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importance in meeting elderly users’” expectations. To further explore variation
in user preferences, K-means clustering was used to segment respondents based
on their Kano response patterns. Three distinct user clusters were identified,
each demonstrating different feature prioritization strategies. One cluster

emphasized comfort-enhancing features, such as body massage and automatic
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warm-air drying, while another placed greater importance on essential safety
functions, including fall detection and emergency alerts. By integrating the Kano
model with K-Means clustering, this study proposes a data-driven, customer-
centric design framework that supports informed decision-making in assistive
technology development. The findings enable designers and manufacturers to
balance core safety requirements with differentiated features tailored to diverse
elderly user segments, ultimately enhancing usability, independence, and
overall user satisfaction.

Keywords: Kano model; K-mean clustering; customer satisfaction; data-driven design;
automated devices

1. Introduction

Recently, automated devices designed explicitly for older adults have
gained significant importance [1, 2]. As technological advancements continue to
transform various aspects of our lives, healthcare and assistance for older adults
are no exception. The development of automated devices catering to the specific
needs of the elderly population holds immense potential to improve their overall

quality of life and independence [2, 3]. The aging population faces unique challenges related to mobility,
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health, and daily tasks that are often physically demanding [4-6]. Automated devices offer innovative
solutions to these challenges by incorporating advanced technologies and intelligent features [7]. Such devices
are designed to assist older adults with daily activities, promoting safety, convenience, and a sense of
empowerment [8, 9]. The importance of automated devices for older adults goes beyond mere convenience.
They contribute significantly to the physical and emotional well-being of seniors, allowing them to maintain
independence and dignity [10]. By reducing physical strain and potential hazards, these devices promote a
sense of confidence and self-sufficiency, leading to improved mental health and overall satisfaction [11, 12].
Furthermore, automated devices can provide peace of mind for caregivers and family members who may have
concerns about the safety and well-being of their elderly loved ones. With the assistance provided by these
devices, caregivers can be reassured that their elderly relatives receive the necessary support and care they
need while minimizing the risk of accidents and injuries [13, 14].

Automated devices address mobility and health challenges among older adults by providing creative
solutions to support daily tasks and increase independence. These devices enable a higher quality of life for
the elderly by streamlining and simplifying tasks such as medication management [15, 16], home monitoring
[17-19], and personal assistance [20, 21]. One area where the development of automated devices has shown
great promise is personal hygiene [22, 23], particularly in automatic shower devices. Traditional showering
can be physically strenuous and pose risks for elderly individuals, such as slips and falls [24]. Elderly
individuals often face challenges with bathing, including difficulty getting in and out of the bathtub and the
need for assistance due to safety concerns, highlighting the importance of innovative solutions that can
provide greater independence and support [25]. A mechanical shower device can alleviate these concerns by
incorporating automatic soaping, temperature control, and safety mechanisms [25, 26]. Despite the growing
importance of automated devices designed for older people and their potential to enhance their quality of life
and independence, a greater understanding is needed concerning the specific customer satisfaction factors
that should be prioritized in designing such devices [27, 28]. While existing studies have explored the benefits
of automated devices for older adults, few have applied a systematic approach [25, 26]. Therefore, more
research is needed to fill the knowledge gap and to comprehensively understand the unique needs and
preferences of older adults regarding automated devices, particularly for personal hygiene.

This study aims to bridge this gap by applying the Kano model to identify and evaluate the coefficients
of customer satisfaction and dissatisfaction for key features of an automated shower device for older adults.
K-Means clustering is further applied to segment users by their Kano response patterns, revealing distinct
groups with shared preferences and expectations. While the combined use of the Kano model and clustering
techniques has been explored in previous studies, the novelty of this research lies in its application to an
elderly-centered automated shower system, supported by expert-driven feature elicitation and cluster-level
interpretation explicitly linked to design implications for assistive technologies. This integrated approach
enables a data-driven understanding of heterogeneous user needs across elderly subpopulations and supports
more targeted, user-centered design strategies. The findings provide practical guidance for developing
automated shower devices that enhance safety, usability, and overall well-being among elderly users.

2. Literature review
2.1 Application of the Kano Model in Data-Driven Design

The Kano model is widely recognized as an effective method for identifying and prioritizing customer
needs by assessing their impact on overall satisfaction. The Kano model enables developers to discern
essential, expected, and potentially agreeable elements by categorizing features into basic, performance, and
agreeable categories [29-31]. A BERT-TCBAD-Kano-based method was developed to extract and prioritize
user requirements from online reviews [32]. By combining sentiment analysis, complaint classification, and
Kano evaluation, the study achieved a 30% improvement in prediction accuracy over the traditional Kano
model, supporting more effective user-centered product design. Wang et al. [33] integrate the Kano model
into a UGC-driven framework to identify how different product attributes influence user satisfaction and
dissatisfaction. By analyzing user-generated content and clustering user needs, the Kano model categorizes
factors that affect continuance and discontinuance intentions, offering a data-driven approach to
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understanding the user experience. Cavacece et al. [34] apply the Kano model to explore the nonlinear
relationship between digital health service quality and user satisfaction, highlighting that distinct service
attributes affect satisfaction and dissatisfaction differently. It advances prior research by moving beyond linear
assumptions and emphasizing user-centered design in digital health contexts. Li et al. [35] apply the Kano
model, along with satisfaction and sensitivity coefficients, to evaluate functional requirements for health-focused
e-sports chairs. By identifying essential, one-dimensional, and attractive features, the research offers a hierarchical
design strategy that enhances user satisfaction while optimizing production through non-differentiated
functions. These studies reinforce the methodological grounding of our research and highlight the growing
trend of using Kano-based frameworks to guide the design of personalized, health-supportive technologies.

2.2 K-Means clustering

K-Means clustering is widely used for customer segmentation due to its simplicity and efficiency. This
algorithm operates by grouping customers into distinct clusters based on similarities in their behaviors,
preferences, or usage patterns, making it a powerful tool for uncovering hidden structures in large datasets
[36]. Its core strengths lie in its computational speed and ease of implementation, enabling it to handle high-
dimensional data efficiently. K-Means is particularly effective in applications such as market segmentation
[37], personalized marketing, and behavioral profiling, where identifying homogeneous groups within
diverse customer bases can lead to more targeted strategies and optimized service offerings. Despite its
simplicity, it often yields meaningful insights that can drive decision-making in both business and engineering
contexts. To enhance the traditional approach by introducing a nearest-neighbor density matrix and adaptive
cluster selection [38], overcoming limitations such as sensitivity to initial centers and predefined cluster
numbers. The improved method offers higher accuracy and stability, making it well-suited for analyzing
customer behavior and demand patterns in power systems. Zhao et al. [39] enhance customer segmentation
by extending the traditional K-Means clustering method with an elastic net penalty term, addressing
challenges in high-dimensional data arising from weekly RFM variables. The improved method offers better
clustering accuracy and variable selection, making it more effective for analyzing online customer behavior in
omnichannel retail settings. Fang and Liu [40] applies and improves the K-Means algorithm for customer
segmentation, aiming to enhance CRM effectiveness. It introduces a customer value evaluation system using
AHP and clustering to classify customers. To address limitations of traditional K-Means, the study proposes
two improved algorithms—one that automatically determines the optimal number of clusters, and another
that boosts efficiency by combining sampling and agglomeration. The approach supports more accurate
customer value analysis and decision-making in enterprise environments.

The review of prior research supports the suitability of both the Kano model and K-Means clustering
as methodological foundations for this study. The Kano model has been widely used to classify user
requirements into Must-Be, One-Dimensional, Attractive, Indifferent, and Reverse categories, enabling
systematic feature prioritization based on their impact on user satisfaction. Its application across diverse
domains demonstrates its effectiveness in capturing nonlinear relationships between product attributes and
user perceptions. In the context of automated shower design for older adults, the Kano model provides a user-
centered framework for distinguishing essential safety-related features from value-adding functions. The
integration of K-Means clustering further enhances this approach by identifying latent user segments with
differing expectations. Prior studies have shown that clustering techniques are effective for preference-based
segmentation, supporting more targeted and inclusive design strategies. When combined with the Kano
framework, clustering reveals how different user groups prioritize feature categories, offering deeper insight
for design decision-making. Overall, the combined use of the Kano model and K-Means clustering aligns with
best practices in user-centered product development and strengthens the analytical depth of this study.
Together, these methods support a design approach that is both functionally responsive and adaptive to
demographic diversity, making them well-suited to the research objectives.
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3. Methods
3.1 Kano model

The Kano model considers both the subjective aspects of satisfaction and dissatisfaction as well as the
objective elements of functionality [41-43]. It seeks to understand how a product or service's features and
attributes influence user acceptance and satisfaction. The Kano model is critical and can be divided into five
categories, as shown in Figure 1. These classifications are based on the varying levels of acceptance and
satisfaction they provide users [44-46].

Customer
satisfaction

Altractive

One-dimensional

Not Indifferent

fulfilled

Fulfilled
Must-be

Reverse

Customer
dissatisfaction

Figure 1. The Kano model [28]

Based on their characteristics, the Kano model systematically classifies user requirements and ranks
them by the importance of achieving user satisfaction [47, 48]. This model offers a helpful framework for
recognizing and satisfying users' needs and expectations. The Kano model can be used by businesses to
categorize user requirements by their impact on customer satisfaction. The Kano model helps prioritize
resource allocation and effort in product development by categorizing user requirements [49]. It enables
companies to identify and focus on the key factors that significantly impact user satisfaction. This strategy
allows businesses to allocate resources wisely and deliver goods and services that meet or exceed customer
expectations [50]. The Kano model also offers a deeper comprehension of the dynamic nature of user
requirements. It acknowledges that user satisfaction is influenced by various factors, including users'
perceptions and expectations, as well as the presence or absence of attributes. Overall, the Kano model
provides a comprehensive framework for categorizing and prioritizing user requirements based on their
impact on user satisfaction. Businesses can use this model to make informed decisions about resource
allocation and product development strategies, ultimately improving user satisfaction and gaining a
competitive advantage in the market [51, 52].

3.2 Participants

A comprehensive participant study was conducted, specifically targeting adults aged 60 or older. This
study was conducted as a non-invasive, questionnaire-based investigation of design requirements and user
preferences for an automatic shower system for elderly users, using the Kano model. A total of 63 elderly
participants were recruited using convenience sampling from local community centers and public residential
areas. Inclusion criteria required participants to be aged 60 years or older, in generally good physical
condition, and capable of independently understanding and completing the questionnaire. The study did not
involve medical treatment, physical experimentation, or prototype testing, nor did it collect sensitive personal
or health-related information. Participation was voluntary, and all participants were clearly informed of the
study objectives and procedures before participation. Informed consent was obtained before data collection.
Participant anonymity and data confidentiality were strictly maintained throughout the study. This cross-
sectional study aimed to evaluate their unique requirements and preferences in depth. Subsequently, the
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collected data were analyzed using the widely recognized Kano model, a methodology commonly used for
evaluating customer satisfaction. To further explore patterns in user expectations, K-Means clustering was
applied to segment participants into distinct groups based on their Kano response profiles. This combined
approach enabled a deeper understanding of the heterogeneity among elderly users, offering actionable
insights for the development of more personalized and effective automated shower device designs.

3.3 Developing quality evaluation dimensions and characteristics

The initial set of product features was identified through a structured expert brainstorming process
involving a multidisciplinary panel with expertise in product design, mechanical engineering, and elderly
care-related system design. The expert panel consisted of five professionals selected using purposive sampling
based on their domain expertise and practical experience relevant to assistive shower system design. The panel
included specialists in human factors engineering, automation engineering, and elderly care nursing, ensuring
coverage of ergonomic design, system functionality, and user safety considerations. Experts were selected
based on the following criteria: (1) a minimum of five years of professional or research experience in their
respective fields, (2) direct involvement in product design, automation systems, or elderly care services, and
(3) familiarity with assistive technologies or safety-oriented system design. The panel size was considered
appropriate for early-stage feature identification and was consistent with exploratory engineering design
practices. The process was conducted iteratively. In the first round, experts independently proposed potential
features based on prior experience, relevant literature, and practical design considerations. These features
were then reviewed collectively, and redundant or technically infeasible items were merged or removed
through group discussion. Consensus was achieved through iterative deliberation, focusing on features that
were relevant, easy to understand for elderly users, and suitable for Kano-based evaluation. The process
continued until no new features emerged, yielding a final set of 25 product features for the Kano survey. A
total of 25 quality evaluation elements across six dimensions were identified. The six dimensions of functional
requirements include washing, cleaning, safety, customer service and support, product-friendliness, and
software-hardware integration. The 25 quality evaluation elements and six dimensions are shown in Table 1.

Table 1. Quality evaluation elements and dimensions of customer requirements

Dimensions Elements Description
Washing Function Al Automatic soaping Automatic dispensing and application of soap to

reduce manual effort

A2 Automatic water Automatic regulation of water temperature for

temperature control comfort and safety
A3 Automatic warm air Integrated warm air system for body drying after
drying showering

A4 Manual control User-operated controls allowing manual
adjustment of shower functions

A5  Surround water jets Multi-directional water jets provide full-body
water coverage

A6  Shower heads Adjustable or multiple shower heads for
improved washing efficiency

A7  Body massage Water pressure-based massage function to
enhance comfort and relaxation

A8  Ozone therapy Use of ozone-treated water for hygiene and odor
reduction

A9  Color therapy lights An integrated lighting system intended to
enhance relaxation or mood

Cleaning Function Bl  Automatic Disinfection ~Automated disinfection process to maintain

hygiene after use

B2  Automatic Machine Self-cleaning mechanism to reduce maintenance

self-cleaning

requirements
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Table 2. Quality evaluation elements and dimensions of customer requirements (continue)

Dimensions Elements

Description

Safety Function Cl  Automated emergency

call

C2  Automated emergency

stop
C3  Fall Detection

Customer Service and D1  Safety assurance
Support

D2  Product guarantee

D3  On-site service
Product-friendliness E1  Easy tosetup
E2  Lightweight

E3 Duration

E4  Comfortable seat

Software-Hardware F1  Mobile application

Integration control
F2  Music Player

F3 Voice command
F4  Memory setup

Automatic alert system activated during
emergencies

An immediate system shutdown function to
prevent accidents

Sensor-based system to detect user falls and
trigger safety responses

Measures ensuring compliance with safety
standards and user protection

Warranty and assurance covering product
performance and reliability

Availability of maintenance and repair services
at the user’s location

Simple installation process requiring minimal
effort or tools

Design emphasizing reduced weight for easier
handling and installation

Expected service life and durability of the
product

Ergonomically designed seating to support
comfort and stability

Smartphone-based control interface for system
operation

Integrated audio system for entertainment
during use

Voice-activated control for hands-free operation
System capability to store and recall

personalized user settings

Table 3. Demand attribute definitions

Demand attribute Definitions

Must-be (M)

Customers tend to be more dissatisfied with less functional
products. However, even if the product becomes highly active,
customer satisfaction remains at a neutral level.

Increased functionality typically results in greater customer
satisfaction.

One-dimensional (O)
Attractive (A) Customers generally experience higher satisfaction with more
functional products, but achieving greater functionality requires
more effort.

Customers tend to exhibit a neutral level of satisfaction regardless
of whether the product is fully functional or dysfunctional.
Customers are likely to experience a decrease in satisfaction if a
product's functionality is reduced, and the level of satisfaction is
typically inversely proportional to the extent of the reduction.

Indifferent (I)

Reverse (R)

The Kano questionnaire is a structured survey tool used to assess customer needs and the importance
of product or service quality to users. The two-way Kano questionnaire is an effective tool for comprehensively
understanding consumer demands and preferences, including individual quality elements (demand
attributes) and overall satisfaction. Table 3 illustrates the Kano two-way questionnaire format. The
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questionnaire utilized a Kano two-dimensional model of quality, which organizes customer preferences into
five distinct categories. These categories were thoroughly examined to understand their implications. Each
quality element being investigated is associated with positive and negative questions. Participants are
provided with five options to select from for each question. The questionnaire was designed to capture the
product's basic requirements, desired features, and any surprises or delights that could exceed customer
expectations, taking a comprehensive approach. This allowed for a more thorough evaluation of customer
satisfaction and helped identify key areas for product improvement. The Kano quality attribute determination
matrix was utilized to classify the quality level of each demand attribute. To ensure content validity and clarity,
the questionnaire items were adapted from established Kano model studies and reviewed for relevance to the
context of automatic shower system design for elderly users. All questions were presented in clear, simple
language appropriate for elderly respondents. Before the main data collection, the questionnaire was reviewed
for clarity and completeness to minimize ambiguity and misunderstanding, as presented in Table 4.

Table 4. The Kano two-way questionnaire format

Customer .
) Question Answer
Requirement
Automatic water What would you think of an automatic [ Satisfying
temperature control shower device for the elderly that controls [ Should be so
water temperature? U Does not matter
U Tolerable
[ Disagreeable
What would you think of an automatic [ Satisfying
shower device for the elderly that has no [J Should be so
automatic water temperature control? [ Does not matter
U Tolerable
U Disagreeable
Table 5. Kano evaluation matrix
Available Negative
Satisfying Should be Does not Tolerable Disagreeable
Unavailable S0 matter
Satisfying Q A A A @]
Y Should be so R I I I M
:'5 Does not matter R I I I M
&  Tolerable R I I I M
Disagreeable R R R R Q

3.5 Importance coefficients

Importance coefficients, such as customer satisfaction and dissatisfaction values, are employed to
compare the significance of different demands classified under the same attribute. These coefficients help
determine which features are essential for raising customer satisfaction and allow a more accurate assessment
of customer preferences. The customer satisfaction coefficient is used to assess the impact of customer
satisfaction and dissatisfaction, and can be calculated as

Satisfaction Coefficient (SC) = —Ar% (1)
(A+0+M+1)

Dissatisfaction Coefficient (DC) = — ) __ 2

issatisfaction Coefficient (DC) = ArOTMID (2)

The satisfaction and dissatisfaction values range from 0 to 1. A higher satisfaction value, closer to 1,
indicates that providing the attribute can enhance satisfaction. On the other hand, a higher dissatisfaction
value, closer to 1, indicates that not providing the attribute can lead to greater dissatisfaction [55]. Note that
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the dissatisfaction coefficient (DC) is reported as a negative value to indicate the direction of dissatisfaction,
consistent with conventional Kano model interpretations. In this study, the negative sign is retained to
explicitly indicate the potential decrease in customer satisfaction when a feature is absent. For interpretation
purposes, a larger absolute DC value indicates a stronger effect of dissatisfaction.

3.6 K-Means clustering

K-Means clustering is one of the most widely used unsupervised machine learning algorithms for data
partitioning. The algorithm aims to divide a set of n data points into k distinct, non-overlapping clusters, where
each data point belongs to the cluster with the nearest mean (centroid). This method is particularly suitable
for customer segmentation, behavioral analysis, and feature preference grouping, especially when the
objective is to explore underlying patterns in large-scale data without prior labels. K-Means minimizes the
within-cluster sum of squares (WCSS) [56], also known as inertia, which represents the variance within each
cluster. The objective is to locate:

argmin ¥ ¥eq llx — w12 ©)

Where:

k = number of clustering.

S; = set of data point assigned to cluster i

u; = mean (centroid) of cluster i

llx — u;||> = squared Euclidean distance between data point x and
its cluster centroid.

Algorithmic Steps:

Initialization: Select k initial centroids, either randomly or using an improved method such as K-
Means++ to improve convergence. Assignment Step: Assign each data point x; to the cluster whose centroid
Y; is closest, based on the Euclidean distance:

Cluster (x;)arg; min||x — wl| 4)

Update Step: Recalculate each cluster’s centroid by taking the mean of all points assigned to that
cluster:

1
Hi = |s_i|z"65i x )

Iteration and Convergence: Repeat the assignment and update steps until the centroids no longer
change significantly or a predefined maximum number of iterations is reached. Choosing the Optimal
Number of Clusters (k). One of the key challenges in K-Means clustering is determining the most appropriate
number of clusters. Common techniques include: the Elbow Method: plotting the WCSS for different values
of k and identifying the "elbow" point where the rate of decrease changes sharply. Silhouette Score: Measuring
how similar an object is to its own cluster compared to other clusters. Domain Knowledge: Leveraging prior
understanding of the user base or problem context to select a meaningful k. In this research, K-Means
clustering was applied to numerically encoded Kano response data (e.g, A=1,0=2, M=3,1=4, R=5) to
segment elderly participants based on their preference patterns across 25 features of an automatic shower
device. The optimal number of clusters was determined using a combination of the elbow method and
interpretability of the output. This enabled the identification of distinct user groups, each with specific
preferences for Must-Be, Attractive, or One-Dimensional features. By incorporating K-Means clustering
alongside the Kano model, this study offers a robust approach to user segmentation, enabling designers to
prioritize feature sets according to specific needs and latent patterns within different elderly subgroups.

4. Results and Discussion
4.1 Classification and analysis of Kano demand attributes

A total of 63 valid questionnaires were collected, with participants comprising 54% men and 46%
women. The participants were aged 60 or older, with a mean age of 70.85 years (SD = 3.29). For the Kano two-
dimensional quality analysis, respondents were instructed to indicate their perceived satisfaction with six
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dimensions comprising 25 quality elements. For each quality element, the Kano category was determined by
the response category with the highest percentage: Attractive (A), One-Dimensional (O), Must-Be (M),
Indifferent (I), or Reverse (R). This dominant category was assigned as the representative Kano classification,
reflecting the predominant user perception of each feature in accordance with standard Kano model practices.
A total of 25 quality elements were evaluated, as given in Table 5. Out of these, seven were identified as
"Attractive" to customers, meaning they positively impacted customer satisfaction and loyalty. Another seven
elements were classified as "One-Dimensional,” meaning they were considered essential by customers but did
not necessarily increase customer loyalty or satisfaction. Four elements were identified as "Must-Be," meaning
they were crucial to meeting customer expectations, and their absence would lead to dissatisfaction. Seven
other elements were classified as "Indifferent,” meaning customers did not consider them positive or negative
in terms of their impact on satisfaction and loyalty. Finally, none of the 25 quality elements were classified as
"Reverse," indicating that none negatively impacted customer satisfaction or loyalty.

Table 6. Kano quality element percentage and classification

Dimensions Elements A(%) O(%) M%) I R(%) Kano
Washing Al Automatic soaping 48 24 22 6 0 A
Function A2 Automatic water 22 13 43 22 0 M
A3 Automatic warm air drying 22 38 25 14 0 @)
A4 Manual control 21 43 21 16 0 @)
A5 Surround water jets 17 48 19 16 0 @)
A6 Shower heads 43 8 19 30 0 A
A7 Body massage 54 5 3 38 0 A
A8 Ozone therapy 37 2 2 60 0 I
A9 Color therapy lights 30 2 2 67 0 I
Cleaning Bl Automatic Disinfection 59 19 6 16 0 A
Function B2 Automatic Machine self- 54 16 10 21 0 A
Safety Cl Automated emergency call 21 48 22 10 0 @)
Function C2 Automated emergency stop 17 51 19 13 0 @)
C3 Fall Detection 44 29 19 0 A
Customer D1 Safety assurance 13 60 22 0 O
Service and pp Product guarantee 22 13 43 22 0 M
Support D3 On-site service 25 44 22 8 0 @)
Product- E1 Easy tosetup 32 19 29 21 0 A
friendliness g  Lightweight 27 2 16 56 0 I
E3 Duration 21 30 37 13 0 M
E4 Comfortable seat 21 19 41 19 0 M
Software- F1 Mobile application control 19 2 10 60 10 I
Hardware F2 Music Player 38 5 10 48 0 I
Integration g3 yoice command 25 5 3 63 3 I
F4 Memory setup 27 8 10 56 0 I

4.1.1 Attractiveness

Seven quality elements were identified as attractive to customers, which positively affected their
satisfaction and loyalty. Elements such as "Automatic Soaping" and "Shower Heads" can enhance the shower
experience by providing convenience and comfort. "Body Massage" is an added feature that helps customers
relax and reduce stress while showering [57]. "Automatic Machine Self-Cleaning" and "Automatic
Disinfection" help customers maintain hygiene and cleanliness without manual cleaning. A "Fall Detection"
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safety feature can help prevent accidents and ensure customers' well-being. Lastly, "Ease of Setup" can help
customers quickly and easily install and use the product, increasing their satisfaction.

4.1.2 One-dimensional

"Automatic Warm Air Drying," "Manual Control," "Surround Water Jets," "Automated Emergency
Call," "Automated Emergency Stop," "Safety Assurance,” and "On-Site Service" were all classified as one-
dimensional; increasing functionality can typically result in greater customer satisfaction. While these one-
dimensional quality elements are essential for meeting customer expectations, companies should continue
offering these critical features. They should enhance these elements by adding functionality, which can lead
to greater customer satisfaction and loyalty. For example, "Automatic Warm Air Drying" is an essential feature
for drying off after a shower, but a more advanced feature could be an adjustable temperature setting, which
would enable the customer to customize the drying temperature. Similarly, "Surround Water Jets" can be
enhanced by adding different pressure settings or patterns, offering customers a more customized shower
experience. "Automated Emergency Call" and "Automated Emergency Stop" are essential safety features
customers expect to include in the product. However, offering additional safety features can help differentiate
a product from its competitors. "Safety Assurance" can be enhanced by providing certifications or warranties
that assure customers that the product is safe and reliable. "On-Site Service" can be improved by offering
additional services, such as installation or maintenance, to enhance the customer experience further.

4.1.3 Must-be

The quality elements "Automatic Water Temperature Control," "Product Guarantee," "Duration,"” and
"Comfortable Seat" were all classified as must-be, indicating that their absence can lead to customer
dissatisfaction. The must-be quality elements are customers' basic requirements for the product. Customers
will likely be dissatisfied with the product if any of these elements need to be added or are not up to standard.
For example, "Automatic Water Temperature Control" is a must-have feature, ensuring customers can shower
comfortably and safely without manually adjusting the temperature. "Product Guarantee" is another must-
have element, as customers expect a certain level of quality and reliability from the product. A guarantee can
provide them with confidence and peace of mind. "Duration" is also a must-have element, as customers expect
the product to last for a reasonable amount of time without requiring frequent repairs or replacement. A
product that fails to meet this requirement is likely to result in customer dissatisfaction. Similarly, a
"Comfortable Seat" is a must-have feature, especially for customers with disabilities or elderly customers who
may require additional support and comfort. While these must-be quality elements are essential for meeting
customer expectations and preventing dissatisfaction, they do not necessarily increase customer satisfaction
or loyalty. Companies should also focus on enhancing the quality of their products to differentiate themselves
from competitors and improve customer satisfaction and loyalty.

4.1.4 Indifferent
The quality elements of "Ozone Therapy,
Control," "Music Player," "Voice Command," and "Memory Setup" were all classified as indifferent, indicating

nn

Color Therapy Lights," "Lightweight," "Mobile Application

that their presence or absence would not likely affect customer satisfaction in any significant way. Indifferent
quality elements do not significantly impact customer satisfaction, and their presence or absence does not
significantly affect a customer's purchase decision. For example, "Ozone Therapy" and "Color Therapy Lights"
can provide additional health benefits and relaxation, but they are not essential for a satisfactory shower
experience. Similarly, "Lightweight" is a desirable feature, but it is unlikely to significantly affect customer
satisfaction because it has no direct effect on the product's functionality. "Mobile Application Control," "Music
Player," "Voice Command," and "Memory Setup" are additional features that can enhance the overall shower
experience. However, their absence is likely to still result in customer satisfaction. These features may appeal
to some customers, but they are optional for meeting the basic requirements of a shower.

4.1.5 Reverse
The Reverse classifications for mobile application control and voice command indicate that these
features were perceived as undesirable by some elderly users. Mobile application control may increase
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usability complexity and cognitive load, requiring familiarity with smartphones and application management,
thereby reducing perceived ease of use. Similarly, voice command functions may be viewed as unreliable or
uncomfortable in bathroom environments due to speech recognition issues, background noise, or privacy
concerns. These findings suggest that advanced digital interaction features may conflict with elderly users’
preferences for simplicity and predictability and should therefore be treated as optional rather than core
design elements in assistive technologies.

4.2 Results of customer satisfaction and dissatisfaction coefficients

The Kano model is a framework for understanding customer satisfaction and prioritizing features
based on how customers perceive them. The dimensions and elements listed in the result are the various
features that could be included in an automatic shower device for the elderly. The satisfaction and
dissatisfaction coefficients indicate the perceived importance of each feature and the level of satisfaction or
dissatisfaction it would evoke in a customer. In Figure 2, the X-axis center line represents the average extent
of satisfaction for the 25 quality elements, while the Y-axis center line represents moderate dissatisfaction. The
satisfaction and dissatisfaction coefficients indicate the magnitude of these factors, with values ranging from
0 to 1. When the quality element improves, a customer satisfaction coefficient close to 1 indicates a significant
increase in perceived satisfaction. If the quality element remains unsatisfactory, an extent of dissatisfaction
coefficient closer to -1 indicates a significant increase in perceived dissatisfaction [53]. Based on the coefficients
listed in Table 6, clear product development priorities can be identified. Safety and cleaning functions should
be treated as first-level priorities, as they exhibit high satisfaction coefficients and strong dissatisfaction effects
when absent. In particular, automatic disinfection and Machine self-cleaning (B1 and B2), together with
automated emergency call, emergency stop, and fall detection (C1-C3), represent core system requirements
that directly influence user trust and acceptance. The second level of prioritization includes washing-related
features with high satisfaction coefficients, such as automatic soaping (A1), surround water jets (A5), shower
heads (A6), and body massage (A7), which primarily enhance comfort and perceived value. In contrast,
features such as automatic water temperature control (A2) and color therapy lights (A9) show limited impact
on satisfaction. Customer service and support features, particularly safety assurance (D1) and on-site service
(D3), also contribute strongly to satisfaction and should be integrated into the overall product-service strategy.
Product-friendliness attributes, including easy setup (E1) and product duration (E3), support usability and
lifecycle performance and can be treated as secondary priorities. By comparison, software-hardware
integration features (F1-F4) exhibit relatively low satisfaction coefficients and should be considered optional
enhancements rather than core design requirements. Overall, the satisfaction coefficient analysis supports a
structured prioritization strategy that emphasizes safety and hygiene first, followed by comfort-related
features, while deprioritizing low-impact digital functions.

4.3 Cluster Analysis of User Requirements Using K-Means

To explore distinct patterns in user preferences for an Automatic Shower Device for the Elderly,
K-Means clustering was employed. This unsupervised learning method was selected due to its effectiveness
in partitioning users based on multidimensional categorical response data—in this case, the Kano responses
(Attractive, One-dimensional, Must-be, Indifferent, and Reverse) to 25 product features. Based on the elbow
method and interpretability considerations, the analysis was conducted with three clusters (k=3). The optimal
number of clusters was determined using the elbow method by examining the relationship between the
number of clusters (k) and the within-cluster sum of squares (WCSS). As shown in the elbow plot in Figure 3,
WCSS decreased substantially from 10,483.28 at k = 1 to 2,660.81 at k = 3, after which the rate of reduction
became less pronounced (e.g., 1,396.01 at k =4 and 996.80 at k = 5). This noticeable change in the rate of WCSS
reduction indicates an elbow at k =3. Beyond this point, increasing the number of clusters yields only marginal
improvements at the expense of interpretability. Therefore, k = 3 was selected as an appropriate balance
between clustering performance and practical interpretability. To further assess cluster quality and robustness,
internal validation was conducted using silhouette analysis. For the selected solution with k = 3, the average
silhouette score was 0.47, indicating acceptable cluster separation and supporting the suitability of the
clustering structure for exploratory, design-oriented analysis. The analysis revealed three distinct user
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clusters, as shown in Table 7, each representing a unique pattern of prioritization of product requirements.
The validity of the clustering results was reinforced through multiple observations. First, a clear separation in
response patterns was evident when the data were projected into a two-dimensional space using Principal
Component Analysis (PCA)[56], indicating that the clusters captured meaningful variance among
respondents. The distribution of Kano response types— Attractive (A), One-dimensional (O), Must-be (M),
Indifferent (I), and Reverse (R)—was analyzed across the three identified clusters to gain a deeper
understanding of each user group's underlying preferences. The results are summarized in Table 7. Each cluster

exhibits a distinct prioritization pattern, reflecting the diversity of user expectations regarding the product features.
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Table 7. Customer satisfaction coefficients

Dimensions Elements Kano Classification SC DC
Washing Al  Automatic soaping A 0.71 -0.46
Function A2  Automatic water temperature control M 0.35 -0.56
A3 Automatic warm air drying (@) 0.60 -0.63
A4  Manual control (@) 0.63 -0.63
A5  Surround water jets (@) 0.65 -0.67
A6  Shower heads A 0.51 -0.27
A7 Body massage A 0.59 -0.08
A8  Ozone therapy I 0.38 -0.03
A9  Color therapy lights I 0.32 -0.03
Cleaning Bl  Automatic Disinfection A 0.78 -0.25
Function B2  Automatic Machine self-cleaning A 0.70 -0.25
Safety Cl  Automated emergency call @) 0.68 -0.70
Function C2  Automated emergency stop @) 0.68 -0.70
C3  Fall Detection A 0.73 -0.48
Customer D1 Safety assurance (@) 0.73 -0.83
Service and D2 Product Guarantee M 0.35 -0.56
Support D3  On-site service @) 0.70 -0.67
Product- El1 Easytosetup A 0.51 -0.48
friendliness ~ E2  Lightweight I 0.29 -0.17
E3  Duration M 0.51 -0.67
E4 Comfortable seat M 0.40 -0.60
Software- F1  Mobile application control I 0.23 -0.12
Hardware F2  Music Player I 0.43 -0.14
Integration F3  Voice command I 0.31 -0.08
F4  Memory setup I 0.35 -0.17
Table 8. Results of Cluster Analysis
Male Male Female Female . One- .

Cluster (6069 (7079 (6069 (7079 “"UVe Gimengional Must- Indifferent Reverse

(A) Be (M) @ R)
yrs.) yrs.) yrs.) yrs.) O)

0 10.53% 42.11% 21.05% 26.32%  34.53% 21.89% 18.74% 24.84% 0.00%
1 14.29% 38.10% 14.29% 33.33%  27.62% 25.33% 19.81% 27.05% 0.19%
2 21.74% 34.78% 13.04% 30.43%  29.39% 18.96% 18.26% 32.17% 1.22%

Cluster 0 consists predominantly of older males aged 70-79 years (42.11%) and females aged 70-79
years (26.32%), indicating a strong representation of users in the advanced elderly stage. This cluster
demonstrates the highest proportion of Attractive responses (34.53%), suggesting that these users are
especially responsive to features that deliver enjoyment, comfort, or an enhanced experience —such as body
massage and automatic warm-air drying. Their relatively lower emphasis on Must-be (18.74%) suggests that
their satisfaction may not depend solely on basic functionality but rather on emotionally engaging
enhancements. The Indifferent rate (24.84%) further suggests that while these users value certain advanced
features, they also consider several others as non-essential. Cluster 1 is more evenly distributed across gender
and age groups, with a notable proportion of females aged 70-79 years (33.33%) and males aged 70-79 years
(38.10%). This group reflects a balanced Kano distribution, with One-dimensional (25.33%) and Indifferent
(27.05%) categories slightly dominating. This implies that users in this segment are more performance-
oriented —placing value on features that deliver proportional satisfaction but also holding neutral views on
many aspects of the system. Their Must-be rate (19.81%) is the highest among the three clusters, reflecting a
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cautious expectation for basic reliability and functionality. Cluster 2 exhibits the highest percentage of users
aged 60-69 years, both male (21.74%) and female (13.04%), and a strong representation of females aged 70-79
years (30.43%). This cluster is particularly defined by a high proportion of Indifferent responses (32.17%),
indicating a group that is less responsive to both essential and advanced features. These users may prioritize
simplicity and familiarity over innovation, and are likely to reject features that feel unnecessary or
overwhelming. Their Reverse response rate (1.22%), although low overall, is the highest among the clusters,
potentially signifying some resistance to certain technological elements. Taken together, these findings
highlight the heterogeneity of user needs within the elderly population. Segmenting by cluster provides a
more nuanced understanding than age or gender alone. For instance, while older males tend to dominate
Cluster 0 and prefer appealing, non-essential features, younger seniors in Cluster 2 appear more indifferent
or resistant to feature complexity. Such insights are critical for guiding inclusive design, feature prioritization,
and marketing strategies in assistive technology for aging populations.

4.4 Heatmap Analysis of Kano Responses by User Cluster

To gain deeper insight into how different user groups perceive and prioritize the features of the
Automatic Shower Device for the Elderly, this study employed a heatmap visualization. Heatmaps are
particularly effective for displaying patterns of categorical data across multiple dimensions, allowing
simultaneous observation of both intensity and distribution. In this analysis, heatmaps were generated for
three specific Kano response types—Must-Be (M), Attractive (A), and One-Dimensional (O), as shown in
Figure 4, to identify which features were most frequently associated with each type across the clusters derived
from K-Means clustering. Each cell in the heatmap represents the frequency count of a particular Kano
response (e.g., “Must-Be”) for a given feature within a specific cluster, with color gradients indicating the
relative intensity of responses. This approach enables a visual, comparative understanding of user
expectations, desires, and satisfaction drivers across distinct elderly user segments. By observing the patterns
in these heatmaps, design teams and developers can prioritize which features to include, enhance, or simplify
to better align with the differentiated needs of target user groups.

Features categorized as Must-Be (M) represent essential expectations that users assume will be
included by default. While their presence may not significantly enhance satisfaction, their absence typically
results in dissatisfaction. Analysis of the heatmap reveals that across all clusters, “Automatic water
temperature control” consistently ranks as a critical Must-Be requirement, underscoring the fundamental
importance of thermal safety and comfort among elderly users. Additionally, features such as “Product
guarantee” and “Comfortable seat” appear prominently in Clusters 1 and 2, suggesting shared expectations
regarding product reliability and ergonomic support. Interestingly, Cluster 2, which consists of a higher
proportion of younger elderly individuals (aged 60—-69), more frequently designates features such as “Fall
Detection” and “Automated emergency call” as Must-Be than Cluster 0. This pattern implies a heightened
awareness of safety and emergency preparedness in the early stages of aging. These findings highlight that
such core features should be regarded as non-negotiable elements in the product’s design and functionality,
and must be clearly emphasized in product communication, instructional materials, and marketing strategies.
Attractive (A) features are elements that users do not explicitly expect, yet, when present, create a sense of
surprise and delight, significantly enhancing user satisfaction. Cluster 0 demonstrates strong preferences for
features such as “Body massage,” “Shower heads,” and “Automatic warm air drying,” indicating that this
group places high value on spa-like, comfort-enhancing experiences. In contrast, Cluster 1 exhibits a different
trend, with a high concentration of Attractive responses for “Ozone therapy” and “Mobile application
control,” reflecting a more progressive attitude and openness toward innovative or digital features.
Meanwhile, Cluster 2 shows a more moderate pattern, with appreciation for basic conveniences like “Easy to
set up” and “Voice command,” but generally records fewer Attractive responses overall. This may suggest
that users in Cluster 2 exhibit lower emotional engagement or enthusiasm for optional or luxurious
enhancements. These patterns highlight the importance of Attractive features as key differentiators in design
and marketing —particularly for Cluster 0, where such features could be promoted as wellness-oriented or
premium add-ons to enhance user appeal and product satisfaction.
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Attractive (A) Features

Features

Figure 4. Heatmaps of Attractive (A), One-Dimensional (O), and Must-Be (M) features across user clusters.

One-Dimensional (O) features are those that contribute to user satisfaction in a directly proportional
manner — the better these features perform or the more of them are present, the greater the user’s satisfaction.
Asrevealed in the heatmap analysis, “Automated emergency stop” and “Fall Detection” are consistently rated
highly across Clusters 1 and 2, underscoring their critical role as performance-driven safety functions. Cluster 1,
in particular, places considerable emphasis on “Product guarantee” and “On-site service,” suggesting that
users in this group prioritize dependable service and long-term support as key components of product
performance. Meanwhile, Cluster 2 assigns relatively high value to features such as “Manual control” and
“Automatic warm air drying,” indicating appreciation for hands-on functionality and immediate physical
comfort. These results affirm that One-Dimensional features represent a significant avenue for gaining a competitive
advantage, as focused enhancements in these areas can translate directly into increased user satisfaction. Prioritizing
the performance and reliability of these features can thus yield measurable improvements in product
perception and user loyalty. The results of this study are consistent with prior research on assistive technology
design, which identifies safety, reliability, and ease of use as key factors influencing elderly user acceptance.
Previous studies have emphasized the importance of fall-prevention and emergency-response functions in
building trust in assistive systems, particularly in personal care applications [58, 59]. The present findings
reinforce these observations by showing that safety and hygiene-related features generate the strongest effects
on satisfaction and dissatisfaction [60]. While existing literature often highlights the potential of advanced
digital interfaces to enhance engagement, the results indicate that software-based features have limited
perceived value compared with fundamental safety and comfort requirements. This highlights the need for
user-centered rather than technology-driven design approaches. By combining Kano analysis with clustering
techniques, this study contributes a data-driven engineering design framework that complements prior
qualitative research and supports systematic feature prioritization in assistive technology development.

4.5 Limitations and Future Research
Despite providing valuable insights into user preferences and satisfaction through the integration of
the Kano model and K-Means clustering, this study has several limitations that should be acknowledged. First,
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the sample size and demographic composition may not fully represent the heterogeneity of the elderly
population. Factors such as age subgroups (e.g., early elderly versus advanced elderly), health conditions, and
prior experience with assistive technologies were not explicitly modeled as moderating variables, which may
limit the generalizability of the findings across broader populations or cultural contexts. Second, the
identification of product features was based solely on expert input and did not directly involve elderly users
or caregivers at the initial feature generation stage. While expert-driven brainstorming is suitable for early-
stage engineering design, the absence of direct end-user participation may limit the completeness of the
identified feature set. Future studies should incorporate participatory design approaches, such as co-design
workshops or interviews with elderly users and caregivers, to further validate and refine the feature
dimensions. Third, this study employed a static Kano model, which assumes that user perceptions remain
stable over time. In practice, preferences for assistive technologies may evolve as users gain experience, receive
caregiver support, or improve digital literacy. In addition, the use of K-Means clustering introduces
methodological constraints, as the algorithm assumes spherical cluster structures and relies on distance-based
calculations. Given that Kano categories are categorical in nature and were numerically encoded for clustering,
this approach may not fully capture more complex or non-spherical preference patterns. Furthermore,
clustering results are sensitive to the predefined number of clusters (k). Although the elbow method and
silhouette analysis were used to support the selection of k, the relatively small sample size may still affect
cluster stability and reproducibility. Therefore, the clustering results should be interpreted as exploratory
rather than definitive population-level segmentation. Future studies may benefit from larger samples and
alternative clustering techniques, such as hierarchical clustering or density-based methods (e.g., DBSCAN), to
validate or complement the segmentation outcomes. Future research should consider larger, more diverse
samples, including elderly users from home care, assisted living, and clinical settings. Longitudinal designs
may further reveal how satisfaction and expectations change over time. Additionally, hybrid analytical
approaches that combine qualitative methods (e.g., interviews or observations) with quantitative clustering
could provide a more comprehensive understanding of user needs. Finally, incorporating adaptive or real-
time feedback mechanisms into assistive device design may support dynamic personalization and enhance
long-term usability and engagement.

5. Conclusion

This study contributes to an engineering design framework for assistive shower systems by translating
user satisfaction data into actionable insights for design and decision-making. By integrating the Kano model
with K-Means clustering, the framework enables systematic feature prioritization based on user expectations,
safety requirements, and ergonomic considerations. Must-Be attributes such as fall detection, automated
emergency call, and emergency stop functions represent fundamental safety constraints. From an engineering
design perspective, these features should be embedded as baseline requirements, as their absence directly
undermines user trust and system acceptance. One-Dimensional features, including product guarantee and
on-site service, emphasize the importance of reliability and lifecycle-oriented design, highlighting the
relevance of product-service system thinking in assistive technologies. Attractive features, such as body
massage and advanced shower functions, were valued by specific user segments and can be strategically
implemented as optional or modular components. This enables cost—performance optimization while
accommodating heterogeneous user needs. The clustering results further indicate that younger elderly users
prioritize safety-related features, whereas older users place greater emphasis on comfort, reinforcing the need
for adaptive and ergonomically scalable design strategies. Notably, software-based features were largely
perceived as Indifferent across clusters, suggesting that increased technological complexity does not
necessarily translate into higher perceived value. This underscores the importance of aligning digital functions
with usability and user capability rather than pursuing technology-driven design. Overall, the proposed
engineering design framework demonstrates how Kano-based classification and user segmentation can
inform structured decision-making in assistive technology development, supporting safer, more acceptable,
and user-centered design solutions for elderly populations.
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