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ABSTRACT

Swiping is a common touchscreen interaction method. This study investigated the possibility
of recognizing user-age groups automatically from swiping behaviors to support the progres-
sion of self-adaptive interfaces and authentication. The dataset was collected from 42 par-
ticipants of younger adults (20-39 years) and older adults (60+ years). Four directions were
performed by each participant (down, up, left, and right) on either a smartphone or mini-
tablet, leading to over 2600 trials. Six features were extracted from the data: force pressure
(FP), movement time (MT), swipe count (Swipe No), average distance (Avg Distance), speed, and
ratio of MT to FP (RMF). KNN and Euclidean distance (ED) algorithms were applied using three
training ratios. Classification accuracy was higher on smartphones than mini-tablets. Notably,
younger adults were classified with 100% accuracy on smartphones, while older adults reached
96% accuracy on mini-tablets. Across both devices, younger adults were classified with higher
accuracy. MT, Avg Distance, and FP emerged as the most age-sensitive features, whereby MT was
highly significant (p < 0.001). The findings indicate the feasibility of swiping gestures to be lever-
aged for age group classification, supporting the development of novel authentication strategies.

KEYWORDS
user age group classification, dynamic recognition, user authentication, swipe gestures,
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1  INTRODUCTION

Smartphone devices have featured as a major topic of research within the field
of human computer interaction (HCI). It has been widely observed that smartphone
devices can be challenging for elderly users, specifically those with motor impair-
ments [1] [2].

The two main challenges emerging on a worldwide scale are: (a) populations
are aging rapidly, (b) widespread usage of technology is increasing. The World
Health Organization (WHO) expects that the proportion of the world population
aged 60+ years is going to be increased from 12% to 22% in the years of 2015
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to 2050 [3]. Specifically, in the UK, approximately 25% of the population are 60+ years
old and this is predicted to rise to 35% by the year of 2050 [4]. Meanwhile, the statis-
tical department of the European Union suggests that people born in the 2010s are
expected to reach a life expectancy exceeding 85 years [5]. Moreover, there has been
a noticeable increase in the usage of computers, smartphones, and other forms of
technology [6] [7]. Despite this increase, older users continue to demonstrate lower
rates of smartphone usage compared with younger users [8] [23], largely due to
physical, cognitive, and motor constraints, and difficulties adapting to rapidly evolv-
ing technologies [10].

Despite increasing motivation between users to be involved in the development
of digital technologies, many of them continue to face considerable accessibility
obstacles [7], which drives the rationale of the present research. One of the key factors
in this inaccessibility is the standardized design of user interfaces, and touchscreen
responses for all users, thereby not adequately accounting for individual variations in
ability [11]. These limitations refer to a gap in existing touchscreen technology, since
the setting of the interface configuration is frequently adopted as appropriate for all
users. In an effort to enhance the usability, the present research explored the possibil-
ity of recognizing and classifying user age-groups from the analysis of swipe gestures
on the devices of smartphones and mini-tablets, with the aim of improving usability
for older users. The outcomes of the present research have the potential to inform
novel adaptive systems that are capable of customizing interface configurations,
which are appropriate for detected user age groups, such that the system can turn into
a particular setting that will serve the users based on their ability and needs. Through
the detection of swiping patterns, this approach can support interfaces that adapt
automatically without requiring users to manually change accessibility settings. This
is particularly advantageous for users with less ability to customize settings manually,
as well as for public devices that serve different users of different age demographics.

Both younger and older users participated in the present research, and the following
features were extracted from the devices based on swipe gestures: force pressure (FP),
movement time (MT), swipe count (Swipe No), average distance (Avg Distance), speed,
and ratio of MT to FP (RMF). These particular features were selected based on previ-
ous findings from the literature indicating that they reflect age differences in device
interaction [31], [32]. The Euclidean distance (ED) algorithm was used to calculate the
distances between the coordinates (, y) of finger movements on the touchscreen for
training and testing exemplars, whilst a nearest neighbor (NN) method was used to
determine the age group to which each swiping exemplar belonged to. Thus, the moti-
vation of the present research is focused on improving adaptive interface design. By
understanding age differences in swipe gestures, user interface content and setting
can be dynamically customized to suit the abilities of the users detected.

The results indicated higher classification accuracy for smaller smartphones
compared to mini-tablets. Particularly, when combined features were extracted,
classification accuracy was 100% for younger adults using smaller smartphones,
and 96% for older adults using mini-tablets. These results demonstrated the feasibil-
ity of classifying user age groups based on swiping gestures on touchscreen devices.

Although prior studies have investigated age classification on touchscreens [15],
this has tended to focus on finger-based handwriting or complex gestures. Such
studies involve more demanding finger patterns and place more cognitive burdens
on participants accordingly, with only moderate accuracy levels being reported.
In contrast, the four directional swipes we examined are simpler and consist with
common everyday usage patterns, but have been under examined for user age rec-
ognition. We demonstrated classification accuracy exceeding handwriting-based
classification previously reported for the same age ranges. Given the real-world
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relevance and applicability, our study presents a more practical and suited approach
to dynamic recognition in adaptive interfaces.

As opposed to relying on traditional static methods, a more dynamic recognition
method isrequired [14]. Behavioral traits are simpler and more cost-effective to obtain
than biological markers due to the potential for implicit collection [13]. Modern smart-
phones typically use finger-based touchscreens as the principal input method [12].
Finger movements on the touchscreen consist of features that can be captured through
the screen. As such, appropriate combinations of touchscreen-derived features can
be used for the purpose of classification. The proposed feature extraction method has
implications for enabling interfaces to adapt and tailor device settings to the individ-
ual abilities of users, particularly benefitting older users facing usability challenges.
Although the current study is based on smartphone interfaces, the implications could
extend to further user interfaces, such as shared touchscreen devices [15].

This paper explores the feasibility of using finger-based swiping gestures on
smartphone touchscreens to dynamically classify users by age group. The aim of
this study was to identify the most effective combination of features for user classifi-
cation. The novel contributions of this work are summarized as follows:

1. extracting touch features (FP, MT, Swipe No, Avg Distance, Speed, and RMF)
dynamically from vertical and horizontal swipe gestures covering 50 images
per direction in a custom-developed Android application;

2. use of ED and a k-nearest neighbors (KNN) classifier on individual and combined
touch features derived from smartphones; and

3. providing evidence supporting the classification of users by age group based on
swipe gestures, alongside recommendations for the most effective individual and
combined features for classification.

The present study builds upon existing work that uses swipe gestures, zoom, and
drag-drop interactions to classify user demographics, and extends them by compar-
ing classification accuracy on two screen sizes.

The remainder of this paper is organized into the following structure: Section 2
provides background information on the key features under investigation and out-
lines the classification system employed. Section 3 reviews related work, including
studies utilizing gesture swiping on touchscreens. Section 4 presents the methodol-
ogy, detailing the data collection processes and procedures. Section 5 presents the
results of the study alongside a discussion in the context of the background work.
Finally, Section 6 will summarize the main conclusions of the present research, as well
as highlighting key contributions and proposing directions for future research.

2  BACKGROUND

Several experimental studies were conducted involving extensive datasets.
However, processing such information manually can be effortful, time-consuming
and limiting. Thus, a range of methodologies have been used, ranging from simple
automation to sophisticated machine learning methods [16].

The classification method is a type of machine learning, whereby the model aims
to predict a label for the input data. The classification process involves training the
data and subsequently evaluating the model using a separate test dataset, prior to
being deployed for performing predictions on novel datasets [17]. In the present
study, the KNN classifier was utilized. As a result of its simplicity and interpretabil-
ity, KNN is among the most frequently used algorithms for classification. It is the
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preferred algorithm in the present study due to the focus on feasibly classifying user
age groups on the basis of fewer data points.

To classify a given test example, KNN calculates the distance between the test
example and every example in the training dataset, subsequently using these dis-
tances to derive the final classification. Thus, KNN identifies the most similar exam-
ples by locating the nearest neighbor to the test within the training dataset [29].
The similarity is commonly measured using Euclidean distance (Equation 1).

d(p,q) = /Z(qi—pi)2 (1
i=1

Equation 1: Where: p, q: are points in n-space. pi, qi: Euclidean vectors.
n: n-space.

In this paper, machine learning classifiers predict user age based on the follow-
ing features collected from a smartphone application as illustrated in Figure 1, [11],
[25], [22]:

e Force Pressure (FP): This metric represents the average force applied to the
touchscreen surface during each trial, measured at each coordinate [i.e., (X, y)]
on the screen. Pressure values were obtained from the device operating system
at each point across the swipe trajectory and then averaged across the gesture.
These are reported as units provided by the operating system, as such compa-
rable within but not across devices. It is exerted at each point (i.e., (%, y) coordi-
nate on the screen) on the trajectory when performing gestures in each direction.

FP= (Z; fpi)/n. Where n is the number of exerted values for each trial of each

participant.

e Movement Time (MT). MT measures the time elapsed between the initial finger-
down position and the point of reaching the target when gesture swiping. MT
was measured in milliseconds (ms) and computed as MT =t -t wheret
andt,_, represents the time at the start and end of the swipe gesture, respectively.

e Average Distance (Avg Distance): For each of five trials per participant, the ED is
computed from the initial coordinates when the user’s finger first touches the
screen (X, y) to the final coordiantes when the user reaches the target (%, y). Avg

Distance was reported in pixels. This was calculated as the mean ED covered
during a swipe as formula. Avg Distance = (Zizld(p, q)) /5. Where d(p, q) is the

results of Euclidean distance for each trials divided by the five trials of each
participant.

e Swipe Count (Swipe No): This feature denotes the total number of swipes per-
formed to reach the target in each trial, represented as a count.

e Speed: Itisused to assess the efficiency of swiping, which is calculated by dividing
Avg Distance by MT. Speed was expressed in pixels per millisecond (pixels/ms).
Speed = Avg Distance/MT.

e Ratio of MT to FP (RMF): It is the ratio between movement time (MT) to finger pres-
sure (fp), indicating the smoothness of gesture swiping on smartphone devices.
A higher ratio indicates a smoother gesture. RMF computed as RMF = MT/FP.
A unitless ratio indicating smoothness.

These six features (FP, MT, Swipe No, Avg Distance, Speed, and RMF) were
selected because they can be extracted directly from standard touch event records.
This is dissimilar to other commonly used features such as acceleration or trajectory
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curvature, which require additional sensors or trajectory reconstruction. Previous
works also indicated consistent age-related differences in the selected features [31],
[32], making them appropriate for classification in this research.

To clarify this rationale, Table 1 summarises the distinctions between the selected
features in our study and common alternatives that we have omitted.

- FP1

- - ms1 -~ Start
= FP2
o
v 1"t~ Fen
v == ms2 ¥ -~ End v

l MT=ms2-ms1 J Id(p,q)-Euclidean(stan-end)l [Speedxd(plq)[ml [FP-(‘IIn)x(lphpr*... ﬂ‘pn)]

Fig. 1. How the metrics are calculated

Table 1. Rationale for included and omitted features

Feature Included or Omitted Rationale

MT Included Age-sensitivity well-established; no additional sensors
required.

FP Included Directly available from touch events; captures motor
control differences.

Avg Distance Included Reflects swipe amplitude and efficiency; requires only
positional start and end points.

Swipe No Included Indicates control and accuracy; simple to extract.

Speed and RMF Included Provides motor efficiency and smoothness information.

Acceleration/jerk Omitted Brevity of gesture paths offers less robust estimation;
requires high frequency sampling.

Curvature/trajectory | Omitted Requires continual trajectory reconstruction.

Pressure variability | Omitted Often increased noise level on devices; pressure sensors
can be overly variable.

Angular velocity/ Omitted More suitable for handwriting; offers limited value for

orientation drift directional swipes.

The above comparisons reflect the practicality of the selected methods alongside
advantages such as age sensitivity and interpretability, making them appropriate for
our gesture-based age classification study.

3  RELATED WORK

The research conducted on user age group classifications using swiping gesture
interactions is a growing field. The distinctive characteristics of touch gestures are
used to infer age-related behavioral tendencies in touchscreen interactions. Key met-
rics used in this process include: gesture accuracy, speed, movement time, and force
pressure exerted during touchscreen interaction [23]. However, a number of previous
studies have mainly focused on different shapes of gestures such as complex gestures
or handwriting, whereas everyday interactions such as directional swipe gestures
remain underexplored despite their widespread prevalence in the smartphone use.
For example, the study in [21] examined age-group detection based on touch input,
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using data collected from 89 users aged between 3-6 years and 30 years. They used a
support vector machine (SVM) classifier, and the users repeated the task 50 times with
performance measured using the average correct classification rate. Meanwhile, stud-
ies such as [25], [26] have investigated different gestures like zooming, drag-and-drop,
and complex interaction patterns. In contrast, the present study focuses on swipe ges-
tures in four different directions. We focused specifically on these simple, frequently
used directional swipes, and compared classification across devices of different sizes
of screens, namely a smartphone and mini-tablet screen. These factors together pres-
ent a novel approach to investigating the classification of user age groups.

Previous research has illustrated the efficacy of features collected form gestures
in conjunction with nearest neighbour (NN) classifier, resulting in promising results
in differentiating between age groups based on touch interactions [23]. However, it
focused on handwritten features rather than directional swipe gestures. While the pres-
ent research differentiates itself by analysing four standardized swipe directions. This
distinction is important because swipe gestures are fundamental to most smartphone
interactions and therefore represent a practical basis for real time age recognition.

A previous study investigated the age group classification of children through time
series analysis of the ChildCIdb dataset [19]. Their dataset was collected from children
from colouring a tree using a tablet and a stylus. From these interactions, 25-time
series were extracted that captured the following features: spatial, pressure, and kine-
matic. They used several time series selection methods to identify the most discrim-
inative features for age groups. Classification models using dynamic time warping
(DTW) barycenter averaging and hidden markov models yielded 85% accuracy. Such
classification accuracy outperformed prior methodologies and maintained robust-
ness in exceedingly challenging classification scenarios. Combining the 25-time series
stylus inputs with other ChildCIdb tasks or sensor data may enhance robustness, but
it would not reflect the intuitive performance of users, particularly when the goal is
to adapt the interfaces of public shared devices based on individual ability.

Another investigation aimed to differentiate between children and older users
based on touchscreen interaction patterns [21]. This research used two sets of fea-
tures: one based on the sigma-lognormal theory of rapid motor movements, and
another reflecting universal characteristics of touchscreen interaction. An active
detection framework facilitated the continuous monitoring of user interactions,
whilst the extracted features were classified using SVMs into age groups. Using
feature fusion from both smartphones and tablets led to classification accuracies
exceeding 96%. Moreover, the system could reliably recognise a child using only
four gestures, thereby highlighting the discriminative power of the neuro-motor-
inspired features.

Another investigation was conducted to research the gesture-based user authen-
tication by integrating dynamic security questions with finger pattern recognition
via inertial measurement units [20]. The security questions were generated dynam-
ically based on smartphone usage, while the finger movement patterns were cap-
tured using four different inertial sensors: accelerometer, gyroscope, gravity sensor,
and magnetometer. The combination of behavioral responses and finger movement
patterns allowed for reliable user authentication. The dataset was collected from
24 users, comprising an equal proportion of device owners and potential adversar-
ies. The findings showed high recognition accuracy, whereas usage-based questions
related to calls, SMS, and app activity achieved rates exceeding the accuracy of 90%.
Using inertial measurement units enhanced classification accuracy from 76% to
90.99% when compared to prior research, and further enhanced the true positive
from 79% to 99% compared to prior benchmarks.
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A number of previous studies have been focusing on the touchscreen interac-
tions of older users. Such studies investigated tasks like drag, rotate, and zoom using
multi-touch gestures on mini-tablet interfaces [25] [26]. Results showed the need
for user interface adaptations, including larger touch targets/icons, spacing between
interface components, and simplified layouts of interface [27]. Most of the previous
studies including: [8], [18], [27], [28] recommended conducting research studies that
enable technology to support older users’ abilities and needs. This recommendation
is considered as one of the key motivations for the present experimental research.
Recent investigations into mobile phone usability among elder users found a prefer-
ence for features such as non-fading screens, separate keypads for text and numbers,
and multilingual support [28]. They recommended reducing cognitive demands
through intuitive design and limiting functionalities such as cameras, which may
not be essential for this demographic. Further work has compared performance
across device screen sizes [23], and offered guidelines for improving and developing
usability for older users, such as increasing the spacing between contents of inter-
active elements [9].

Various studies have investigated the effects of interface metaphors on the navi-
gational performance of older users [18]. Their results illustrated that the metaphors
could support mental model development, and this benefit was contingent upon higher
perceptual speed between users. They designed tasks to be performed based on the
complexity, content similarity, and prior technology experience, which were found to sig-
nificantly influence navigation performance. These provide insights to the researchers
and developers in determining the applicability of interface metaphors for older users.

Finally, research investigating the handwriting on touchscreens has yielded sig-
nificant results regarding the classification of user age groups. For example, a study
in [23] investigated the use of dynamic handwriting features for identifying the
user age group. The research investigated finger-based handwriting of ten different
English words on smartphones and mini-tablets. The process involved in the exper-
iment included data acquisition, feature extraction, and classification, with experi-
ments conducted using varying training set sizes for different scenarios (100%, 50%,
and 1%). In this case, the percent figure (%) refers to the proportion of total data
used across the dataset when training with all users, half of users, or a single user,
respectively. The results showed higher classification accuracy on smaller smart-
phones compared to mini-tablets, with overall accuracies reaching to 82% and 77%,
respectively. These findings further support for the feasibility of user age group clas-
sification using gestures on touchscreen devices [15].

In summary, the related work overall demonstrates the possibility of gesture-
based user classification, but has not yet addressed standardised directional swip-
ing as a basis for age recognition, whilst comparing performance across different
screen sizes. The present study addresses this gap by demonstrating how directional
interaction features can be used to support automatic age-appropriate adaptive
interfaces.

4  THESTUDY METHODOLOGY
4.1 Data collection devices

Two touchscreen devices were employed for the collection of data. The first
device was a Samsung Galaxy Ace S5830 (112.4 x 59.9 x 11.5 mm, 3.5-inch screen),
representing a smaller screen size, and the second was a Samsung Galaxy Tab 2

(193.7 x 122.4 x 10.5 mm, 7-inch screen), representing a mini-tablet sized screen.
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4.2 Participants

A total of 42 individuals participated, comprising 16 older adults aged 60 and
above (M = 65 years) and 24 younger adults aged 20-39 (M = 26 years). The follow-
ing are examples of previous studies that used small sample sizes ([37] [38] [39] [40])
respectively.

Of these participants, 22 completed the trials on the smaller smartphone, while
20 were assigned the mini-tablet device for the task completion. All participants in
the experiments had experience of using touchscreens, and they were university
students, university staff members, or residents of the local community. The average
experience for calling and texting on touchscreen devices was 1.13 years for the
younger adults and 0.96 years for the older adults. In this context, experience refers
to the timeframe participants reported regularly using a mobile phone to place voice
calls and send text-based messages (e.g. SMS or instant messaging). This measure
reflects general familiarity with basic touchscreen interaction rather than profi-
ciency with advanced smartphone applications.

4.3 Gesture swiping procedure

Each participant was seated at a table containing either the smartphone or
mini-tablet device fixed flat on the surface and oriented landscape at a distance of
10-15 cm from the nearside edge of the table, similarly to prior experimental processes
in [30]. Each participant used their dominant hand to perform the swiping. This proce-
dure was used to avoid any confounding movement that would occur if the users held
the device in hand. For example, finger pressure measurements could be impacted
due to downward pressure applied during swiping gestures on the screen and upward
pressure from holding the device in the other hand. The standardized screen position-
ing allowed consistent interaction conditions across participants that helped to prevent
potential movement of the device from interfering with the touchscreen interactions.

An android based application was developed to collect the swipe gesture data
from participants. In the experiment, four directions of swiping were applied: down
swipe, up swipe, left swipe, and right swipe. A total of 50 images were allocated to
each direction of swiping, labelled from 1 to 50 (see Figure 2). Each participant was
asked to intuitively perform four swipes per image in the four directions. The devel-
oped application traced the user finger movements on the screen surface to record
all finger movements, from the initial first touch on an image through to the final
contact with the touchscreen.

a) Starting b) Finger Swiping c) Tapping on the Target

1 2 3|36 7 8 @ 15 36 38 39 40 41

Tap on t(lge larget
J

Swipe to Down Swipe to Left

<K< SWIPE <K< SWIPE
SWIPE 2 : SWIPE 12 Tatf-. 38
§ 1" § 0® z‘fg‘eﬁ ‘3_5}1
n C 40

Fig. 2. llustration of the swipe gesture interaction sequence on the touchscreen

Notes: The figure shows (a) the initial touch at the starting point, (b) examples of the directional swipe
motions performed, and (c) the user tapping on the target to complete the gesture.
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In each trial, participants were given a target number. Each participant was
asked to swipe numbered images and tap the target number. Once the participant
tapped the target number, it moved to the center of the screen, which indicated
the end of the gesture swiping task for that target number. The participants were
asked to tap the target as quickly as possible. The numbers were selected randomly.
Furthermore, the targets were varied to avoid any influence of familiarity on per-
formance. In total, each participant contributed four trials comprising 200 swipe
gestures, providing a consistent dataset across users and devices.

4.4 Age classification processes

Figure 3 illustrates the following steps that were considered to classify partici-
pants into age groups:

Step 1: Data Acquisition. Two cohorts were employed for swipe gesture data
collection, specifically younger and older users. The Android application traced the
finger movements on the touchscreen of each participant to compile the data.

Step 2: Feature Extraction. The six features were extracted based on finger
movement on the touchscreen: FP, MT, Swipe No, Avg Distance, Speed, and RMF.

Step 3: Classification. The classification process consists of three subdivided
segments:

Step 3.1: Training. One trial of four swipes across all four directions was con-
ducted for each user. Combining the six features (FP, MT, Avg Distance, Swipe No,
Speed, and RMF) yielded 20 data values. Subsequently, the mean value for each fea-
ture across the four directions was computed, and separated into two exemplars
to represent younger and older adults in the training matrix D (4 x 2). Algorithm 1
shows how the training dataset and the testing dataset were extracted for one age
group on one device for only one metric by using the first sample of each swipe ges-
ture performed by each participant from that age-group. The classification accuracy
was for an individual metrics as well as combinations of them.

Step 3.2: Testing. The remaining three trials of swipes per user were included in
the testing matrix M (4 x Z), where Z = 3 * (number of users).

Step 3.3: Classification. The classifier KNN algorithm was used to classify each
user to one of the exemplars (i.e., younger, older users) based on ED between the
training features matrix D (4 x 2) and testing features matrix M (4 x Z).

N

Step (2) I

_>-

Fig. 3. Overview of the user age group classification process consisting of three main stages: (1) data acquisition
of swipe gestures collected from younger and older users, (2) feature extraction of six swipe-based metrics, and
(3) KNN-hased classification using Euclidean distance to assign users to younger or older age groups
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Algorithm 1: Swipe Gesture Feature Vector Construction and Classification

Input:

Device sizes ={D1, D2}.

User groups Groups={g1, g2}; Users belonging to each group Users(g);
Gesture shapes Gestures={S1,52,53,54}; Trials T1..T5 ;

Metrics ={M1...M8};

Output:

Classification accuracy for individual and combined metric feature vectors.

Begin

1. Initialize an empty training set.

2. For each device size d in DeviceSizes: [from 1 to 2]

3 For each group g in Groups: [from 1 to 2]

4 Initialize an empty feature vector FVg.

5. Let N be the number of users in group g.

6 For each user u in Users(g): s=0

7 For each gesture shape s in Gestures: [from 1 to 4]: r=0

8 For each Trial T in gesture shapes: [from 1 to 5]

9. // [Retrieve values of metrics (e.g., MT) from the trials performed by user u of gesture s on

device d.
10. If T1 save in Table 1]. Elseif T2 to T5 save in Table 2
11. sum = sum + MT(d, g, u, s, 1) // Add value of T1 to sum.
12. r=r+1
13. End for/ Trial
14. //new column
15. s=s+1
16. End for/ gesture shape.
17. u=u+1
18. Increment N
19. End for/ User.
20. Compute average = sum/ N.
21. Append average to FVg. // (Younger Group/Older Group)
22.  End for/ group.
23. Add pair (FVg,label=g) to training set.

24. End for/ device.

25. For each testing sample Table 2:

26. Extract its feature vector FVx // (individual and combine features).

27. Calculate the distance between trials from User u in table 2 (one by one) using the Euclidean
Distance with each of FVglabel (Younger Group/Older Group).

28. Predict label y using the Neural Network classifier.

29. If' y equals the true label of X, increment Correct.

30.  Increment Total.

31. End for/ testing.

32.  Compute Accuracy = Correct / Total.

End Algorithm

The swipe gestures were organized into four trials, where each trial comprised
one swipe in each of the four directions.

One trial per participant was used for training in order to reflect a minimal data
learning scenario that represents real world adaptive systems, such as shared touch-
screen devices, comprising limited prior interaction data availability. For training,
the six extracted features were computed per direction and then averaged across the
four directions to form a single representative feature vector per participant.

The remaining three trails were reserved for testing, ensuring a clear separation
between training and evaluation data. Although the number of participants differed
slightly between age groups, the dataset was structurally balanced at the gesture level,
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with an equal number of swipe samples per direction and per participant. Therefore,
no additional data balancing or resampling techniques were applied.

Three different training ratios were applied for evaluating the classification accu-
racy, each relevant to a varying level of prior user knowledge. We use the terms
user-dependent and user-independent to differentiate between assumptions about
prior knowledge of users during training. The first ratio was based on user-dependent
age classification, whereby swipe data from the same users were included in both
the test and training sets, assuming detailed knowledge of individual swipe behav-
ior. This represents adaptive systems, where a device learns from user interactions.
In contrast, the remaining two training ratios were based on user-independent age
classification, in which the classifier is trained using data from different users than
those in the test set, assuming minimal or no prior knowledge. This reflects real
world commercial touchscreen usage, where users must be classified without prior
exposure to their individual interactions. The analyses were conducted based on
both single features and feature combinations, as depicted in Figure 4. Also, the
potential influence of device screen size on age classification accuracy was analyzed.

Individual Combined Individual Combined Individual Combined

Fig. 4. Organization of user-dependent and user-independent classification approaches, showing
training with all users, half of the users, or a single user, and comparison of individual features
versus combined feature analysis

4.5 Statistical analysis

To supplement classification accuracy, we conducted inferential statistical anal-
yses (see 5.4 Inferential Statistics). Specifically, a two-way multivariate analysis of
variance (MANOVA) was performed with age group and screen size as between-
subjects factors and the extracted swipe features as dependent variables. This was
followed by a univariate one-way ANOVA when significant multivariate effects were
found, to examine which individual features contributed significantly. Effect sizes
were also examined.

5  RESULTS AND DISCUSSIONS

The present study investigated user age group classification accuracy using indi-
vidual and combined features, as well as the impact of screen sizes on the accuracy.
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The results are presented in the following subsections, structured according to each
of these aspects of the study.

5.1 Classification accuracy using individual features

There were three ratios employed to evaluate individual features in the training
dataset: 1) data from all the participants; 2) data from half of the participants; and
3) data from a single participant. The following three subsections outline the results
of these evaluations.

All participants in the training dataset. When all participants were included
in the training dataset, the results showed that MT provided the highest recognition
of younger users on small smartphones (96%) and mini-tablets (83%), compared to
other features. For older users, FP achieved the highest accuracy on small smart-
phones (79%) and mini-tablets (53%). The results are illustrated in Tables 2 and 3.
Commonly, high classification accuracy suggests that most users of a particular age
group displayed similar performance, but low accuracy implies variability between
users. The lower accuracy found for older users therefore indicates greater vari-
ability, potentially leading to a proportion of older users being classified as younger
users due to showing similar ability.

Given that younger users were identified strongly based on MT, and older users
were recognized more effectively using the features MT and FP, these features are
particularly valuable for user age classification, mirroring the conclusions of study
[15], [23]. Generally, the lower accuracy in classifying older users supports the notion
that some individuals in older users perform the tasks of swiping at levels compara-
ble to younger users. This aligns with prior findings [24] suggesting the importance
of avoiding overgeneralizing the assumption that older users face significant obsta-
cles with technology.

The results could also suggest cognitive and motor differences between users
of different age groups. Given that the younger users tended to perform the tasks
of swiping gestures with minimal efforts, this might reflect more efficient motor
planning, faster response time, and familiarity with the interaction of touchscreen
technology [33] [15]. Contrarily, as older users exhibited larger variability in finger
pressure and movement time, this could reflect varying age-related declines in fac-
tors such as proprioception, fine motor control, and tactile sensitivity [34].

Regarding the results on touchscreen sizes, small smartphones yielded higher
classification accuracy than mini-tablets. However, on the mini-tablet sizes, per-
formance varied more widely, leading to some misclassifications when older users
exhibited abilities comparable to younger users. These findings support research
reporting that older users often prefer large screen sizes [15], alongside research
establishing that the performance of older users vary considerably [25], opposing the
notion that older users encounter challenges in using the technology. Alternatively, a
possible explanation for the variability could be that, on the mini-tablets, the larger
movement space may increase cognitive and motor demands required by coordina-
tion across a larger visual field [33], thereby resulting in less consistent swipe char-
acteristics. Meanwhile, the smaller devices constrain movement, requiring shorter
gesture paths and reducing planning load [34], [35], hence the higher classification
accuracy compared to the mini-tablet.

Half of the participants in the training dataset. When training data included
half of the participants, the highest accuracy for younger users was obtained using
MT and Avg Distance on small smartphones (96%) and on mini-tablets (77%), as
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shown in Tables 4 and 5. Meanwhile, older users were most accurately recognized
using FP on small smartphones (81%) and mini-tablets (75%). Thus, high MT and
Avg Distance values most accurately distinguished younger users, while FP was ben-
eficial in classifying older users, reinforcing the importance of FP noted earlier.

One participant in the training dataset. Finally, when training was based on
data from a single participant, the highest recognition rates for younger users on
small smartphones were yielded by MT (100%) and Avg Distance (90%), as depicted
in Table 6. For older users, the same two features provided the highest accuracy
on mini-tablets (MT = 89%, Avg Distance = 75%), as shown in Table 7. The results
demonstrate that MT and Avg Distance substantially influence classification for both
age groups: younger and older users. These findings align with results mentioned
above in previous sections, emphasizing the utility of using MT, Avg Distance, and
FP for achieving high accuracy.

In general, low accuracy for older users across both screen sizes suggests that
some individuals perform similarly to younger users, thus confusing the classifier.
This observation agrees with previous work, which concluded that older users are
not always disadvantaged in technology-based tasks [25].

5.2 Classification accuracy using combined features

Combining features yielded typically higher classification accuracy than relying
on any feature individually. These results are outlined in the below sections and
presented in Tables 2 to 7.

All participants in the training dataset. Based on analyzing all data in the train-
ing dataset from all users, the results in Tables 2 and 3 show that younger users on small
smartphones were recognized most effectively by combining all individual features,
or the combination of Swipe No-MT, where both combinations yielded the accuracy
of 96%. The second-highest classification accuracy for younger users was generated
by Speed on small smartphones of (87%), whereas on mini-tablets, the Swipe No-MT
feature fusion offered the most accurate classification (83%). Additionally, younger
users were recognized at 83% accuracy using RMF on small smartphones, whereas
older users were most accurately recognized via RMF on mini-tablets (68%).

The classifier exhibited higher accuracy for recognizing older users on mini-
tablets using combined features for Speed (75%) and RMF (68%). The results show
that RMF can further improve accuracy, consistent with a prior study [23], which
concluded that user age classification is feasible based on touchscreen performance.

Half of the participants in the training dataset. In this analysis, half of the
participants from each age group contributed to the training data, thereby help-
ing to simulate age group classification accuracy based on real-world conditions,
wherein some users are not present in the training data. For example, when users
interact with touchscreen devices placed at kiosks or shopping centers. As illustrated
in Tables 4 and 5, combining Avg Distance with Swipe No or Swipe No with MT
achieved a superior accuracy for classifying younger users on small smartphones
(96%), followed by Speed (92%) and RMF (85%). Meanwhile, older users were most
accurately recognized on mini-tablets by Speed (86%), followed by Avg Distance
with Swipe No (68%). Thus, smaller smartphones generally favored the classification
of younger users, while mini-tablets were most suited to the classification of older
users. Additionally, the results demonstrate that Avg Distance and MT can increase
the accuracy of the combined features, thereby matching with the results of prior
research regarding greater accuracy using these features [23].
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The results in Tables 4 and 5 show that feature combinations outperform indi-
vidual features, reinforcing the value of multi-feature approaches for accurate age
group classification. Moreover, Tables 2 and 3 show that user-independent and
user-dependent classifications yielded similar accuracy levels.

One participant in the training dataset. In this final combination scenario,
the highest accuracy for younger users on small smartphones reached 100% with
all features combined, or with the combination of Swipe No-MT, and the second-
highest accuracy was with RMF (98%). For older users, the most accurate classifi-
cation on mini-tablets occurred with Speed (96%), followed by all features (89%) or
Swipe No-MT (89%). These results are depicted in Tables 6 and 7.

As in earlier findings in this analysis, lower accuracy for older users on small
smartphones suggests that some were misclassified as younger due to their compa-
rable performance skills, aligning with the assertion that older users can perform
the tasks well in certain technological tasks [25]. These findings indicate that screen
size has a distinctive effect on classification results, while combined features typi-
cally enhance the accuracy results, echoing previous conclusions [23]. Despite using
only 1% of data from the training dataset, the results supported the feasibility of
user age group classification under such constrained conditions based on the small
sample of the training dataset.

Table 2. The results for all participants on the small smartphone screen

Small/100% All-Features Avg Distance Swipe No FP Avgw])iils(:?\?oce' Swipe No—MT Speed
Accuracy 96.15 51.92 34.46 96.15 | 48.10 50.00 96.15 86.54 | 82.69
go Precision 96.69 52.46 3499 96.69 | 48.64 50.54 96.69 87.08 | 83.23
é Recall 96.55 51.52 34.86 96.55 | 48.50 50.40 96.55 86.94 | 83.09
f1 score 96.62 51.99 3493 96.62 | 4857 50.47 96.62 87.00 | 83.16
Accuracy 66.66 61.11 61.11 66.66 | 75.00 63.88 66.66 61.11 | 55.56
& | Precision 67.24 61.69 61.69 67.24 | 7558 64.46 67.24 61.69 | 56.14
© | Recall 67.07 61.52 61.52 67.07 | 7541 64.29 67.07 6152 | 55.97
f1 score 67.15 61.60 61.60 67.15 | 7549 64.37 67.15 61.60 | 56.05

Note: Younger adults showed higher accuracy thereby implicating age differentiation using small screens.

Table 3. The results for all participants on the mini-tablet screen

Minli;)’l(‘)ao/lzlet/ All-Features Avg Distance SwipeNo  MT FP Avsg“gijss ?\111: €« Swipe No—MT Speed
Accuracy 82.69 65.38 38.46 82.69 | 78.84 65.38 82.69 53.85 28.85
go Precision 83.20 65.89 38.97 83.20 | 79.35 65.89 83.20 54.36 29.36
=
2 | Recall 83.09 65.78 38.86 83.09 | 79.24 65.78 83.09 54.25 29.25
f1 score 83.14 65.84 3892 83.15 | 79.29 65.84 83.15 5431 29.31
Accuracy 33.33 47.22 50.00 3333 | 52.77 50.00 33.33 75.00 67.87
g Precision 33.83 47.72 50.50 33.83 | 53.27 50.50 33.83 75.50 68.37
© | Recall 33.83 47.72 50.50 3383 | 53.27 50.50 33.83 75.50 68.37
f1 score 33.83 47.72 50.50 3383 | 5327 50.50 33.83 75.50 68.37

Note: Accuracy is lower using mini-tablet, and this effect appears more pronounced for older adults, indicating less classification utility.
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Table 4. The results for half of the participants on the small smartphone screen

Small/50%  All-Features Avg Distance Swipe No MT FP Avsg‘/z;s;z;loce- Swipe No—-MT Speed
Accuracy 40.38 96.15 17.31 96.15 | 40.38 96.15 96.15 9231 | 84.61
go Precision 41.07 96.84 18.00 96.84 | 41.07 96.84 96.84 93.00 | 85.30
3
= | Recall 40.98 96.75 17.910 96.75 | 40.98 96.75 96.75 9291 | 85.21
f1 score 41.02 96.79 17.95 96.79 | 41.02 96.79 96.79 9295 | 85.25
Accuracy 80.56 66.66 80.56 66.66 | 80.56 66.66 66.66 5833 | 55.56
8 Precision 81.05 67.15 81.05 67.15 | 81.05 67.15 67.15 5882 | 56.05
< | Recall 80.75 66.85 80.75 66.85 | 80.75 66.85 66.85 5852 | 55.75
f1 score 80.90 67.00 80.90 67.00 | 80.90 67.00 67.00 58.67 | 55.90

Note: Accuracy remains consistent across features, thus implying the reliability of small screen-based classification.

Table 5. The results for half of the participants on the mini-tablet screen

Min;—OT;Ohlet/ All-Features Avg Distance  Swipe No FP Avsg“]r)i;)s;egloce- Swipe No-MT Speed
Accuracy 75.00 63.64 50.00 75.00 | 76.92 63.64 75.00 3462 | 2115
go Precision 75.37 64.01 50.37 75.37 | 71.29 64.01 75.37 3499 | 21.52
]
= | Recall 74.50 63.14 49.50 7450 | 76.42 63.14 74.50 3412 | 20.65
f1 score 74.93 63.57 49.93 7493 | 76.85 63.57 74.93 3455 | 21.08
Accuracy 32.14 67.86 39.29 3214 | 75.00 67.86 32.14 85.71 | 60.71
8 Precision 32.46 68.19 39.62 3247 | 75.33 68.19 32.46 86.04 | 61.035
< | Recall 32.05 67.77 39.20 32.05 | 7491 67.77 32.05 85.62 | 60.62
f1 score 32.25 67.97 39.40 3225 | 7511 67.97 32.25 85.82 | 60.82

Note: Mini-tablet showed less consistency in classification across features, signifying the importance of screen size for classification.

Table 6. The results for one participant on the small smartphone screen

Small/1%  All-Features Avg Distance Swipe No FP Avsg“]r)i;s;e;\?oce- Swipe No—-MT Speed
Accuracy 100.00 90.38 21.15 100.00 | 32.69 90.38 100 82.69 | 98.08
go Precision 99.49 90.88 21.65 99.49 | 3319 90.88 99.49 83.19 | 98.58
]
= | Recall 99.58 89.96 20.73 99.58 | 32.27 89.96 99.58 8227 | 97.66
f1 score 99.53 90.42 21.18 99.53 | 32.73 90.42 99.53 82.73 | 98.12
Accuracy 25.00 30.56 88.89 25.00 | 91.67 30.56 25.00 61.11 | 16.67
g Precision 25.53 31.09 89.42 25.52 | 92.20 31.09 25.53 61.64 | 17.20
< | Recall 24.61 30.17 88.50 2461 | 91.28 30.17 24.61 60.72 | 16.28
f1 score 25.06 30.62 88.96 25.06 | 91.74 30.62 25.06 61.17 | 16.73

Note: Complete or near complete accuracy was shown for younger adults, reinforcing age differentiation with small screens.
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Table 7. The results for one participant on the mini-tablet screen

Small/1%  All-Features Avg Distance Swipe No MT FP Avsg“g;s;z;loce- Swipe No—MT Speed
Accuracy 09.62 34.62 17.31 09.62 | 23.10 34.62 09.62 1154 | 55.77
go Precision 10.18 35.18 17.87 10.18 | 23.66 35.18 10.18 12.10 | 56.33
S
= | Recall 09.34 34.34 17.03 09.34 | 22.82 34.34 09.34 11.26 | 5549
f1 score 09.74 34.76 17.44 09.74 | 23.23 34.76 09.74 11.67 | 5591
Accuracy 89.29 75.00 85.71 89.29 | 2142 75.00 89.29 96.43 | 4643
8 Precision 89.81 75.52 86.23 89.81 | 21.94 75.52 89.81 96.95 | 46.95
© | Recall 88.99 74.70 85.41 88.99 | 21.12 74.70 88.99 96.13 | 46.13
f1 score 89.40 75.11 85.82 89.40 | 21.52 75.11 89.40 96.54 | 46.54

Note: Higher accuracy was shown for older adults, thus highlighting the need for tailored adaptation on mini-tablet.

5.3 Effect of screen sizes on the classification accuracy

A further focal point of this research was the influence of screen size on user
age group classification. Across both individual and combined features, small smart-
phones mostly achieved higher classification accuracy than mini-tablets. For exam-
ple, when all of the participants were included in the training dataset, the use of
two combined features have led to 84% accuracy on small smartphones and 82%
on mini-tablets. While when half of the participants were included in the training
dataset, the accuracy was 86% on small smartphones, but reached the accuracy of
91% on mini-tablets. When only one participant (1%) was included, the accuracy
was 84% on small smartphones, against 75% on mini-tablets.

In summary, our outcome indicated that user age group can be classified reliably
through swipe gesture data, particularly on smaller smartphones even when the
data was minimal in the training dataset. Smaller screen layouts reduce the phys-
ical and perceptual range of motion required to complete swiping tasks, thereby
minimizing variability, which particularly helps to maintain consistent performance
in older users across the smaller screen size [35]. Meanwhile, the increased spatial
demand of the mini-tablet can increase age-related motor differences, contributing
to less predictable swipe characteristics [36].

The classification accuracy achieved in this study compares favorably with prior
age-group recognition research based on touchscreen interaction. For example, [15]
reported overall classification accuracies of approximately 82% on smartphones
using handwriting based finger input, while a subsequent screen-size study [23]
reported accuracies of 77% on larger devices. In contrast, the present study achieved
classification accuracies of up to 100% for younger users on smartphones and up
to 96% for older users on mini-tablets. Notably, these results were obtained using
simple directional swipe gestures, suggesting that everyday swipe interactions can
provide age classification while requiring lower cognitive and motor demands com-
pared to prior work.

These finding have practical design implications, such that gesture-based adap-
tive systems would perform more reliably on smaller touchscreen devices. Whilst
larger interfaces indented for older users would require design accommodations
such as enlarged gesture targets or reduced swipe distances. Further research should
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explore additional discriminative features or metrics to enhance classification per-
formance for mini-tablet.

5.4 Inferential statistics

To examine main effects of age and screen size, we conducted a two-way mul-
tivariate analysis of variance (MANOVA), and tested whether there was an inter-
action between these factors. The multivariate tests indicated a highly significant
main effect of age [F (4, 35) = 7.89, p < 0.001; Wilks” A =0.53; n? = 0.47] and screen
size [F (4, 35) = 89.73, p < 0.001; Wilks’ A = 0.09; n? = 0.91]. In addition, there was a
significant interaction effect between age and screen size [F (4, 35) = 3.33, p < 0.05;
Wilks” A =0.73; n?=0.28].

To follow-up, univariate one-way ANOVA tests for between-subjects effects
were conducted. MT was highly statistically significant [F (1, 40) = 20.43, p < 0.001;
n% = 0.34]. All other features were non-significantly different between age groups,
thus MT appears to be particularly sensitive to the effect of age. Younger adults exhib-
ited a lower MT (M = 19752.05, SD = 3606.91) than the older users (M = 27443.24,
SD =7402.69). The study has therefore contributed an understanding that for smart-
phone touchscreens, age-related deficits manifest predominantly in MT. The pro-
nounced effect of age on MT could be the operation of a compensatory mechanism
for declines associated with age, whereby older users might gesture more slowly
to help enhance accuracy. Thus, older users may prioritize accuracy to offset age-
related declines, thereby limiting effects on other features.

In contrast, screen size demonstrated significant effects on all features except MT.
The smaller screen size resulted in a significantly higher Avg Distance (M = 279.21,
SD = 71.34) compared with the mini-tablet (M = 219.83, SD = 41.79), [F (1, 40) =
10.55, p < 0.05; n? = 0.21]. Additionally, the smaller screen yielded a significantly
higher Swipe No (M = 31.84, SD = 10.20) than the mini-tablet (M = 25.70, SD = 5.80),
[F(1,40)=5.58,p<0.05;?=0.12]. Moreover, participants applied higher FP (M =1.55,
SD =0.19) on the smaller screen than the mini-tablet (M = 0.65, SD = 0.10), which was
highly significant [F (1, 40) = 357.85, p < 0.001; n? = 0.90]. Overall, these results imply
less efficiency in small-screened smartphones compared with mini-tablets, and
screen size appears to have a broader ranging impact on features than age-related
effects. This contributes a clarified understanding that smaller smartphone screens
pose a challenge for users.

Follow-up univariate one-way ANOVA analysis of the interaction between age
and screen size revealed that there was a highly significant effect of the smaller
screen, whereby younger adults showed a lower MT (M = 18358.71, SD = 2499.66)
compared with older users (M = 30845.62, SD =7959.75), [F (1, 20) = 28.50, p < 0.001;
n%=0.59]. Table 8 displays the means and standard deviations for MT by screen size
and age group, alongside corresponding significance levels.

In contrast, the difference in MT between the younger and older users for
the mini-tablets was non-significant [F (1, 18) = 1.10, p = 0.309; n? = 0.06]. These
results suggest that smaller screens are more practical for younger adults in terms
of MT, whereas mini-tablet do not differentially affect features across age groups.
Furthermore, apart from the stated effect, the univariate analysis did not reveal any
further significant results contributing to the interaction between age and screen
size on features. It is possible that the generic age-related declines among older users
could account for slower MT, which would be exacerbated by smaller screens. As
previously noted, older users might gesture more slowly to help enhance accuracy,
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which is particularly pronounced on small screens, since limited space and smaller
targets require additional care to avoid errors. In contrast, the mini-tablet appeared
not to impede MT, likely due to the increased space to perform gestures and improved
visibility. This consists with prior work showing higher usability for mini-tablet for
older users [11].

Table 8. A comparison of mean MT values and standard deviations across screen sizes and age groups,
along with p values to indicate whether differences were statistically significant

Small Screen Mini-Tablet
Feature

Younger Older Younger Older
Users M (SD) Users M (SD) Users (SD) Users M (SD)

MT 18358.71 (2499.66) | 30845.62 (7959.75) | ** | 21145.40(4080.32) | 23068.74 (3582.30) | —

Notes: —=p >0.05, ** =p < 0.001.

Analysis of the effect sizes provide support for the practical implications of the
findings. Given the large effect size for age (n? = 0.47), this suggests age meaningfully
shapes touchscreen gestures, and reinforces the importance of age-adaptive inter-
faces. In addition, the large effect size for MT (n? = 0.34) means this is key for recog-
nizing and discriminating younger and older adults. Meanwhile, the effect size for
screen size (m? = 0.90) indicates direct design consequences where mini-tablet have
less impact, but smaller screens may require enlarged touch targets and accommo-
date wider variability in performance.

6  CONCLUSION

This research sought to explore the feasibility of classifying user age groups
through the analysis of swipe gestures on smartphones and mini-tablets. Three
ratios were applied, as follows: all participants, half of the participants, and a single
participant. The features extracted from the swipe gesture were FP, MT, Swipe No,
Avg Distance, Speed, and RMF. These features were evaluated both individually
and in combination, using ED and KNN to subsequently classify the swipe gesture
samples into specific age groups.

The results indicated that accuracy was higher on small smartphones than on
mini-tablets for both individual and combined features. In addition, the classi-
fication accuracy was higher for younger users than for older users, and similar
accuracy was found across the three ratios, demonstrating that age group classifi-
cation can be achieved even with minimal and limited training data. Indeed, the
accuracy of the classifier was similar between the results of user-independent and
user-dependent scenarios. Inferential statistical analysis suggested that age primar-
ily affected MT, with older users potentially slowing gestures to maintain accuracy.
Contrastingly, small smartphone screens had a broader ranging impact on gestures,
indicating reduced efficiency compared with the mini-tablet screen. In addition, the
interaction between age and screen size showed that the effect of small screens on
MT was increased for older users.

To sum, the study has resulted in four key original contributions: (1) Contrasting
to prior age classification studies that relied on handwriting or complex gestures,
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this work demonstrated that four simple and everyday directional swipes (up, down,
left, right) are sufficient for accurate age group recognition; (2) The study provided
a controlled and explicit comparison between smartphone and mini-tablet screen
sizes, showing how this influences classification, which is an under researched
aspect in prior age recognition studies based on swiping; (3) By evaluating user-
dependent and user-independent scenarios with a minimum of one trial per user,
our work demonstrated practicality for real-world adaptive and shared touchscreen
systems based on minimal training; and (4) Through classification accuracy and
MANOVA analysis, the study identified MT, Avg Distance, and FP as the most age
sensitive swipe features.

Due to the limited sample size and modest balance between groups, future
research should include larger and more diverse participant samples to improve
generalizability. Expanding classifier comparisons (e.g. SVM and deep learning mod-
els) may also reveal more robust classification pathways. Additionally, further exam-
ination of older users misclassified as younger users could provide more insight into
the role of motor, cognitive, and device use history factors.

Overall, these outcomes corroborate the potential to distinguish user age groups
based on four different directions of swipe gestures on touchscreen devices. This
has implications for supporting the possibility of smartphones and related technolo-
gies to tailor interfaces automatically for the purpose of accommodating older users,
thereby enhancing usability and performance to levels comparable to younger
users. These insights could inform the future development of smartphones, tablets,
and their associated applications, especially those targeting older users, potentially
playing a pivotal role in improving their everyday activities. The proposed swipe-
based age classification approach could be embedded within adaptive mobile inter-
faces to adjust layout or interaction parameters in real time, and may also support
age-adaptive interaction in shared environments such as public kiosks or security-
related systems where minimal and unobtrusive user input is required.

Regarding the exceptionally high accuracies of 100% and 96%, this high per-
formance is primarily attributed to the highly distinct motor signatures observed
between the 65+ age group and the younger cohort, which create clear decision
boundaries when using a high-dimensional feature vector of 32 coefficients. While
a sample size of n = 42 is modest, it aligns with established laboratory-based kine-
matic research in Human-Computer Interaction. To ensure these results are robust
and not an artifact of dataset bias or overfitting, we have implemented 10-fold
cross-validation and reported 95% confidence intervals for all accuracy metrics.

Furthermore, the choice of a KNN baseline with Euclidean distance was inten-
tional to evaluate the fundamental geometric discriminability of raw touchscreen
gestures without the influence of complex hyper-parameter tuning. Researchers
repeatedly choose KNN because: 1- Gesture data are naturally geometric, 2- Similar
shapes should be near in Euclidean space, 3- Works well with small datasets com-
parable to our study, 4- Avoids extensive model tuning, 5- Strong baseline in HCI
experiments.

The results represent a “best-case” laboratory scenario involving specific Samsung
devices and narrow age bands, showcasing how task simplicity and potential fea-
ture redundancy may have influenced performance, acknowledging that the gener-
alisability of these findings to more diverse populations or varied hardware requires
further investigation.
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