness function uses the root-

mean-square error (RMSE). The number of nodes in the input layer of the BPNN model 

was determined to be 5 according to the number of features; the number of nodes in the 

output layer was 4 according to the key emotional needs; the number of nodes in the hidden 

layer was set to the value between the number of nodes in the input layer and the number 

of nodes in the output layer. In the course of training, the weight is updated by means of 

mean square error or cross entropy loss function through Backpropagation algorithm to 

improve the performance of the model. 90% of the samples are set as the training set and 

the remaining 10% are set as the test set. After multiple training, the four Kansei mapping 

models all converge to a good parameter model; the parameter results of the training set 

show that R2 is greater than 0.9 and the RMSE is less than 0.2. The parameter results 

indicate that the model trained in this study has good prediction performance and high 

fitting degree. Finally, the test set is used to test the model; and the results of the test set 

parameters show that R2 is greater than 0.88 and RMSE is less than 0.21. The results show 

that the prediction results of the model in this study have little difference from the real 

value; and it can be used for the subsequent design combination prediction research, which 

is in line with the experimental expectations. In summary, the experimental results of this 

study show that the constructed GA-BPNN Kansei mapping model has good predictive 

performance and can be used to establish the mapping relationship between the 

components of bamboo chair design and Kansei needs. The parameters of the Kansei 

mapping model are shown in Table 7. The model fitness change curves, test set and training 

set fitting curves are shown in Fig. 6. 
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Fig. 6. GA-BPNN test set and training set data fitting plots 
 

Table 7.  The Parameters of the Kansei Mapping Model 

Kansei needs 
Test set fitting data Training set fitting data 

R2 RMSE R2 RMSE 

Flexible 0.94525 0.1851 0.93664 0.20964 

Soft 0.93553 0.11221 0.90787 0.14133 

Tough 0.97773 0.102 0.92723 0.17343 

Elegant 0.91897 0.10353 0.88314 0.093295 

 

In addition, we have incorporated the SHAP framework into the GA-BPNN algorithm 

to analyze the contribution of design features to different user emotions. The contribution 

of each feature to user emotions is calculated, highlighting which design features have a 

significant impact on user emotions and which have a smaller effect. First, a bee swarm 

plot was used (Fig. 7) to visualize the influence of five design features on four types of user 

emotions. Each point in the bee swarm plot represents the SHAP value of a specific feature 

for a given sample. These points are arranged along the horizontal axis according to the 

SHAP value of the feature (i.e., the contribution of the feature to the prediction result), 

while the vertical position (i.e., the position along the vertical axis) helps display the 

distribution of different features. Additionally, a bar chart was used to show the average 

impact of the design features, representing the overall contribution of different design 

features to user emotion prediction results, as shown in Fig. 8. 
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Fig. 7. SHAP swarm diagram 

 

Fig. 8. SHAP bar graph 



 

PEER-REVIEWED ARTICLE               bioresources.cnr.ncsu.edu 

 

 

Huang et al. (2025). “Bamboo furniture design,” BioResources 20(3), 7107-7133.  7125 

The users’ demand of “flexible” is taken as an example; the validity of the proposed 

research framework is verified. The five design components extracted by the expert group 

have a total of 6×5×5×5×5=3750 design combinations. The design combination data set is 

encoded as GA-BPNN input layer parameters; and the corresponding Kansei evaluation is 

calculated by mapping model, among which the highest Kansei evaluation is 4.3368. The 

corresponding design combination parameter is (5,1,1,2,5); The feature parameters 

correspond to the backrest 5, seat cushion 1, support 2 and texture 5 in the morphological 

feature table. Based on the SHAP results, in the user emotion "flexible," the influence of 

"The way of bamboo-weaving" (X5) and "The seat surface" (X2) is the highest, making 

them the focal points of the design. "The back of the chair" (X1) and "The armrest" (X3) 

have a moderate level of influence and should still be considered during the design process. 

"The legs" (X4) have the lowest level of influence, and thus are not a primary consideration 

in the design process. Based on the optimal design parameter combination predicted by the 

GA-BPNN and the most influential design features identified through SHAP analysis, we 

have conducted a comprehensive design of the chair. AIGC is used to generate images and 

the key words of “flexible” and “bamboo chair” are added after repeated training to 

generate product images, as shown in Fig. 9. At the same time, this study carried out a 

detailed dimensional design of the bamboo chair based on ergonomic principles and 

constructed an accurate product model using Rhino7.5 3D modelling software. The design 

provides a reliable size reference basis for similar furniture, and its complete three-view 

display is shown in Fig. 10. With its unique design concept, the flexible bamboo chair 

shows the combination of nature and practicality. The curved backrest fits the curve of the 

body, which provides comfortable support. The folding handrail design is flexible and 

convenient for users to relax. The square cushion is simple and generous, which 

complements the warm texture of bamboo with each other. The support of the chair consists 

of four external expansion parts to ensure stability and sense of security. The skew cross 

bamboo weaving process enhances the robustness of the structure and at the same time, it 

gives the chair a light visual effect. 

 

  

Fig. 9. “Flexible” Bamboo chair sensuous intentional design practice 
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Fig. 10. “Flexible” Bamboo chair three views and dimensions 
 

Finally, the questionnaire of flexible bamboo chairs’ Kansei design scheme was 

adopted by using the 7-step Likert scale. The perceptual evaluation study employed a 

rigorously designed 7-point Likert scale questionnaire (1 = "strongly disagree" to 7 = 

"strongly agree") to assess flexible bamboo chair designs, with 100 qualified participants 

(52 female, 48 male; aged 18-45) recruited through stratified sampling across three 

representative cohorts: 30% professional furniture designers, 40% frequent eco-friendly 

furniture consumers, and 30% home furnishing retail purchasers, all screened for minimum 

2 years of furniture usage experience and material bias exclusion. The survey was 

administered under controlled environmental conditions via Credamo platform with 

attention-check questions, achieving an 83.6% response rate (107/128) with 7 invalid 

responses excluded. The resulting data showed excellent internal consistency (Cronbach's 

α = 0.89) and a mean Kansei score of 5.815 (SD = 0.71), significantly exceeding the 

predefined 4.25 threshold (one-sample t-test, p < 0.001, Cohen's d = 1.92), thereby 

statistically validating the framework's effectiveness for guiding emotionally resonant yet 

technically feasible product development. Product companies can use this research method 

as an important reference to guide the early stage of product design and development, thus 

meeting the emotional needs of users and improving consumers’ purchase willingness. 

Despite the subjectivity and uncertainty of users' perceptions, the methodology 
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proposed in this study is effective in ensuring that this uncertainty does not affect the 

physical feasibility of the final furniture design. Throughout the design process, we first 

determined the basic structure of the furniture before guiding the user to generate 

perceptual awareness. In other words, core structural factors such as support methods, 

connecting nodes and material bearing paths are locked in as a stable design foundation 

before entering the perceptual feedback process of user engagement. In addition, this study 

utilises RST to systematically deal with perceptual ambiguities, while GA-BPNN and 

SHAP to steer the design search space in a direction that is both desirable and practically 

achievable. Parametric constraints are used throughout the model design process to ensure 

manufacturability and functional robustness. This internal stability structure is maintained 

during the conceptual design generation phase. The system introduces consumer 

preferences and perceptual characteristics only to the extent that this structure allows for 

personalised expression. The final output is not just an aesthetic presentation, but an 

optimised result of user perception, designer's professional judgement and structural 

feasibility. Through this systematic modelling and constraint mechanism, this study 

ensures that the generated furniture design solutions are still structurally sound and feasible 

in actual manufacturing and usage scenarios, while achieving personalisation and 

innovation. 

 

 

RESULTS AND DISCUSSION  
 

 KE is taken as the research framework, RST is combined with GA-BPNN in this 

study to develop the shape design method of bamboo furniture; the bamboo chair is taken 

as the research object to verify the feasibility of the method. The proposed method is 

universal and targeted. Specific emotional needs can be collected for different target user 

groups; the corresponding product features can be deconstructed for different design 

objects. The RST attribute reduction algorithm can help designers extract the emotional 

needs with the highest user satisfaction from many needs; and the direction of product 

design is clarified. The morphological deconstruction method is used to deconstruct 

product design components. GA-BPNN is used to establish a mapping model between key 

emotional needs and components, which can predict product design parameters in line with 

users’ emotional preferences. Thus, the emotional semantics of products can be improved. 

 
Comparison of Extracting Kansei Needs Between Rough Set Theory and 
Traditional Methods 

In the contemporary product environment, identifying the emotional needs of users 

has become increasingly important. With the intensification of market competition and the 

improvement of consumer expectations, simply focusing on the functionality of products 

can no longer meet the increasingly diversified needs of users. Emotional needs not only 

affect users’ satisfaction with products, but also directly relate to brand loyalty and market 

competitiveness. Therefore, in-depth understanding and accurate extraction of users’ 

emotional needs is an indispensable part of the product design and development process. 

Many scholars have proposed different methods to extract users’ emotional needs. For 

example, Analytic Hierarchy Process (AHP) (Zuo and Wang 2020) is widely used to build 

decision models and assign weights to various emotional factors through expert evaluation. 

However, this approach is often influenced by subjective judgment, which can lead to 

inconsistent results. In addition, factor analysis is also used to identify potential emotional 
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factors and simplify complex information through data dimensionality reduction, but its 

effectiveness depends on sample size and data quality. Grey correlation analysis (GRA) 

evaluates the importance by calculating the correlation degree between emotional factors 

and ideal solution; but it also faces the problem of subjectively selecting reference 

sequences and it is difficult to deal with fuzzy and uncertain information (Zhou et al. 

2023b). In contrast, RST has obvious advantages in extracting emotional needs. RST can 

effectively deal with the uncertainty and ambiguity in the data; and it can analyze the 

relationship between different attributes through the decision table to reveal the potential 

correlation. In addition, it does not rely on prior knowledge, thus reducing the impact of 

subjective biases on the results. It can also screen out the most influential emotional needs, 

which simplifies the analysis process. Therefore, in face of complex and changeable users’ 

needs, RST provides a more comprehensive, objective and flexible method for demand 

extraction in KE. 

 
Comparison between GA-BPNN and Traditional Kansei Mapping Model 

After determining the core components of product design, how to effectively 

connect these elements with users’ Kansei needs is one of the core tasks of KE. Traditional 

Kansei models such as quality function deployment (QFD) (Dolgun and Köksal 2018), 

QT-1 model and fuzzy QFD, provide a structured approach to product design to a certain 

extent, but they also have some obvious shortcomings. Firstly, QFD is taken as an example. 

It guides product development by translating customer needs into technical requirements. 

However, QFD is often unable to deal with complex, multi-dimensional emotional needs 

because it relies on expert experience and subjective judgment, which can easily lead to 

information loss or misunderstanding. Although QT-1 model introduces quantitative 

analysis, it lacks flexibility in face of dynamic market demand changes. Although fuzzy 

QFD tries to deal with uncertainty through fuzzy logic, its calculation process is 

complicated and it is difficult to realize efficient data processing. With the development of 

artificial intelligence technology, many emerging methods such as BPNN (Wang et al. 

2024) and support vector regression (SVR) (Lian et al. 2022; Ren et al. 2025) have been 

gradually introduced into the construction of Kansei mapping model. As a typical machine 

learning, BPNN can establish a nonlinear relationship between input and output through 

learning historical data. However, BPNN is easy to fall into the local optimal solution 

during training and it is very sensitive to the selection of hyper parameters, which may lead 

to the instability of model performance. SVR performs regression analysis by finding the 

best hyper plane; and it performs well in processing small samples and high-dimensional 

data, but it has high requirements for kernel function selection and parameter adjustment; 

and it has low computational efficiency on large-scale data sets. Compared with the above 

methods, the GA-BPNN shows more significant advantages. GA is an optimization 

algorithm based on natural selection and genetics. It stimulates the mechanisms of 

selection, crossover and mutation in the process of biological evolution; and it gradually 

evolves better solutions by evaluating the fitness of individual solutions. The combination 

of genetic algorithm and BP neural network to form GA-BPNN can give full to the 

advantages of both sides. Specifically, GA-BPNN firstly uses genetic algorithm to optimize 

the structure and weight of BP neural network. In this process, the selection, crossover and 

mutation of GA are carried out by evaluating the fitness of multiple individuals (namely 

different network configuration) to find the best combination of network parameters. This 

method not only improves the convergence speed of BPNN in the training process, but also 

enhances the prediction ability of the model. When constructing Kansei mapping models, 
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GA-BPNN can more effectively capture the complex relationship between design elements 

and Kansei requirements; and it can provide more accurate and reliable prediction results. 

In this study, the results of the perceptual evaluation data were brought into the BPNN and 

SVR isofunctional models for quantitative comparison with GA-BPNN.  

Table 8 shows the comparative performance of SVR, BPNN, and GA-BPNN 

models in predicting four key Kansei attributes (Flexible, Soft, Tough, Elegant) across 

training and test sets. The GA-BPNN hybrid model demonstrates remarkable optimization 

capability in training scenarios, achieving the highest average R² (0.944) and lowest RMSE 

(0.154) among all models, indicating exceptional learning capacity and parameter 

optimization. In comparison, the R² of GA-BPNN is significantly higher than that of SVR 

(training set +14.98%, test set +16.73%) and BPNN (training set +8.26%, test set 

+12.29%), indicating stronger model explanatory power. The RMSE (Root Mean Square 

Error) of GA-BPNN is approximately 50%~55% lower than that of SVR and 42%~45% 

lower than that of BPNN, indicating a significant reduction in prediction errors. In 

summary, when constructing Kansei mapping model, GA-BPNN not only overcomes some 

inherent defects of BPNN but also improves the performance of the model in practical 

applications compared with traditional methods and other modern machine learning 

technologies. It also provides a more effective solution for the field of KE. 

 

Table 8.  Comparison of Mapping Model Parameter Results of BPNN and SVR 
with GA-BPNN 

Kansei needs 
Test set fitting data Training set fitting data 

R2 (avg) RMSE (avg) R2 (avg) RMSE (avg) 
SVR 0.783 0.312 0.821 0.285 

BPNN 0.814 0.267 0.872 0.231 

GA-BPNN 0.914 0.154 0.944 0.126 

 
 
CONCLUSIONS 
 

1. In this study, Genetic Algorithm-Backpropagation Neural Networks (GA-BPNN) is 

used to construct a mapping model between design elements and emotional needs. The 

evaluation results of the subjects show that it is significantly higher than the mean value, 

which improves the emotional semantics of products and proves the feasibility of the 

proposed research framework.  

2. A Kansei Engineering (KE) model combining Rough Set Theory (RST), GA-BPNN 

and Shapley Additive Explanations (SHAP) is proposed to optimize the AI-assisted 

method of product shape design. 

3. RST attribute reduction algorithm is used instead of the traditional method to extract 

the key users’ emotional needs, which provides a more efficient and accurate method 

for this field. Thus, the designer can accurately grasp the users’ needs. At the same time, 

SHAP interpretability analysis is used to examine the functioning mechanism of the 

GA-BPNN, revealing which design parameters are key factors influencing user 

emotions. 

4. In this study, KE words are used as a summary in the extraction of users’ emotional 

needs and are limited to simple adjectives and do not accurately describe complex 
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emotional needs. In the future, it is suggested to consider introducing physiological 

instruments such as eye tracker, electroencephalogram to comprehensively measure 

users’ emotional needs. 
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