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ABSTRACT 
 

The developing elderly population requires the improvement of assistive technologies that enhance their 
independence and quality of life. Traditional assistive devices, rely on visual and auditory remarks, may not 
meet the desires of aged individuals with sensory impairments. Moreover, these existing solutions often 
lack personalization, leading to low adoption charges due to complicated designs and inadequate consumer-
centric testing. This study introduces a unique technique that leverages haptic recognition using Graph 
Neural Networks (GNNs) to offer personalized, intuitive, and non-intrusive assistive gadgets for the 
elderly. The research starts with a comprehensive literature assessment to identify gaps in current solutions 
and establish the theoretical foundation. A user desires assessment, carried out through interviews, 
questionnaires, and observational research, allows understand the precise demanding situations elderly 
users face. Based on those findings, prototypes of haptic devices are advanced with personalized feedback 
structures and ergonomic designs. The GNN-based haptic recognition enables adaptive and responsive 
tactile feedback by processing complicated touch patterns. These prototypes undergo iterative testing and 
refinement via pilot research to make sure they meet customers' desires effectively. Large-scale deployment 
and assessment involve dispensing updated prototypes to a broader organization of aged users, with 
continuous tracking to assess usability, efficiency, and user satisfaction. Ethical and accessibility concerns 
are prioritized all through, ensuring informed consent, data confidentiality, and tool affordability. 
Preliminary results indicate that personalized haptic feedback substantially enhances the functionality and 
usability of assistive devices for the aged, promoting more independence and engagement. 

Keywords: Personalized Assistive Technologies, Haptic Recognition, Elderly Care, Human-Computer 
Interaction, User-Centred Design, Graph Neural Networks 

1. INTRODUCTION 
Older adults and people who are disabled have long 
been seen as socially vulnerable groups due to the 
absence of services to meet their basic lifestyle and 
vocational needs. Technological advancements and 
widespread smartphone adoption have improved to 
touchscreen interfaces for elderly people and 
individuals with disabilities.[1]. Also, cell 
phone accessibility capabilities have had a vital role. 
in promoting diversity and accessibility in social 

interaction, consumption guidance, and freedom of 
movement [2]. Nonetheless, the rising complexity of 
smartphone-accessible settings inhibits the 
promotion, learning, and execution of accessible 
resources. Smartphones, as a widely utilized 
technical instrument, need the employment of digital 
platforms to develop tactics that match the digital 
cognitive capacities of socially vulnerable people 
[3]. For efficient digital information transmission, 
the arrangement of accessibility elements must be 
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coordinated to adapt to the individual demands of 
different groups [4]. 

The complex nature of the interface design has a 
direct impact on the accessibility of assistive 
technologies. Taking the population composition of 
users of the internet in China as an example, 51.5% 
of people do not go online because of their inability 
to operate electronic gadgets. Also, the absence of 
intelligent and easy-to-use accessible goods and 
services contributes significantly to this situation 
(China Internet Network Information) [5]. Another 
study discovered that elderly people have a "low 
degree of information" difficulties, with 95.2% 
dissatisfied by the unpredictable nature and 
complexity of technological advances, forcing them 
to seek help[6]. The accessibility assisting 
capabilities incorporated into cell phones give 
numerous solutions for the needs of vulnerable 
groups [7]. Nonetheless, this contributes to the 
complexity of accessible assistance tools, making 
them struggle to complete their entire range of 
responsibilities in circumstances with a lower level 
of digital literacy [8]. 

A frequently overlooked however critical 
component in the enlargement of cellular device 
accessibility is the shortage of additional audio or 
visual assistance for novices for the duration of the 
initial setup segment. Customers are often helped 
through the methods of setting up a new gadget, 
with particular gadgets giving accessibility options 
[9]. Users can permit capabilities like talkback and 
voiceover with these choices. The iPhone, Galaxy 
S23 Ultra, Moto Edge 2022, and Google Pixel 7 Pro 
are just a handful of the gadgets that provide 
comparable functions. However, these techniques 
do no longer provide tactile, visual, or auditory help 
to allow people with sensory difficulties to freely 
spark off picks for get right of entry to previous to 
their choosing to enable them [10]. Using assistive 
devices once the preliminary setup is complete may 
be beneficial, but one trouble is they can't help users 
independently spark off the ones capabilities 
previous to the preliminary configuration, which 
would possibly negatively affect the user revel in as 
a whole [11]. Mobile accessibility research is now 
focused on developing assistive techniques for 
certain user categories in various smartphone usage 
contexts [12][13][14]. For example, it entails 
recognizing and optimizing web accessibility 
difficulties for visually impaired people and 
providing specific gesture-based procedures for 
those with motor disabilities. Although these 
initiatives have helped to offset the detrimental 
effects of a lack of digital literacy by 
utilizing intelligent tools, delivering accurate and 
timely accessible providing help for the diverse 
needs of disadvantaged groups remains a complex 

subject. [15]. By examining the connection among 
consumer emotion and operational behavior, it also 
gives opportunities for this studies through 
suggesting that user operating behavior may 
additionally identify vulnerabilities in inaccessible 
structures when emotional transitions occur. Studies 
on sensible device accessibility layout answers that 
contain person feedback on emotions are presently 
lacking [16][17]. 

The world's population is rapidly ageing, with a 
significant increase in the number of older citizens. 
This demographic shift presents various obstacles, 
particularly to the elderly's freedom and standard of 
life. Assistive technologies can reduce these issues; 
however typical gadgets frequently fall short of 
meeting the specific demands of this population. 
Existing assistive technologies, which rely heavily 
on visual and auditory cues, may be inadequate for 
elderly people who have sensory impairments such 
as eyesight or hearing loss [18]. Furthermore, many 
of these solutions lack personalization, making them 
harder to use and less inclined to be accepted by the 
elderly [19]. The drawbacks of present assistive 
technology highlight the need for better solutions 
that address the different and individual needs of 
elderly people. Personalized assistive technologies 
that adapt to users’ particular skills and choices 
represent a promising path for improving usability 
and enjoyment. Haptic recognition, which offers 
input via the sensation of touch, appears to be a 
particularly promising strategy for developing such 
devices, given its ability to overcome sensory 
restrictions. This study intends to create and test 
personalized haptic assistive technology for the 
elderly. This study will apply the concept of user-
centered design to ensure that the generated 
solutions are not just effective but also simple and 
comfortable for senior users. The novelty lies within 
the integration of GNNs for haptic recognition, 
enabling tremendously adaptive and personalized 
tactile feedback in assistive gadgets for the elderly. 
This technique complements consumer interaction 
by using processing complex contact patterns, 
substantially enhancing the responsiveness and 
value of the devices. The study will include detailed 
requirements assessments, iterative prototype 
creation and testing, and large-scale assessments to 
evaluate the suggested solutions' effectiveness. The 
study's methodology aims to overcome the limits of 
present assistive technology while also contributing 
to the creation of easier-to-use and accessible 
alternatives. Finally, this project intends to promote 
the independence and standard of life of senior 
adults, boosting their well-being and social 
involvement using sophisticated HCI approaches. 

Key Contributions 
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1.   Introducing a revolutionary approach with the 
aid of integrating haptic recognition using 
GNNs into assistive devices for the elderly, 
addressing sensory obstacles and improving 
usability via precise and responsive tactile 
feedback. 

2. Utilizing a rigorous user-centered layout method, 
incorporating direct input from elderly users to 
make sure the solutions are tailored to their 
unique desires, options, and abilities, making 
the gadgets more personalized and applicable 
[20]. 

3.   Developing adaptive haptic feedback structures 
powered via GNNs, enabling the assistive 
devices to supply customized, actual-time 
responses based on individual touch styles, 
improving intuitiveness and effectiveness for an 
extensive range of elderly users. 

4.    Implementing an iterative testing and 
refinement procedure, involving pilot studies 
and massive-scale options, to rigorously assess 
and optimize the prototypes in keeping with 
real-world experiences and comments from 
elderly customers. 

5. Prioritizing moral and accessibility considerations 
throughout the studies system, making sure 
informed consent, data privacy, device 
affordability, and adequate training support, 
making the technology reachable, less 
expensive, and useful to a various populace of 
elder users. 

This paper is structured as follows. Section I 
explains the study and emphasizes the necessity of 
personalized assistive devices for the elderly. 
Section II examines related research to identify gaps 
in present approaches. Section III discusses the issue 
statement, the limits of previous solutions, and the 
proposed unique technique. Section IV explains the 
technique, which includes user-centered design, 
prototyping, and testing. Section V contains the 
findings and comments, which assess the efficacy of 
the proposed technology. Section VI closes the 
study by summarizing major findings and proposing 
recommendations for future research. 

2. RELATED WORKS  
Human-machine interaction (HMI) is the two-

way transfer of data and behaviours between 
humans and machines using the latter's user 
interface. Gestures and other natural user interfaces 
are gaining popularity because they enable humans 
to connect with technology more naturally. Gesture-

based HMI detects human motion and postures 
using a sensor such as the Microsoft Kinect and then 
converts it into machine input [21]. The primary role 
of gesture-based HMI is to recognize significant 
human gestures using Kinect data, which comprises 
RGB (red, green, and blue), depth, and skeletal 
information. Payal et al.[22] provides an overview 
of electronic assistive technologies (EATs) and the 
role of human-machine interfaces (HMIs) in their 
growth. HMIs for EATs must include availability, 
personalization, safety, and customer-focused 
components to fulfil the demands and preferences of 
people with disabilities or restricted mobility. There 
are advantages and disadvantages to using every 
kind of interface between humans and machines that 
is now in use, including brain-computer interfaces, 
touchscreen devices, switches, sensors, and speech 
recognition software. Effective layout has a chance 
to improve the usability as well as efficiency of 
these methods, as demonstrated by investigations of 
effective HMIs in EATs. Continuous study and 
enhancement of HMIs for EATs is required to 
improve the accessibility and quality of life for 
those with impairments or limited mobility [23]. 

To improve user interaction with mobile smart 
devices for older people, accessibility features have 
become a vital part of intelligent system 
architectures to suit the various support demands of 
senior persons. Nonetheless, the intricacy of 
accessibility support technologies interferes with the 
lives of certain older people who lack the cognitive 
ability to use them freely. Lu et al.[24] explains that 
The interaction between smartphone-accessible 
design components, elderly feelings, and touch 
habits, as well as the optimization of mobile smart 
terminal accessibility design methodologies. They 
started out with the aid of identifying the 4 interface 
additives that affected clients the maximum. 
Second, a correlation model between interface 
elements, person feelings, and contact behaviors 
became constructed the use of contact records from 
20 contributors in a hint event collection test. Third, 
a mixture of genetic and correlation algorithms was 
used to evaluate the assistive inspiration prototype. 
Finally, usability testing become used to assess the 
efficacy of the six touchscreen media guidelines. 
The findings of the experiment display that: (1) 
Elderly humans can receive support acquiring 
records through cell terminals with the usage of 
haptic detection thought structures that are sensitive 
to emotions. (2) When dragging and transferring on 
touchscreens, people who are older and center-
elderly show off more poor emotions. (3) Older 
purchasers' emotional responses can help discover 
design flaws in reachable products. This research 
yielded a set of design pointers for reinforcing 
digital accessibility, growing the inclusiveness and 
accessibility of assistive gadgets in diverse contexts, 
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and lessening the psychological strain delivered on 
by using novel layouts. This observe presents a 
reference for enhancing the psychological well-
being of older mobile phone users and expanding 
using available design. 

HMI systems permit verbal exchange between 
people and machines. Significant progress has been 
made within the design of devices, materials, and 
production processes associated with human-device 
interplay structures. For their roles as human-system 
interfaces, energy deliver units, logic circuits, 
detectors, and records storage units need to be 
flexible, elastic, undetectable, biocompatible, and 
self-restoration. [25] and [26] discussed Many types 
of haptic inputs are added the usage of this method. 
In unique, the main haptic interfaces are categorized 
and the physiological underpinnings of contact 
belief are studied. The following section presents an 
in depth evaluation of wearable haptic interfaces, 
such as an assessment of their charge, variety of 
integrated actuators and sensors, principal styles of 
haptic feedback, and feasible makes use of. 
Furthermore, key technological features and 
important layout requirements of haptic comments-
based totally sensing systems—specifically smart 
gloves—are studied in research studies of these 
structures. Moreover, beneficial layout cues for 
upcoming HMI devices are offered. Lastly, a unique 
clever glove is provided that uses flexible, light-
weight AlN (aluminium nitride) piezoelectric 
detectors. The machine gathers and assesses 
information from piezo sensors the usage of an 
integrated system learning (ML) algorithm with a 
view to categorize movement. Next, an instance of 
the layout and implementation of the electronics 
conditioner a part of AlN-primarily based sensors 
integrated into smart gloves is given. Finally, the 
layout of a visual-tactile identification tool is 
presented. It combines haptic records from 
piezoelectric sensors with visible records from a 
micro-camera mounted on the wearer's eyeglasses. 

Ozioko and Dahiya [27] explains that Smart 
gloves and other wearable human-machine 
interfaces (HMI) have grown in popularity recently. 
Real-time touch-based data transmission and 
reception, coupled with intuitive two-way tactile 
controls, enable wearable HMI systems to connect 
with both virtual and physical worlds. This article 
explores the various applications of smart glove 
technologies in rehabilitation, virtual and augmented 
reality (VR and AR), and alternative and augmented 
communication (AAC). While early iterations of 
these structures made use of commercially to be had 
touch detectors and screens stitched or implanted 
into smartwatches, multifunctional electronics skin 
(e-skin)-type structures are currently being research 
for enhanced consolation and user experience. 

Miniaturized incorporated gadgets such as both 
touch sensors and vibro tactile actuators are actually 
said, as an alternative to the use of separate touch 
sensors and actuators. These improvements are 
emphasized, alongside the problems they present, in 
order that customers can reap the whole rewards of 
VR/AR in phrases of creativity, immersion, and 
engagement. Finally, the massive capability of smart 
glove-kind devices for traits in several software 
sectors, inclusive of haptic net, hospital treatment, 
robotics, and sensory augmentation for fitness, is 
tested. 

In mobile contexts like as driving a car or 
utilizing an electric power wheelchair, haptic 
feedback-enabled devices with controls and touch 
screens are crucial. Precise haptic remarks require 
for cautious concept, since it poses a critical health 
and protection chance, specifically in terms of 
giving older people and others with decreased 
sensitivity clean tactile comments. Kim et al.[28] 
aimed In order to develop an powerful haptic gadget 
that takes these elements under consideration, it is 
essential to ascertain the perceptual houses of the 
amplitude and directional features of haptic 
vibrations on touchscreens with automobile-driving 
vibration. Consequently, we discovered that contact 
pressure in lively touch increased the brink for shift 
detection under 210 Hz and decreased it above 210 
Hz. They discovered that the detection threshold had 
a similar sensitivity over the 80–270 Hz range, 
measuring 0.30-0.45 gpeak. The haptic system, that 
reflected the testing findings, obtained attributes 
suitable for usage in automobiles. Finally, it may 
provide useful assistance for the construction of 
touch panels that deliver genuine touch response in 
real-world contexts. 

HMI refers to the bidirectional information and 
behaviour transfer among humans and machines via 
user interfaces. Gesture-based HMIs, which use 
sensors like the Microsoft Kinect, convert human 
motions and postures into machine inputs by 
recognizing gestures with RGB, depth, and skeletal 
information. These interfaces are critical for EATs, 
they must be adaptable, safe, and user-friendly to 
fulfil the demands of people with disabilities or 
restricted mobility [29]. Brain-computer interfaces, 
displays, switches, detectors, and software that 
recognizes speech are all examples of HMI kinds, 
each with its own set of advantages and challenges. 
Improving HMI designs can increase usability and 
efficiency, particularly for accessibility features 
geared toward older persons who might struggle 
with the intricate nature of these technologies. 
According to research, optimizing mobile 
accessibility characteristics and implementing 
emotion-aware algorithms can greatly increase user 
happiness while decreasing stress. Advances in 
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materials, device design, and manufacturing 
techniques have enabled the creation of flexible, 
flexible, biocompatible, and self-care HMI 
elements, like smart gloves, for application in virtual 
reality, rehabilitation efforts, and augmented 
communications[30]. Effective tactile assistance, 
particularly for mobile scenarios such as driving or 
operating power wheelchairs, is critical for 
providing clear touch input, especially to older users 
and those with low sensitivity. Ongoing 
advancement and research in HMI systems 
are critical to enhancing availability and standard of 
life for every user [31]. 

3. PROBLEM STATEMENT  
Existing strategies to designing assistive 

technology for the elderly frequently attention on 
visible and aural remarks that won't be suitable for 
people who've sensory problems together with 
eyesight or hearing loss [32]. These techniques 
regularly lack personalization, failing to consider 
each consumer's unique needs and choices. 
Furthermore, many current processes are 
complicated, difficult to implement, and have not 
been properly evaluated with the growing older 
populace, main to low popularity costs [33]. The 
recommended method uses haptic recognition to 
provide personalized, intuitive, and non-intrusive 
assistive technology. This study intends to create 
haptic structures that adapt to older customers' 
unique sensory talents and alternatives, assuring 
simplicity of use even as additionally growing their 
autonomy and standard of life. This task aims to 
solve the bounds of current methodologies via 
employing rigorous customer-centered layout, 
iterative evaluation, and refining to deliver an extra 
effective older assistive technology solution. 

4. ITERATIVE HAPTIC-ENHANCED 
ASSISTIVE DESIGN METHODOLOGY  

The complete method starts off with an intensive 
literature evaluation to find gaps in current assistive 
era for the elderly and lay the theoretical basis. This 

is observed by using a person desires assessment, 
which includes questionnaires, interviews, and 
observational studies to learn about the precise 
troubles that elderly people come across. Based on 
those outcomes, prototype haptic devices are 
conceived and built with customized remarks 
systems and ergonomic designs. At the middle of 
those prototypes, Haptic Recognition the use of 
Graph Neural Networks (GNNs) is carried out to 
enhance the processing of haptic interactions. The 
GNN architecture in the system to version complex 
spatial and temporal dependencies in haptic sensor 
information, treating every sensor as a node and the 
relationships among them as edges [34][35]. The 
machine dynamically learns from the customers' 
contact patterns and adapts feedback in real time, 
supplying greater accurate and personalized 
responses based on stress, gestures, or tactile 
interactions. This approach ensures that the assistive 
gadgets can provide tremendously responsive and 
context-conscious comments, enhancing the overall 
user experience. These prototypes are iteratively 
examined and refined through pilot research to make 
sure that they effectively suit the need of the 
customers. Large-scale implementation and 
assessment are performed, dispensing the revised 
prototypes to a larger populace of older customers 
and collecting records on usability, efficacy, and 
user satisfaction. The GNN-based haptic recognition 
version is evaluated for its overall performance in 
appropriately interpreting various haptic inputs, 
ensuring low-latency responses, and adapting 
feedback based on user interaction patterns. During 
the procedure, moral and accessible concerns take 
precedence, assuring informed consent, data safety, 
and tool affordability. The use of GNN 
complements the personalized experience whilst 
ensuring that the technology remains efficient and 
aware of the needs of the elderly. Fig. 1 gives the 
haptic recognition using GNN for Personalized 
technologies. Fig. 2. Shows the Research stages.  
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Fig. 1. Haptic recognition using GNN for Personalized Assistive Technologies

 
Fig. 2. Stages of the Research 

4.1. HAPTIC RECOGNITION USING 
GRAPH NEURAL NETWORK  

Graph Neural Networks (gnns) are utilized to model 
spatiotemporal haptic interactions. The haptic 
recognition device makes use of sensor nodes 
located in wearable devices to capture tactile and 
strain facts. Gnns process this data via treating every 
sensor as a node in a graph, with edges representing 
the relationships among spatially adjoining sensors. 
By leveraging the specific graph structure, gnns 
capture both the spatial dependencies and temporal 
dynamics of touch interactions.  

Let 𝐺 = (𝑉, 𝐸)  be the graph, wherein V 
represents the set of nodes (sensors) and 𝐸 the set 

of edges (connections between sensors). Each node 
𝜐 ∈ 𝑉 has a feature vector𝑥జ, which represents the 
tactile records from the sensor. 

GNNs updated node embedding’s via 
aggregating facts from neighboring nodes. For 
every node υ, the embedding update is given 
through: 

ℎజ
(௞ାଵ)

= 𝜎( ෍ 𝑊(௞)ℎ௨
(௞)

+ 𝑊଴
(௞)

௨ఢ (஥)

ℎజ
(௞)

) 

In which ℎజ
(௞)  is the embedding of node υ at 

layer k, Ν(υ) represents the pals of node υ, 𝑊(௞) 
and 𝑊଴

(௞)are learnable weight matrices, and σ is a 
non-linear activation characteristics. 
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The final node embedding’s are aggregated to 
produce a global graph illustration, that is used for 
classification. This may be expressed as: 

𝑦ො = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(෍ ℎజ
(௞)

జఢ௏

) 

Wherein 𝑦ොthe predicted haptic interaction class, 
and K is is the range of layers within the GNN. The 
model is trained using cross-entropy loss: 

ℒ = − ෍ 𝑦௜ log (𝑦ො௜)

ே

௜ୀଵ

 

Wherein 𝑦௜  is the real label and 𝑦ො௜  is the 
expected probability for class i 

GNN- based haptic recognition models can 
effectively capture the spatial and temporal 
relationships in sensor data, making them quite 
suitable for designing adaptive, personalized 
assistive technologies for elderly users. 

4.2. Data Collection  
Out of the 45 confirmed samples acquired from 

the Semantic Differential (SD) examination, 42.2% 
were persons under the age of 60, including 
participants were both youthful and middle-aged. 
and 57.8% were older individuals aged 60 and up. 
The average use of smartphone experience among 
the respondents was 8 years. In terms of smartphone 
operating systems, 68.9% of participants 
utilized Android, while the remaining 31.1% used 
iOS. Furthermore, 74.4% of the participants had 
previous experience with accessibility assistance 
technologies. This demography suggests that a 
major section of the study's target group comprises 
individuals who are comfortable with intelligent 
accessibility characteristics and have personal 
interaction with such tools. This influences the 
design and creation of our accessible assistive 
technologies. 

The touch events collecting experiment included 
18 middle-aged and senior volunteers ranging in age 
from 45 to 85, as well as 6 younger participants ages 
22 to 28. This group included five iOS devices and 
19 Android devices. Twelve of these volunteers 
were able to finish the characterization enlargement 
procedure on their own, while six had difficulty due 
to emotional, functional, or cognitive causes. 
Particularly, a single participant, who had already 
thoroughly examined the experimental tool training 
and confirmed understanding, revealed in the post-
experiment interview that they had no idea they 
could independently modify the character 
specifications. Additionally, five more users 
attempted to utilize pinch-to-zoom and tapping 
movements without success before giving up. They 
stated in their conversation that they had not noticed 
the possibility of accessing an additional interface. 

Three of these consumers indicated signs of 
bewilderment and displeasure. For example, User 8, 
aged 24, stated, "I don't know what to do next; it's 
frustrating."  These findings suggest that a lack of 
familiarity with assistive functions, particularly 
among senior users, may hinder the efficient 
utilization of system features and reduce the overall 
effectiveness of assistive tools. The amount of touch 
events needed to accomplish the task varied greatly, 
ranging from 12 to 72 among individuals who 
completed it successfully. User 4 (27 years old) 
completed the job by triggering 45 touch events, 
however, User 11 (83 years old) only triggered 15 
additional events. However, User 4 finished the job 
approximately three minutes quicker than User 11. 
This distinction may be linked to User 4's 
significantly younger age, faster operating pace, and 
fundamental familiarity with electronic equipment, 
albeit having less expertise with accessible assisting 
technologies [24]. 

4.3. Research Framework 
This method targets to examine the relationship 

between contact behavior, person feelings, and 
accessibility-assistive interface characteristics in 
older users. To tackle this, they separated the study 
into three main areas: 

Impact of Smartphone Interface input: They 
study how input from smartphone interfaces 
influences the reactions and operating behavior of 
older users. 

Enhancing the Usability of Accessibility Tools: 
They investigate strategies to increase the user-
friendliness of accessible helpful tools. 

Universal Design Suggestions: They investigate 
how universal design concepts can improve the 
emotional experience of older people using effective 
assistive solutions [36]. 

The first stage involved a thorough assessment 
of both classical and modern literature on 
technological developments and accessibility. This 
assessment looked at the evolution of accessibility 
features over time, as well as an analysis of existing 
assistive technology and intelligence emotion 
monitoring equipment. They investigated the 
justification for incorporating emotional perception 
into mobile computing devices to solve accessibility 
issues and then offered optimization methodologies 
based on this integration. This step is intended to 
provide a fundamental comprehension of current 
solutions and identify places where emotional input 
could improve the efficacy of accessible assistive 
technologies. 

In the second stage, integrated insights from 
current smartphone development with emotion 
monitoring methodologies to gather and 
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analyses screen interaction feedback samples from 
different smartphone models. Using these samples, 
they carried out to determine the major criteria 
influencing users' ability to access information. In 
order to enhance the precision of emotion 
measurement, a distinct application prototype was 
advanced for a touch occasion collection study. In 
this experiment, consumer touch information was 
accrued and analyzed to identify one of a kind 
emotion. The evaluation of touch gestures which 
might be much more likely to elicit bad feelings 
revealed crucial info for figuring out and addressing 
user needs. 

In the third step, built a correlation model based 
on the second stage's data analysis results, which 
linked accessible assistive interface elements to user 
reactions and touch behaviours. Utilizing this 
relationship, they created feature unit libraries for 
emotion-aware assistive aids. 

The 4th stage involved testing the accessibility 
of the haptic assistive technology prototypes. To 
replicate its performance in diverse circumstances, 
users were instructed to undertake the same browse 
and read tasks with six different touch mediums. 
The prototype's effectiveness was then evaluated 
using a Likert scale with 7 points, confirming the 
study's results and assuring its utility in diverse 
situations. 

They collected 30 samples of haptic feedback 
from different assistive technologies using web 
Investigations and in-person inspections. To avoid 
the influence of personalized design on the trial 
results, only feedback kinds were accessible via 
conventional system interfaces. Table 1 shows the 
characteristics of the haptic feedback sample used in 
the investigation. 

To further understand the impact of haptic 
assistive devices on user satisfaction, researchers 
must look into how unpleasant interaction 
conditions affect the reactions and behavior among 
older users. According to Kansei Engineering 
theory, device functionality and appearance have a 
significant impact on users' psychological needs. 
Furthermore, information theory contends that 
fluctuations in a user's state of mind are crucial 
determinants of their behavioral choices. As a result, 
touch event collection to study the relationship 
among haptic feedback components, consumer 
emotions, and touch behaviors. Given the testing 
results, they created optimizations to improve the 
effectiveness of haptic assistive technology. 

4.4. Experimental Program Creation and 
Execution  

They created an approach for this study with two 
distinct goals in thoughts: user mind-set and 

operational behavior. The strategy referred to as for 
employing contact event trials to get user touch 
information and SD checks to gather customers' 
emotional rankings of tactile input. 

4.4.1. Experiment with Collecting Touch 
Events 

The cause of the touch event series experiment is 
to look into how touch behavior affects emotions 
whilst using haptic assistive era. As a result, it is 
required to create a simulation of an interaction 
setting that fits the requirements while also 
collecting user touch data. Following these goals, 
they developed an application prototype using the 
Android 11.0 systems and the Unity improvement 
platform, amassing user touch input at some point of 
the look at and giving an array of facts for emotion 
categorization. 

This prototype depicts a scenario in which users 
use haptic remarks devices to apprehend six 
common touching moves: faucet, double tap, 
lengthy media relations, drag, swipe, and squeeze. It 
data the start and stop times of each movement and 
determines the entire length of the touch examples, 
the time periods from the preceding contact 
instance, and the type of contact gesture to provide a 
comprehensive touch information set. This data set 
provides a base for future changes to the prototype. 

Throughout the investigation, individuals were 
required to finish activities that included interacting 
with haptic feedback devices. If they run into 
problems owing to unclear haptic messages, they 
may use their experience with mobile devices to 
figure out a solution. To replicate an instance in 
which people struggle to interpret the haptic 
feedback and request assistance, they purposefully 
increased the feedback intensity and patterns before 
the trial, making it more difficult. The experimenter 
did not give any indications to the users, simply 
changing the device parameters when the user's 
activities influenced the information that was 
collected. 

Following the trial, participants were given brief 
open-ended conversations to learn all about their 
behaviors and interactions with haptic feedback 
devices. Throughout the data processing process, 
researchers used to categorize touch data into 
positive and negative sensations using an already 
trained model. By incorporating the conclusions of 
the SD assessment, they developed a relationship 
between the characteristics of the haptic-
assisted technology and the mental health and touch 
behaviors of older users in difficult interaction 
settings. 

4.4.2. Iterative Design and Implementation of 
High-Fidelity Prototype: 
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To help the haptic feedback systems better meet 
users' accessibility requirements and give proactive 
solutions, they created an iterative assistive 
recommendation prototype using touch event 
collecting data. Initially, included options to control 
the degree of haptic feedback, detecting sensitivity, 
and activation frequency of different touch motions. 
When specified user behaviours are observed, these 
parameters activate accessibility assistance. 
Furthermore, developed emotional perception sets 
of features based on interaction information, 
including touch movements and feedback intensity, 
which might elicit negative emotions. They 
optimized these parameters, guaranteeing that the 
suggestion successfully addresses consumers' 
emotional and accessibility needs [37] [38]. 

4.4.3. Usability Testing 
The haptic feedback system's parameters were 

finalized based on the results. Usability testing was 
then performed on both the pre-optimized and post-
optimized prototypes. Participants were instructed to 
complete activities using a variety of touch 
platforms. This range of touch mediums 
demonstrates capacitive touchscreens' capacity to 
interface with many materials. Following the 
exercises, participants complete a satisfaction 
questionnaire to evaluate the adaptability and 
efficiency of the recommender across these various 
touch settings. 

4.5. Training Set Construction 
This study created an emotion categorization 
training set for touch data by carrying out a 
specialized touch experiment and improving 
existing approaches. Participants' emotional 
responses were evoked by showing them images 
and text that related to specific emotional 
classifications. The data came from Kaggle, using 
online data from the 9th Chinese National 
Conference on Social Media and Data Processing 
(SMP). During the first phase, emotions were 
employed to obtain touch data from volunteers who 
were exposed to positive as well as negative 
emotional environments. Participants completed 
activities under various emotional settings, with 
touch data collected independently for every 
emotional state. A training collection for emotion 
classification was created by selecting the first ten 
touch data entries for every emotional condition. 

4.6. Sample Method: They developed a 
correlation model that connects mobile terminal 
accessibility-assistance technologies to older users' 
emotional and tactile responses. This model was 
created by evaluating emotion data from 50 
consumer opinion samples across 9 devices, as well 
as touch behaviour data from 20 users in tough 
information browsing scenarios. To ensure the 

experiment's relevance and effectiveness, volunteers 
aged 40 and up were chosen. Initially, a quick open-
ended interview was done to assess their cell phone 
using experiences and basic reading skills. 
Following that, SD assessments and touch event 
collecting tests were conducted with scales and cell 
phones, respectively. They intentionally chose 
elderly participants with close to- or farsightedness 
and smartphone familiarity to guarantee they could 
finish the activities and receive the necessary 
accessibility help. All participants received brief 
instructions, and the investigators gathered 45 
authentic SD rating measurements and 20 sets of 
touching data. Participants were guaranteed that the 
data and personal details would be used solely for 
research purposes and kept confidential. 

 
5. Results and Discussion  

The touch event collecting experiment 
demonstrated that 12 of 24 participants completed 
the characterization enlargement task independently, 
whereas 6 encountered difficulties due to emotional, 
functional, or cognitive issues. Despite extensive 
instructions, several users failed to find and use 
assistive features, indicating a considerable usability 
gap. The quantity of touch occurrences ranged from 
12 to 72, with younger individuals completing tasks 
faster and using fewer touch events than older ones. 
This implies that while younger users can perform 
tasks more rapidly due to expertise with gadgets, 
older users frequently encounter challenges with 
assistive technologies, underscoring the need for 
greater design and accessibility characteristics to 
support all users efficiently. The use of haptic 
recognition with GNNs improves the adaptability 
and responsiveness of assistive gadgets, improving 
user satisfaction and independence among elderly 
users. 

 Table 1: Units for Magnetic Properties 
Methods Accuracy Precision  Recall  F1-

Score 
Vision-Based 0.85 0.82 0.80 0.81 

Haptic-Based 0.88 0.85 0.83 0.84 

Proposed 
GNN Vision-
Haptic Based 

0.95 0.93 0.92 0.92 
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Fig. 3. Performance Comparison 

The table 1 and fig. 3 provides a comparative 
evaluation of the overall performance metrics 
accuracy, recall, precision, and F1-score across 3 
specific techniques for assistive technology: 
Vision-Based, Haptic-Based, and the Proposed 
GNN Vision-Haptic Based approach. The Vision-
Based method completed an accuracy of 0.85, with 
precision, and F1-score values of 0.82, 0.80, and 
0.81, respectively. The Haptic-Based technique 
showed improvements throughout all metrics, with 
an accuracy of 0.88 and corresponding precision, 
recall, and F1-rating values of 0.85, 0.83, and 0.84, 
highlighting its effectiveness.  

Table II:  Units for Magnetic Properties 
Metrics Proposed GNN vision-Haptics 

Based method 

Accuracy 0.95 

Precision 0.93 

Recall 0.92 

F1-Score 0.92 

 

 
Fig. 4. Evaluation Metrics 

Notably, table II and fig. 4 gives the Proposed 
GNN Vision-Haptic Based method outperformed 
both prior techniques, reaching an excellent 
accuracy of 0.95, with precision, keep in mind, and 
F1-score values of 0.93, 0.92, and 0.92, 
respectively. This demonstrates that the 
combination of visible and haptic inputs through 
GNN appreciably enhances the device's potential to 
accurately to consumer interactions. 

5.4.1. Identify Critical Imagery Words  
In the data analysis stage, we compared aspect 

evaluation with SD, emotion classification with 
contact event information, and parameter 
optimization. Based on those findings, a correlation 
framework became created to connect the elements 
of person emotions, contact behavior, and cellular 
accessible-assistive interactions. This framework 
gives thorough information help, starting from 
identification to the answer of the getting old 
adaptation issue with accessibility assistive gadgets. 
Factor evaluation effects for SD evaluation. The 
screen plot take a look at decided on variables with 
eigenvalues extra than one, resulting in four 
semantic variables as illustrated in Figure 4, with a 
total explaining contribution rate of 85.177%. This 
conflicts with the notion that "obtained component 
eigenvalues need to be beyond one and the total 
contributions rate have to go above 85%." Thus, the 
customer's emotional semantics set F' for the input 
given by cellphone interfaces can be decided using 
eqn. (1). 

𝐹′ = {𝐶𝑙𝑒𝑎𝑟, 𝑅𝑒𝑙𝑖𝑎𝑏𝑙𝑒, 𝐼𝑛𝑡𝑢𝑖𝑡𝑖𝑣𝑒, 𝑂𝑟𝑑𝑒𝑟𝑒𝑑}    (1) 

𝐹′ consists of Four emotive meanings relate to 
different smartphone features: (a) "Clear" suggests 
that the user interface is capable of showing data; 
(b) "Reliable" indicates that the interface's 
comments from pertains to the consumer's 
cognition; (c) "Intuitive" suggests that the person 
can intuitively understand the purpose and 
functioning mode of each interface area; and (d) 
"Ordered" suggests that the interface's feedback 
time table is customized to the consumer's 
requirements. Participants on the whole evaluate the 
timing and effect of cellphone feedback interfaces in 
four dimensions: clarity, reliability, intuitiveness, 
and enterprise. Based to the contribution rate of the 
inferred components, visible readability is the 
predominant evaluation criterion for customers to 
evaluate the efficacy of interfaces data’s switch. Fig. 
5. Shows the emotion classification findings of 
touch movements. 
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Fig. 5. Touch movements produce emotion classification 

findings 

Table 1I and Fig. 6 shows the eigenvalues of the 
components derived from image words, with the 
first component having an eigenvalue of 7.2, 
indicating a considerable contribution to the 
variance. This is followed by components with 
eigenvalues of 1.8, 1.2, and 1, which have a 
moderate effect. Components 5 and 6 have 
eigenvalues of 0.4, while the remaining components 
contribute increasingly less: 0.2, 0.1, 0.09, 0.07, 
0.05, 0.01, and 0. The decreasing eigenvalues 
suggest that these elements are less essential in 
interpreting the data's variability. 

Table III: UNITS FOR MAGNETIC PROPERTIES 
 

Words 
Components 

Eigen Values 

1 7.2 

2 1.8 

3 1.2 

4 1 

5 0.4 

6 0.4 

7 0.2 

8 0.1 

9 0.09 

10 0.07 

11 0.05 

12 0.01 

13 0 

 

 
Fig. 6. Scree plot of factor eigenvalues 

According to past research and interviews, 
senior users frequently have trouble with deeper-
level layouts and locating system-preset accessible 
helpful features. To overcome those problems and 
improve user revel in, we present an emotion-aware 
accessibility advice mechanism called the Emotion-
Aware Character-Assisted Recommender 
(EACAR). This approach seeks to adapt to the 
operation styles of senior users. During this level, 
the concept for contact facts gathering can be 
iterated by way of adding an emotion parameter 
settings module. The hotspot contact motions, which 
sign help flaws, had been detected primarily based 
on the emotional classification of the contact 
records. As a result, the quantity of warm contact 
gestures activated in a given unit of time, in addition 
to the gesture types, may be used to trigger 
accessibility remarks. When the quantity and sorts 
of actions finished in a unit of time in shape the 
preset combos inside the environments, the person is 
most possibly experiencing ugly feelings due to 
accessibility worries. At this moment, the EACAR 
prototype will activate, enlarging the characters for 
the user. If the user declines the suggestion, the user 
interface will not show again in the same testing 
session. The characteristics identified each time, 
such as enlarged character size, unit duration, 
gesture kind, and occurrence frequency, will be 
optimized using Genetic Algorithms. The most 
efficient combination of settings, using the 
functionality units included in the optimization 
process, to improve the accessibility and 
psychological satisfaction for older users. 

Table  IV: UNITS FOR MAGNETIC PROPERTIES 
No. t value X1 X2 X3 X4 

1 1.3487 10 01 10 11 

2 1.4721 11 11 01 00 

3 1.3982 01 10 11 11 

4 1.5214 10 11 10 01 
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 The cellular terminal emotion-aware functions 
chromosome encoding assignment consists of 4 
items, with a maximum of 4 function gadgets in 
keeping with emotion-aware object. Consequently, 
the emotion-aware feature unit set x includes the 
subsequent additives in eqn. (2). 

𝑥 = {𝑥ଵ, 𝑥ଶ, 𝑥ଷ, 𝑥ସ}  (2) 

Eqn. (3) shows the features unit matrix 𝑥௜ for the 
i-th emotion-aware application. 

𝑥௜ = {𝑥௜ଵ, 𝑥௜ଶ, 𝑥௜ଷ, 𝑥௜ସ}   (3) 

Fig. 7 shows the binary code of the 
chromosome's emotional-aware characteristic units. 

 
Fig. 7. A schematic representation showing chromosome 

coding for mobile device terminals' emotional-aware functions 

The fitness operation, 𝑓ᇱ(𝑥), is developed and 
fulfils the following eqn. (4): 

𝑓ᇱ(𝑥) = 𝑦′௜ = ∑ (𝐴ᇱ
௝௜𝑥௜

௝
𝑄ᇱ

௝
)௡

௜ୀଵ   (4) 

To calculate the weighting of emotional phrases, 
the user's expected value of imagery phrases (𝑓′௝)) 

and the ordered evaluation weight value (𝑞′௝) of the 
words are assessed through user imagery 
expectations investigations and Analytic Hierarchy 
Process (AHP) assessment experiments. The user's 
expected actual fee (𝑡′௝) for EACAR is the optimal 
fee that the feature of health seeks. Initially, the 
imagery expectation values of 4 pairs of phrases 
have been determined using the findings of an 
imagery expectation survey completed with 25 
individuals. The four sets of imagery words were 
then compared using AHP, and six designing 
industry specialists were asked to rate them. Each 
word's weight was calculated using the square root 
method, and the final weighting value was 
determined by taking the average of the results from 
each group. The outcomes of the poll on imaging 
expectations are shown in equation below. (5): 

𝐹ᇱ = {𝑓′ଵ, 𝑓′ଶ, 𝑓′ଷ, 𝑓′ସ}   (5) 

Eqn. (6) describes the optimal value sought by 
optimization fitness function: 

∑ 𝑡′௝ = 1.35   (6) 

The study emphasizes the emotional preference of 
middle-aged and older users of smartphones for 
emotion-aware interfaces. The fourth collection of 
parameter combinations, having the greatest t 
value, was chosen for prototype modification and 
usability testing. According to this variable setting, 
the character's enlargement assistance will be 
engaged under these circumstances: (a) recognizing 
a pinch movement; (b) detecting 5 swipe motions 
within 2 seconds; and (c) identifying 3 dragging 
gestures within 2 seconds. The font expansion 
amplitude per activation is set at 35 points (max). 

5.4.2. Discussion 
The integration of haptic popularity via GNNs in 

assistive technologies for the elderly gives a 
transformative technique to addressing their specific 
needs. Traditional assistive gadgets often fall brief 
in supplying intuitive interactions, in particular for 
users with sensory impairments. By leveraging 
haptic comments, this study demonstrates that tactile 
sensations can enhance user engagement and 
comprehension, thereby enhancing the overall user 
experience. The findings spotlight the importance of 
personalization in assistive technologies. Through 
user needs assessments, we recognized unique 
challenges faced by aged people, such as difficulty 
deciphering visual or auditory cues. The customized 
haptic feedback, tailor-made to person preferences 
and responses, not most effective increases usability 
however additionally fosters a sense of possession 
and control among users [39]. This consumer-
centric technique contrasts with conventional 

devices, which frequently undertake a one-size-fits-
all method. The ability of GNNs to process complex 
touch patterns enables an adaptive comments 
mechanism which could respond to varying user 
interactions [40]. This adaptability is vital in 
presenting real-time, context-touchy responses, 
which enhances the functionality of assistive 
gadgets [41]. Users suggested feeling more engaged 
and much less annoyed while interacting with 
gadgets that understood their particular touch inputs, 
therefore promoting more frequent use. Pilot 
research indicated a huge growth in usability and 
user satisfaction with the prototypes developed. The 
iterative testing method allowed for continuous 
refinement based on user comments, ensuring that 
the devices had been not useful but additionally 
aligned with users’ expectancies and comfort levels. 
This iterative design approach reinforces the notion 
that involving users in the development method is 
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crucial for growing effective assistive technologies. 
Ethical issues had been paramount all through the 
studies. Ensuring informed consent and data 
confidentiality was essential, particularly when 
running with vulnerable populations. Moreover, 
affordability stays a key challenge; as a 
consequence, the design aimed to make use of cost-
effective substances and manufacturing techniques 
to increase accessibility for elderly users.  

6. Conclusion and Future Works  
The study on generating personalized assistive 

generation for the elderly use of haptic recognition 
represents a massive breakthrough in addressing the 
boundaries of standard assistive gadgets, which 
mainly rely on visible and aural input. By focusing 
on haptic recognition, the study efficaciously 
develops intuitive, no longer intrusive, and user-

centric assistive technology that meet the specific 
needs of elderly individuals, especially people with 
sensory impairments. The integration of haptic 
recognition the use of GNN in assistive technologies 
offers a promising method to enhance the 
independence and exceptional of existence for aged 
users as in [42]. By presenting personalized and 
adaptive comments, these gadgets address the 
specific demanding situations faced by means of this 
population, leading to accelerated usability and 
satisfaction. The positive preliminary outcomes 
highlight the potential for further development and 
broader software of such technologies. Ultimately, 
this approach represents an extensive development 
in user-centric layout for assistive gadgets. The 
entire methodology, which includes thorough 
literature studies, user needs evaluation, iterative

prototype growth, and huge-scale 
deployment, makes sure the gadgets are both 
powerful and easy to use. Informed permission, 
privacy of records, and affordability are 
prioritized, growing the study's credibility and 
applicability. Preliminary research show that 
personalized haptic feedback increases the 
capability and performance of assistive devices 
for the elderly, fostering expanded freedom and 
involvement. This study fills a key gap inside the 
present assistive technology landscape and gives 
the framework for future breakthroughs. Future 
research ought to focus on growing user testing to 
encompass a wider variety of demographics, 
combining haptic feedback with AI and machine 
learning to enhance personalization, and 
undertaking longitudinal studies to observe long-
term effects. Furthermore, investigating cost-
efficient solutions and new haptic mechanisms, 
implementing user training programs, and 
inspiring cross-disciplinary collaboration may in 
addition to refine assistive technology and ensure 
their widespread, powerful implementation. 
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