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ABSTRACT The rapidly aging global population has made the accessibility of digital banking services a critical design
challenge. Older adults face barriers in mobile banking applications such as small font sizes, complex navigation, and high
information density. In this study, an Android mobile banking prototype was developed that automatically determines the
user’s age group through AI-based facial age estimation and presents one of two user-interface profiles accordingly. The
application was built with Kotlin, Jetpack Compose, and Material Design 3. It performs real-time face detection through
CameraX and Google ML Kit Face Detection. The detected face region is passed to an open-source, pretrained, on-device
TensorFlow Lite convolutional neural network regression model trained on the UTKFace dataset. Because the entire
computation runs locally, the facial image never leaves the device. The profile designed for users aged 55 and above
incorporates literature-based design decisions, including WCAG 2.2 AAA-level contrast ratios, 22 sp body text, 89 dp
touch targets, and step-by-step transaction flows. Users under 55 are provided with an information-rich modern dashboard
compliant with Material Design 3. The prototype covers core banking functions such as balance inquiry, money transfer,
bill payment, gold trading, loan application, and card management. The findings indicate that age-adaptive interfaces have
significant potential to facilitate older adults’ access to digital banking.
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INTRODUCTION

According to World Health Organization estimates, approximately
22% of the world’s population will be aged 60 years or older by
2050. According to 2023 data from the Turkish Statistical Institute,
the internet usage rate among people aged 65 years and older
in Türkiye remains at 34.7%, substantially below the rate among
younger generations (Turkish Statistical Institute 2023). This digital
divide creates serious inequality, particularly in access to financial
services (Selwyn 2004; Demirgüç-Kunt et al. 2022).

Mobile banking applications have become indispensable in
daily life as financial transactions have increasingly moved to digi-
tal channels. However, most existing applications are designed for
young, technologically proficient users, while the physical, cogni-
tive, and perceptual needs of older adults are largely overlooked
(Czaja et al. 2019; Wildenbos et al. 2018). Small font sizes, low
contrast ratios, complex navigation structures, and high informa-
tion density are among the principal design problems that prevent
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older users from using mobile banking effectively (Fisk et al. 2009;
Wilundah 2025).

Existing mobile banking applications generally follow a “one-
size-fits-all” approach. This approach does not account for dif-
ferences in cognitive and motor abilities across age groups. The
principal difficulties experienced by older users are documented
in the literature as difficulty reading small text because of presby-
opia (Bernard et al. 2001b,a), difficulty selecting small touch targets
because of hand tremor (Morey et al. 2019; Shamsujjoha et al. 2025),
increased cognitive load caused by numerous options and complex
processes (Mi et al. 2014; Sweller 1988), and technology anxiety
arising from fear of making mistakes during financial transactions
(Han and Ko 2025).

This study aimed to develop a mobile banking interface proto-
type that uses AI-assisted age estimation and automatically adapts
to the user’s age. The objectives were to perform real-time face
detection and age estimation using CameraX, Google ML Kit, and
an on-device TensorFlow Lite model; design a WCAG 2.2 AAA-
level interface with reduced cognitive load for users aged 55 years
and older; provide a contemporary Material Design 3 interface for
users under 55; and implement fundamental banking functions
for both profiles. The study makes three main contributions. First,
it improves the user experience by using camera-based facial age
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estimation rather than requiring manual age-group selection. Sec-
ond, it applies design metrics drawn from WCAG 2.2, ACM CHI
research, and ISO 9241-171 in an integrated application. Third,
the prototype extends beyond an interface demonstration and sup-
ports realistic banking scenarios such as gold trading and loan
applications. The remainder of the article reviews related stud-
ies, explains the materials and methods, presents the application,
discusses the findings, and concludes with directions for future
research.

RELATED STUDIES

Accessibility Standards in Mobile Applications
The Web Content Accessibility Guidelines (WCAG) 2.2 define in-
ternationally recognized requirements for digital-content accessi-
bility (World Wide Web Consortium 2023). These requirements
include contrast ratios of 4.5:1 at Level AA and 7:1 at Level AAA,
a minimum target size of 24 dp by 24 dp under Success Crite-
rion 2.5.8, a recommended target size of approximately 44 dp by
44 dp, and consistent assistance mechanisms under Success Cri-
terion 3.2.6. ISO 9241-171:2008 provides ergonomic guidance for
software accessibility (International Organization for Standardiza-
tion 2008). Üstün et al. (2025) evaluated the mobile applications
of four banks for older users through the System Usability Scale
and semi-structured interviews. They found that small fonts, low
contrast, and complex navigation reduced usability. The European
Accessibility Act incorporates accessibility requirements applica-
ble to products and services, including requirements relevant to
animation and flashing visual elements (European Parliament and
Council of the European Union 2019).

Interface Design Principles for Older Users
Older adults’ use of digital interfaces is directly affected by age-
related cognitive and physiological changes. Cognitive Load The-
ory, proposed by Sweller (1988), indicates that reducing unneces-
sary visual elements can improve task-completion performance.
Czaja et al. (2019) compiled design principles for older adults and
identified large touch targets, simple navigation structures, and
low information density as fundamental requirements. Mi et al.
(2014) examined the relationship between screen information den-
sity and the performance of older users and reported that three to
four main elements per screen were optimal. Morey et al. (2019) in-
vestigated touchscreen interaction among older adults and found
that increasing touch-target size substantially reduced error rates.
Shamsujjoha et al. (2025) proposed enhanced mobile-application
guidelines that better support human factors, including accessibil-
ity and users’ physical and cognitive differences. In experiments
with older users, Kobayashi et al. (2011) showed that increasing
touch targets to at least 8 mm, approximately 48 dp, substantially
reduced the error rate.

Bernard et al. (2001b,a) investigated the effects of font type and
size on older adults reading online text and found that larger fonts
improved legibility and reading speed. Recent mobile-interface
studies have raised the recommended lower threshold for body
text for older users to approximately 18–22 sp (Hou et al. 2022;
Gomez-Hernandez et al. 2023). Watkins et al. (2014) likewise sup-
ported the contribution of large fonts and clear instructions to
usability. Harte et al. (2017) applied a human-centered design
methodology to mobile health applications and emphasized the
importance of placing a text label next to each icon and providing
error tolerance. Wickramathilaka et al. (2025) proposed step-by-
step navigation and interfaces with a limited number of options
based on persona-oriented findings for older users. In a study of

488 older mobile-banking users, Han and Ko (2025) showed that
technology anxiety negatively affected continued use, whereas
trust and familiarity supported it. This finding highlights the
value of confidence-building elements such as security badges.

Adaptive Interfaces and Age Estimation
Adaptive user interfaces automatically adjust to individual user
characteristics. Gajos et al. (2010) presented the SUPPLE system,
a pioneering approach for automatically generating interfaces tai-
lored to users’ abilities. Machado et al. (2018) proposed a con-
ceptual framework for adaptive interfaces for older adults and
discussed adaptation according to user capabilities. In facial age
estimation, Rothe et al. (2018) introduced the DEX method, which
achieved accurate age estimation using convolutional neural net-
works. Levi and Hassner (2015) showed that effective age classifica-
tion could be achieved even with limited datasets. The MobileNet
architecture introduced by Howard et al. (2017) provided a foun-
dation for real-time image classification on mobile devices with
limited processing capacity (Android Open Source Project 2024;
Google ML Kit 2024). Othman et al. (2026) thematically analyzed
adaptive-interface design strategies for older adults and identified
personalization, adaptation to user capabilities, and integration of
assistive technologies as prominent strategies. Boukherouaa et al.
(2021) evaluated the opportunities and risks of artificial intelligence
in finance, including data-privacy and security concerns.

Financial Inclusion and the Digital Divide
Demirgüç-Kunt et al. (2022) analyzed the effect of digital-banking
access on financial inclusion using Global Findex 2021 data and
documented that older adults were being left behind in this process.
Selwyn (2004) examined the digital divide in relation to older
populations and argued that technological accessibility is a social
responsibility. Data from the Turkish Statistical Institute (Turkish
Statistical Institute 2023) confirm that digital-service usage among
people aged 65 years and older in Türkiye remains substantially
below that of younger age groups.

MATERIALS AND METHODS

Development Environment and Technologies
The application was developed using the technology stack sum-
marized in Table 1.

Jetpack Compose’s declarative interface structure provides sub-
stantial advantages when screens must be recreated dynamically
according to user state (Vaupel et al. 2014). Kotlin’s null-safety and
coroutine features support reliability in operations for which er-
rors must be minimized, including camera processing and banking
workflows (Leiva 2023).

System Architecture
The system consists of three main layers.

Age-detection layer: Images are captured with the front camera
through CameraX, faces are localized using Google ML Kit Face
Detection, and age is estimated using the TensorFlow Lite model.

Decision layer: If the estimated age is 55 years or older, the senior
interface profile is selected; otherwise, the junior interface profile
is selected. The threshold of 55 years was adopted because presby-
opia and age-related reductions in hand-eye coordination and fine
motor control often become more pronounced around this period.
The threshold was fixed in the prototype, but future versions are
intended to adapt it according to the user’s level of digital literacy.
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■ Table 1 Technologies and versions used in the development environment

Component Technology Version

Platform Android compileSdk 36, minSdk 24

Programming language Kotlin JVM

Interface framework Jetpack Compose Material Design 3

Camera CameraX 1.4.1

Face detection Google ML Kit Face Detection 16.1.7

Age-prediction model CNN regression trained with UTKFace, executed on-device TensorFlow Lite 2.16.1

Development environment Android Studio Current release

Interface layer: All screens are generated according to the selected
profile and its associated design metrics.

Automatic Age-Determination Mechanism

When the application starts, CameraX activates the front-camera
preview and sends frames to an analyzer running in the back-
ground. Age estimation is performed through a two-stage pipeline.
In the first stage, Google ML Kit Face Detection identifies faces,
bounding boxes, and facial landmarks in each frame. It does not
directly estimate age; it only determines face locations. In the
second stage, when multiple faces are present, the face with the
largest area is selected. The image is rotated according to the cam-
era orientation, and the face is cropped with a 20% margin around
its boundaries. The cropped face image is then supplied to the
on-device TensorFlow Lite age-estimation model. Inference is exe-
cuted only once per session through concurrency-safe control, and
frames received after the first valid estimate are skipped.

CameraX’s STRATEGY_KEEP_ONLY_LATEST strategy ensures that
only the most recent frame is processed during real-time analysis
(Android Open Source Project 2024). After age estimation, a con-
firmation screen allows the user either to accept the estimate or
correct it with ±1-year and ±5-year controls. The system therefore
combines the convenience of automatic detection with user control
over the final decision. If model inference fails, no face is detected,
or a timeout occurs, the application presents a confirmation screen
with a predefined default value and allows manual age entry.

On-Device Age-Estimation Model

Age estimation is performed entirely on the device rather than
through a cloud service. The adopted model is a convolutional neu-
ral network trained on the UTKFace dataset (Zhang et al. 2017) and
obtained from an open-source, MIT-licensed TensorFlow project
(Panchal n.d.). UTKFace is widely used in age-estimation research
and contains approximately 20,000 labeled facial images represent-
ing different ethnicities and genders, with ages ranging from 0 to
116 years (Zhang et al. 2017). The model treats age estimation as a
regression problem and predicts a continuous value rather than a
discrete class.

The model is embedded in the application’s assets directory in
.tflite format and loaded at runtime through the TensorFlow
Lite Interpreter. A floating-point input/output version is used as
the primary model, while a smaller quantized version is retained as
a backup. Table 2 summarizes the model’s input/output contract.
The input is a 200 by 200 pixel RGB image whose channels are
normalized to the interval [0,1]. The output is a single normalized

scalar, and the predicted age is calculated by multiplying this value
by the maximum age in the dataset, 116. Inference is executed with
two threads to reduce latency. The model source (Panchal n.d.)
reports a mean absolute error of approximately 2.4 years for the full
unquantized model and approximately 4.6 years for the smaller
quantized model on a 6,000-image UTKFace evaluation set.

■ Table 2 Input/output contract of the on-device age-estimation
model

Attribute Value

Model type CNN regression trained with UTKFace

Input tensor [1, 200, 200, 3], Float32

Preprocessing Resize to 200 by 200 pixels and normalize
by 255

Output tensor [1, 1], normalized Float32 value

Age conversion age = output × 116

Inference engine TensorFlow Lite Interpreter, two threads

Execution environment On-device, edge-based, offline

The primary advantage of this architecture is privacy. The fa-
cial image is never transmitted to a remote server; consequently,
biometric data remain on the device and the risk of data leakage
is reduced. This approach is consistent with increasingly impor-
tant data-protection principles in financial applications and offers
latency and privacy advantages over cloud-based facial-analysis
services (Boukherouaa et al. 2021). Offline operation also allows
age determination to continue under weak or unavailable network
connectivity.

Navigation Architecture

The application uses state-based navigation through
mutableStateOf<Screen> rather than the Navigation Com-
pose library. This choice provides flexible control over conditional
screen presentation according to the detected age group.

Design Metrics

The design decisions were based on criteria drawn from the litera-
ture. Table 3 compares the metrics applied to the two profiles.
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■ Table 3 Design metrics applied according to age group

Metric Senior profile, 55+ Junior profile, under 55 Reference

Body-text size 22 sp 16 sp (Bernard et al. 2001b,a;
Shamsujjoha et al. 2025)

Heading size 28–30 sp 22–24 sp (Watkins et al. 2014; Hou
et al. 2022)

Line height 1.5 times the font size 1.3 times the font size (Hou et al. 2022)

Touch target 80–89 dp 48 dp (World Wide Web Con-
sortium 2023; Kobayashi
et al. 2011)

Spacing between components 24 dp 16 dp (International Organiza-
tion for Standardization
2008)

Contrast ratio AAA, at least 7:1; approximately 12.8:1 AA, at least 4.5:1; approximately 6.1:1 (World Wide Web Con-
sortium 2023)

Elements per screen Maximum of 4–6 8–10 (Mi et al. 2014; Gomez-
Hernandez et al. 2023)

Input flow Two-step or multi-step flow Single-screen flow (Morey et al. 2019; Wick-
ramathilaka et al. 2025)

Icon usage Icon with text label Icon only (World Wide Web Con-
sortium 2023; Harte et al.
2017)

Security badge Displayed on every confirmation screen Not displayed (Han and Ko 2025)

Help button Fixed on every screen Located in the profile menu (World Wide Web Con-
sortium 2023)

APPLICATION SCENARIO

Color Palette and Contrast Decisions

A green-toned palette was selected for the senior profile. The pri-
mary color, #1B5E20, is dark green and produces an approximate
contrast ratio of 12.8:1 with white text. This value substantially
exceeds the WCAG 2.2 AAA threshold of 7:1. Contrast was the
principal criterion in color selection. Kurniawan (2008) similarly
emphasized that older users prefer highly legible design features
that compensate for declining visual abilities. For the junior profile,
the Material Design 3 purple palette, #6750A4, was adopted. It
achieves an approximate contrast ratio of 6.1:1 with white and
therefore satisfies WCAG Level AA.

■ Table 4 Color-palette comparison

Color role Senior Junior

Primary #1B5E20, dark green #6750A4, purple

Background #F4FAF4 #FFFBFE

Surface #FFFFFF #FFFBFE

Error #B00020 #BA1A1A

Primary/white con-
trast

approximately
12.8:1, AAA

approximately
6.1:1, AA

Screen Designs
This subsection describes the design differences between the junior
and senior profiles on each application screen.

Age-Verification Screen: When the application starts, the user is
shown an age-detection screen. CameraX provides a live front-
camera preview, Google ML Kit detects the face, and the Tensor-
Flow Lite model performs age estimation.

Login Screen: In the junior profile, the customer number and
password are presented in a compact single-screen design. In
the senior profile, the login process is divided into two steps, as
recommended in the literature (Morey et al. 2019; Wickramathilaka
et al. 2025). The first step requests only the customer number, and
the second requests only the password, as shown in Figure 1.

Home Screen: The junior profile provides an information-rich
dashboard. The senior profile shows a balance panel and six large
menu options. Each option contains an icon, a title, and a descrip-
tive text label (Harte et al. 2017), as shown in Figure 2.

Money-Transfer Screen: In the junior profile, transfer information
is entered in a compact form on one screen. In the senior profile,
the transaction is divided into three steps. A security badge on the
confirmation screen is intended to reduce technology anxiety (Han
and Ko 2025), as shown in Figure 3.

Gold-Trading Screen: In the junior profile, the gold-portfolio sum-
mary and current price list appear on a single screen. In the senior
profile, gold trading is divided into three steps, as illustrated in
Figure 4.
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Figure 1 Login-screen comparison: (a) junior profile and (b) se-
nior profile

Figure 2 Home-screen comparison: (a) junior profile and (b)
senior profile

Loan-Application Screen: In the junior profile, loan types are listed
as cards. In the senior profile, the application is divided into three
steps, as shown in Figure 5.

Other Screens: The prototype also contains a balance-details
screen, a transaction-history screen, a bill-payment screen, and
a help-and-support screen. These interfaces are compared in Fig-
ures 6–10.

Figure 3 Money-transfer screen comparison: (a) junior profile
and (b) senior profile

Figure 4 Gold-trading screen comparison: (a) junior profile and
(b) senior profile

Special Design Elements of the Senior Profile

The senior profile contains several literature-supported design
elements.

Step indicator: A visual component shows the user’s current posi-
tion during multi-step operations.

Security badge: A lock icon and the phrase “Bank Secured” rein-
force the user’s sense of security on financial-transaction confirma-
tion screens (Han and Ko 2025).
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Figure 5 Loan-application screen comparison: (a) junior profile
and (b) senior profile

Figure 6 Balance-details screen comparison: (a) junior profile
and (b) senior profile

Consistent help button: A fixed icon accompanied by the text label
“Help” provides assistance from every screen (World Wide Web
Consortium 2023).

Prominent back button: Every screen contains a 56 dp-high back-
navigation button with an icon and the text label “Back.”

Large touch targets: To compensate for age-related reductions
in motor control, critical operation buttons use an 89 dp touch
area, substantially exceeding the 48 dp minimum recommended
by Material Design.

Figure 7 Transaction-history screen comparison: (a) junior pro-
file and (b) senior profile

Figure 8 Bill-payment screen comparison: (a) junior profile and
(b) senior profile

RESULTS AND DISCUSSION

Prototype Evaluation

The prototype provides fundamental banking functions for both
age groups, as summarized in Table 5. Automatic age-group iden-
tification selects the corresponding profile while preserving access
to the same core functions. The design differences underlying this
adaptation are summarized below.
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■ Table 5 Design differences according to screen type and age group

Screen Junior profile Senior profile

Age verification CameraX, ML Kit, and TensorFlow Lite CameraX, ML Kit, and TensorFlow Lite

Login Single-screen form Two-step flow

Home screen Dashboard with eight or more items Six large menu options

Money transfer Single-screen form Three-step flow

Gold transactions Single-screen form Three-step flow

Loan application Single-screen form Three-step flow

Bill payment Single-screen form Three-step flow

Card management Standard cards Large cards

Help Located in the profile menu Fixed button on every screen

Figure 9 Gold-transaction screen comparison: (a) junior profile
and (b) senior profile

WCAG 2.2 Compliance Analysis
The WCAG 2.2 compliance assessment for the senior profile is
presented in Table 6.

Comparison with Literature Recommendations
Table 7 compares the prototype’s values with the recommendations
identified in the literature.

Discussion
The prototype implements literature-based design metrics while
providing the same fundamental banking functions through two
interface profiles. AI-based age detection offers three main advan-
tages: it personalizes the experience without requiring an initial
manual profile selection, requires only one-time camera permis-
sion, and retains user control through an approval and correction
mechanism.

Figure 10 Help-and-support screen comparison: (a) junior pro-
file and (b) senior profile

The study also has limitations. First, the prototype operates
with demonstration data and is not connected to real banking APIs.
Second, although the adopted model source reports a mean abso-
lute error of approximately 2.4 years on the UTKFace evaluation
set, the model was not independently evaluated under real-world
conditions such as varying illumination, camera characteristics,
and head poses. These conditions may affect performance; there-
fore, the user confirmation and correction step is used to compen-
sate for possible estimation errors. Third, usability testing with
instruments such as the System Usability Scale has not yet been
conducted. Finally, the age threshold was fixed at 55 years, and
adaptation according to individual digital-literacy levels remains
a topic for future research.
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■ Table 6 WCAG 2.2 compliance status of the senior profile

Criterion WCAG requirement Application value Status

SC 1.4.3 Contrast, AA 4.5:1 12.8:1 Satisfied at AAA

SC 1.4.6 Contrast, AAA 7:1 12.8:1 Satisfied

SC 2.5.8 Target size Minimum 24 by 24 dp 89 by 89 dp Satisfied

SC 3.2.6 Consistent assistance Assistance available consistently Help button on every screen Satisfied

SC 3.3.8 Accessible authentication Reduced cognitive burden Two-step login Satisfied

■ Table 7 Comparison of literature recommendations and application values

Metric Literature recommendation Application value Agreement

Senior body text Minimum 18 sp (Bernard et al. 2001b) 22 sp Fully compatible

Critical button size At least 8 mm, approximately 48 dp
(Kobayashi et al. 2011)

89 dp Fully compatible

Senior contrast AAA, at least 7:1 (World Wide Web
Consortium 2023)

Approximately 12.8:1 Exceeds recommendation

Elements per screen Three to four are optimal (Mi et al.
2014)

Four to six Compatible

Line height 1.5 times the font size (Hou et al. 2022) 1.5 times, 22 to 33 sp Fully compatible

Input flow Step-by-step (Morey et al. 2019; Wick-
ramathilaka et al. 2025)

Two-step or three-step Fully compatible

Icons Icon with text label (World Wide Web
Consortium 2023; Harte et al. 2017)

Text labels on all icons Fully compatible

CONCLUSION

This study developed a mobile banking prototype that automati-
cally adapts to the user’s age group through AI-based facial age es-
timation. The application was built with Kotlin, Jetpack Compose,
and Material Design 3 and performs real-time face detection using
CameraX and Google ML Kit. An on-device TensorFlow Lite re-
gression model estimates age without transmitting the facial image
to an external service. The senior profile incorporates literature-
based design decisions such as WCAG 2.2 AAA-compliant con-
trast, 22 sp body text, 89 dp touch targets, step-by-step transac-
tion flows, and a help button on every screen. The junior profile
provides an information-rich dashboard experience aligned with
Material Design 3. Both profiles support balance inquiry, money
transfer, bill payment, gold trading, loan application, card manage-
ment, profile functions, and help services. The results demonstrate
the potential of age-adaptive interfaces to facilitate older adults’
access to digital financial services. Future studies will include
usability tests with real users using the System Usability Scale,
task-completion rate, and error rate; independent quantitative val-
idation of the integrated on-device age-estimation model through
mean absolute error; model fine-tuning when necessary; A/B
comparison of adaptive and fixed interfaces; dynamic threshold
selection based on digital literacy; integration with real banking
APIs; and voice-command and voice-feedback functions.
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