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ABSTRACT

Most touchscreen devices are not designed specifically with
children in mind, and their interfaces often do not optimize
interaction for children. Prior work on children and
touchscreen interaction has found important patterns, but
has only focused on simplified, isolated interactions,
whereas most interfaces are more visually complex. We
examine how interface complexity might impact children’s
touchscreen interactions. We collected touch and gesture
data from 30 adults and 30 children (ages 5 to 10) to look
for similarities, differences, and effects of interface
complexity. Interface complexity affected some touch
interactions, primarily related to visual salience, and it did
not affect gesture recognition. We also report general
differences between children and adults. We provide design
recommendations that support the design of touchscreen
interfaces specifically tailored towards children of this age.

Author Keywords
Touch interaction; gesture interaction; child computer
interaction; gesture recognition; mobile devices.

ACM Classification Keywords
H.5.m. Information interfaces and presentation (e.g., HCI):
Miscellaneous.

INTRODUCTION
Because most touchscreen devices are not specifically
designed for children, their interfaces often do not optimize
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Figure 1. Children participating in our study.

interaction for children. Children are an important group to
consider when designing for touchscreens because of the
widespread use of this technology for education, games,
and entertainment targeted at younger users [13,32,42,43].
Previous research shows that existing gesture recognition
algorithms designed for adults do not function as well for
children [2—4], and children also have more difficulty with
touch interactions compared to adults, due to the size and
location of touch targets, as well as other application-
specific considerations [2,4]. Children are also still
developing key motor skills, which affects their touch and
gesture interactions when compared to adults [44].

Prior work in three studies with children ages 7 to 17 by
Anthony et al. [2-4] inspired our work. However, those
studies focused on isolated interactions, such as touching
simple targets [2—4], while most real world applications are
more complex, with more onscreen interface elements,
animations, sounds, feedback, and functionality. Previous
work from child psychology literature has found that
children’s response times are impacted differently by
changing visual stimulus than adults’; for example, children
(ages 6 to 10) are slower to touch a target in a stimulus-
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response task when orientation is changed rather than color
[15]. What remains an open question is how children’s
behavior might be affected by other distractors resulting
from varying interface complexity. In this study, we focus
on how the added complexity of more realistic interfaces
might affect children’s interactions. In addition, we extend
previous work by conducting our study with even younger
children, ages 5 to 10. Children of this age range are of
particular interest because of the rapid cognitive and motor
skills development that occurs during this period [34,44].
We compare touch and gesture interaction data from 30
children and 30 adults collected in two different types of
interfaces: (1) a simple, stimulus-response version, and (2)
a more complex, realistic version. The added complexity
that we introduce into the interface arises from colorful
animations, progress indicators and feedback, and a
narrative, game-oriented purpose for the interactions.

We analyzed the touchscreen interaction logs and
performed gesture recognition experiments on the gesture
data. Interface complexity affected some of the touch
interactions, primarily related to visual salience, and it did
not affect gesture recognition. We also find general
differences between children and adults. The findings from
our study are two-fold: we first replicate key aspects of
Anthony et al.’s studies [2,4] such as miss rate affected by
age and target size, but we also go beyond prior work to
investigate the effect of interface complexity for target and
gesture interactions. The contributions of this work are (1)
collection of a touch and gesture corpus of interaction data
from children as young as 5 years old; (2) analysis of the
effect of interface complexity on touch and gesture
interaction in both children and adults; and (3) design
implications for touch and gesture interaction for children.
The findings from this study enable the design of better
touchscreen interfaces specifically tailored toward children.

RELATED WORK

Most previous work focusing on users’ interactions with
touchscreens has used adults [14,17,18,33,37,47—49]. Some
studies have looked at the difference in interaction patterns
between children and adults, but have not examined
differences across various ages [7,11,12,21,31,35]. Only a
few studies have looked at differences between younger and
older children [4,28,46]. We focus our review of prior work
on four major categories: effect of interface complexity on
interaction patterns, touch interactions for children, gesture
interactions for children, and gesture recognition.

Interface Complexity

A limitation of prior work on children’s touchscreen
interactions is that the studies have used very simple apps,
designed only to elicit the basic data necessary to study
interaction patterns [2—4,7]. These apps can be compared to
classic psychology “stimulus-response” tasks [16]. These
apps, however, do not resemble real world applications that
children might actually use in their daily lives. While these
previous studies offer a solid foundation for understanding
the ways in which children use touchscreens, we cannot be
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sure that these results are generalizable to more complex,
realistic apps without studying the effect of the increased
complexity. We do that in this study by comparing
children’s touch interactions in a simple, abstract interface,
like previous work, and a more complex interface closer to
the applications children use in the real world.

Touch Interactions and Children

Previous work on children’s touch interactions has focused
on helping designers create better interfaces for
touchscreens [2,28,36,38]. McKnight and Cassidy [28]
studied the interactions of 7- to 10-year-olds with various
types of mobile touchscreens, offering guidelines for the
design of mobile devices intended for children. Similarly,
several other studies have offered design guidelines for user
interfaces for apps targeted toward children [2,36,38]. A
recent study by Vatavu et al. [46] showed that children
improve significantly in their ability to perform tapping
interactions between the ages of 3 and 6. While these
studies all used relatively simple stimulus-response apps,
they have shown that, not only do children’s interactions
differ from those of adults, they also differ between
younger and older children. However, there is still room for
more work on comparing interaction patterns across ages at
different points of development. We examine children’s
touch interactions in a study comparing interactions from
ages 5 to 10, a time of rich development [34,44].

Gesture Interactions and Children

As with touch interactions, much of the work on children’s
gesture interactions has examined ways in which designers
can improve children’s experiences when using gestures in
touchscreen interfaces [1,3,20,29,31]. Some recent studies
have investigated age-appropriate methods of prompting
young children to make gestures within smartphone apps
[20,29]. Hiniker et al. [20] found that children responded
best to prompts that were specifically designed for them
rather than for adults. McKnight and Fitton [29]
recommended that applications be designed to compensate
for common errors children make, such as delayed timing
of interactions and accidental touches during gestures.
Anthony et al. [3] demonstrated the importance of
providing visual feedback when eliciting gestures from
children. In another study, Aziz et al. [1] studied the types
of gesture interactions that were appropriate for children
ages 2 to 4. Nacher et al. [31] explored multi-touch gesture
interaction for children of ages 2 to 3, showing that they can
effectively use a variety of common gestures and
recommending guidelines to compensate for the challenges
very young children face when making gestures. These
studies point toward a need for more information about how
children’s gesture patterns change as they grow and
develop. We add to this body of literature by analyzing
children’s gesture patterns from the ages of 5 to 10, and
comparing them to adults. Whereas these previous studies
focused on qualitative characteristics of the gestures, we
consider how recognition of children’s gestures is affected
by how children are making gestures.
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Gesture Recognition and Children

A sizable number of gesture recognition algorithms for
touchscreen interfaces have been developed, but they have
largely been designed for and tested solely on adults
[6,19,22,25,26,39,41,45,50]. A comparison of the efficacy
of some of these recognizers [6,45] for children’s gestures
is presented by Anthony et al. [4], but only for ages 7 to 17,
and with ages clustered together in groups of three. Arif and
Sylla [7] examined how adults and children make gestures
using pen vs. touch input. They found that adults’ gestures
were better recognized when using pen rather than touch,
but that children’s gestures were equally poorly recognized
for both input modalities. The study reported 80% accuracy
for children and just under 90% accuracy for adults, well
below acceptance rates established by prior work [24,35].
Kim et al. [23] examined gestures made by young children,
but they were identifying children’s age and development
levels based on their gestures, not the challenges of
recognizing children’s gestures. More in-depth analysis of
children’s touchscreen gesture interactions and recognition
is needed to provide better support for these ages. To that
end, we analyze the performance of a popular multi-stroke
gesture recognition algorithm, $P [45], on gestures
produced by children aged 5 to 10, as well as adults.

METHOD

In our study, each participant performed two different tasks
on mobile touchscreen devices: (1) touching targets, and
(2) drawing simple gestures (e.g., letters, numbers, and
shapes). These tasks are based on three related studies from
Anthony et al. [2-4]; however, those studies only used
simple touch and gesture interfaces, similar to psychology
stimulus-response tasks [16]. Our study examines how
interactions change when the interface is more realistic.
Participants in our study used both a simple version of each
task and a more complex version. Overall, each participant
performed four different tasks in the same session, which
lasted approximately an hour; breaks were offered between
the tasks. Task order was counterbalanced across sessions.

During each session there were one or two participants,
either children or adults, with two researchers in the room.
If there were two children, their ages were similar. (We
examined whether being paired or single affected the
participants’ interactions, and we found no effect.
Therefore, we exclude this factor from our analyses.) Each
participant was read the informed consent or assent before
deciding to participate, and then asked to rank four different
incentive prizes. These prizes were small inexpensive toys
for children and small office supplies for adults. They were
used as motivational items to encourage participants to
finish all four tasks, (e.g., [9]) since the tasks might get
repetitive for young children. After each task was finished,
participants earned the prize for that level, and took home
their highest-ranked prize if they finished all four tasks.

Equipment
The applications were run on Samsung Google Nexus S
Smartphones with the Android 4.0.4 operating system. The
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display resolution was 480 x 800 pixels, the pixel density
was approximately 234 pixels per inch, and the phones
were 4.88 x 2.48 x 0.43 inches, with a 4-inch screen.

Participants

A total of 60 participants (30 adults, 30 children)
participated in our study. All children were recruited from
the P.K. Yonge Developmental Research School, affiliated
with the University of Florida; adults were recruited from
the University of Florida. Of the adults, 15 were female and
15 were male; of the children, 16 were female and 14 were
male. The adults’ ages ranged from 17 to 33 years (M: 23.0
yrs, SD: 3.8 yrs) while the children’s ages ranged from 5 to
10 years (M: 7.7 yrs, SD: 1.6 yrs). Of the 60 participants,
47 were right-handed (78%), 7 were left-handed (12%), and
3 were ambidextrous (3 others did not specify).

Participants were asked to rank themselves as either
“expert”, “average”, or “beginner” with touch input devices
(e.g., smartphones, tablets). Participants tended to rank
themselves highly: 16 (53%) of adults said “expert,” 14
(47%) said “average”, and 22 (73%) of children said
“expert”. Only 2 of the children (7%) labeled themselves as
“beginners”. All of the adults owned a touchscreen
smartphone, while children more often had their own
tablets (22 out of 30, 73%). Only 7 children (23%) said they
owned their own touchscreen smartphone; the majority of
the smartphones the children use are owned by a family
member (22 out of 30, 73%). Table 1 shows the percentages
of adults and children that said they use touchscreen
devices daily. Although the interpretation of the self-
rankings is subjective, these data reflect the current
pervasiveness of touchscreen devices in children’s lives.

Target Interactions

We based our target task application design on the simple
application used by Anthony et al. [2,4]. We added game
elements to increase interface complexity to study its effect
on interaction patterns. In the simple application, the
participant was asked to touch blue squares (Figure 2a). In
the complex application, the participant was asked to touch
fish trapped in ice cubes that melted when tapped (Figure
3). We refer to these applications as the Target Abstract
(TA) and the Target Game (TG) applications.

General Design of Target Tasks

In both the TA and TG applications, the participant was
asked to touch 104 targets that appeared on the screen. The
design and distribution of these targets was as inspired by
the previous studies [2,4]. There were four target sizes: very
small (0.125 inches), small (0.25 in), medium (0.375 in),

Mobile Tablet MP3 Tablet

Phone Player PC

Adults | USeit | 930 30% 20% 30%
daily

Children | U1 | 2700 | 500 | 23% 0%
daily
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Table 1. Percentage of adults and children who participated
in our study and use a touchscreen device daily.
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1. Please draw: circle.
Score:150

Score:30

Done

/\

(@) (b)

Figure 2. (a) Example of interface from TA. (b) Example of

interface from GA. These applications are similar to those
used by Anthony et al. [2—4].

and large (0.5 in). The phone display was divided into a 3 x
5 grid which provided 15 possible locations; only 13
locations were used for the targets, as in the previous
studies [2,4]. If the participant did not touch the target
within its bounds, the application would not go on to the
next target until the participant did so. All of the targets
were presented in the same order for all participants and
both applications, and no consecutive targets were in the
same location or the same size. As in the previous studies
[2,4], half the targets had edge padding, meaning the target
was slightly inset (10 pixels) from the side of the screen
instead of aligned to the edge (Figure 2a). The participant
was told that he or she was not being evaluated on how fast
the activity was completed. Each participant was instructed
to use the hand he or she preferred and was allowed to hold
the phone however felt comfortable. (We examined whether
the way the participants held the phone had an effect on
their interactions; since there was no significant difference,
this factor is excluded from our further analyses.)

Abstract Target Application (TA)

The “abstract” version of the target applications (TA) was a
simple interface consisting of a white canvas on which blue
squares would appear (Figure 2a). Before using the
application, each participant was instructed to touch each
blue square, and that another square would appear after they
touched each one. Although the interface was simple
stimulus-response, there were gamified elements as inspired
by Brewer et al. [9]. After the participant hit each target, the
score in the upper left hand corner incremented by five
points. After the participant completed all 104 targets, a
“game over” message appeared with their final score.

Gamified Target Application (TG)

The “complex” version of the target applications (TG) was
a full-fledged game interface showing an animated penguin
named Polly, who flipped her flippers and blinked her eyes.
A fish frozen in a square block of ice appeared as the target
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Score: 30 Score: 35
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w3,

(a) (b)

Figure 3. Example of two screens from TG. (a) The target the
participant has to hit (a fish trapped in a block of ice) is in the
lower-left-hand corner. (b) After the participant hits the
target, the score increases and the ice melts, releasing the fish.

(Figure 3a). Before using the application, the participant
was instructed to touch the fish that appeared in order to
melt the ice and help Polly catch the fish. After the
participant touched the fish, an animation showed the ice
melting and the score incremented by five points (Figure
3b). The 104 targets were broken up into six different levels
of 17 or 18 targets each, to continue the game metaphor.
After each level, a congratulations image appeared with an
animation of fireworks. After the participant completed all
six levels, another message appeared with a “game over”
message and their final score. The design of this interface
was inspired by several popular apps for children'.

Gesture Interactions

We also based our gesture application design on the simple
application used by Anthony et al. [2-4]. We added game
elements to increase interface complexity to study its effect
on interaction patterns. In the simple application, the
participant was asked to make a number of gestures (Figure
2b). In the complex application, the participant was asked
to make these gestures but in a game-like interface (Figure
3). We refer to these applications as the Gesture Abstract
(GA) and the Gesture Game (GG) applications.

General Design of Gesture Tasks

Both the GA and GG applications used the same set of 20
gestures (Figure 4). These gestures have been chosen from
prior work [2—4], and represent common letters, numbers,
and symbols [8]. Participants provided six samples of each
gesture in the set. Our chosen gesture set allows us to
collect a representative corpus for recognition experiments,
and study the challenges of gestures from younger children.

'~ Talking Gina http://bit.ly/1jut6 VA

- Moonbeeps Fireflies http://apple.co/10A9ZEJ
- Tap the Frog http://bit.ly/1oM4Lcp

- Pop Balloon Kids http://bit.ly/1hORzfg
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Figure 4. The gesture set we used in our study, from [2,4].

Abstract Gesture Application (GA)

The “abstract” version of the gesture applications (GA) was
a simple interface consisting of a white canvas on which the
participant could draw gestures (Figure 2b). At the top of
the screen, a prompt appeared instructing the participant to
draw a specific gesture from the set. The participant drew
the gesture and clicked an onscreen “Done” button when
finished. To encourage natural interactions, participants
were not allowed to erase any gestures they made, as this
could have led to them trying multiple times to achieve
what they believe is a more aesthetically pleasing gesture
result [3]. Although the interface was a simple stimulus-
response, there were gamified elements as in Brewer et al.
[9]. After the participant drew each gesture, the score in the
upper left hand corner incremented by 10 points. After the
participant completed all six rounds of 20 gestures, a “game
over” message appeared with their final score.

Gamified Gesture Application (GG)

The “complex” version of the gesture applications (GG)
was a full-fledged game interface showing a forest space
flanked by a tree in which an animated bird, named Billy
Bluebird, would sit (Figure 5a). The participant was
instructed to help Billy by drawing the gestures that he
asked them to produce. Before each of the six rounds, the
participant was also asked what color and line width he or
she would like to use, to make the gesture drawing more
fun and increase engagement. After the participant drew
each gesture, an animation showed Billy flapping his wings
and the score incremented (Figure 5b). After each round (or
level), a congratulations image appeared with an animation
of fireworks. After the participant completed all six rounds,
another message appeared with a “game over” message and
the final score. As with the abstract gesture application, the
users could not erase their gestures. The design of this
interface was inspired by several popular apps for children.

DATA ANALYSIS AND RESULTS

We have analyzed the data from the touch interactions in
the target applications, and also conducted gesture
recognition experiments on the gesture samples. In both
cases, we compared the simple interface to the complex

2. LetterSchool http://apple.co/1TojV6j
- iWriteWords http://bit.ly/1HAqOvS
- ABC Print Big Trace http://apple.co/1Ponuuw
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hit can you draw JR-L/Af
a circle

hi! cah you draw
a circle

{

(@) (b)
Figure 5. Example of two screens from GG. (a) Billy prompts
the participant for the gesture to draw in a speech bubble. (b)
After the participant draws the gesture, the score increases.

interface, and between children of different ages and adults.
To compare the data we collected in this study to the
findings from the previous studies that inspired our work
[2—4], we first replicate similar analysis. We also extend the
analysis, examining the effect of interface complexity,
which we highlight in the section headers. We consider
effect of age as a factor in our analyses as well. Table 2
summarizes the overall effects and findings we will present.

Target Interactions

To analyze the touch interaction data, we first removed
eight participants whose data was incomplete due to leaving
the study early or logging errors with the applications (13%
of our overall dataset, or 2,509 touch events out of 18,892
total touch events). We analyzed 103 targets per person
after excluding the first target as practice. Thus, we had a
set of 52 participants (29 children, 23 adults) with complete
data for the target tasks, consisting of 16,262 touch events.
Of the children, there were three 5-year-olds, six 6-year-
olds, four 7-year-olds, seven 8-year-olds, four 9-year-olds,
and five 10-year-olds. Between the ages of 5 to 10, there is
a marked increase in cognitive and motor development
[27,34,44], and we wanted to see if there were differences

Factors Interface Participant Age |Target| Other
Complexity Type (Adulg (years) | Size |[Factors
Measure / Child)
Holdovers X X X
X X main
Misses (overall-and (per-user X effect of
gutter misses) | and edge edge
padding) padding
Pressure X X
Size X X
main
Location X effect of
region
Response
" X X X X
Time

Table 2. Summary of target task findings. An X indicates a
significant effect (p<.05) of the factor on the measure.
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in interactions between younger children and older children,
so our analysis considers individual ages (5,6,7,8,9,10 years
old, and adults). In some places, our analysis only considers
age in general (e.g., participant type: child or adult) for
simplicity. During the study, the applications logged every
touch event and available features of that touch event (e.g.,
touch location, target size, touch pressure, etc.).

Holdovers (Effect of Complexity)

Holdovers occur when touches are located in the same
vicinity as the previous target instead of the current target
[2]. The user has not realized that the touch has already
been registered. In our dataset, 283 of the 16,262 touch
events were holdovers (1.7%), about the same as the
percentage reported by Anthony et al. [4]. Of the holdovers
in our dataset, the large majority of them were performed
by children (92%), similar to previous studies as well (96%
[2], and 81% [4]). These findings indicate that children may
not notice as quickly or as accurately as adults when targets
have been activated. Also, the majority of holdovers (194
out of 283, 69%) occur on the smallest targets (0.125 in),
likely because these were the most difficult and participants
tended to try to hit them repeatedly. Note that holdovers did
occur on 77 out of the 103 targets, however, so they are not
isolated to small targets.

Going beyond previous work, the majority of holdovers in
our data occurred in TA (92%), showing a clear beneficial
effect of interface complexity on this behavior. The effect is
most clearly shown among children: there were a total of
238 holdovers in TA for children but only 21 in TG. This
pattern may be due to the increased visual salience of the
ice melting when the touch was registered, making it easier
for children to notice and move on.

Target Misses (No Effect of Complexity)

The original studies by Anthony et al. [2,4] emphasized the
miss rates exhibited by children and adults, so we also
report the pattern of misses across users in our study.

Overall Misses. We first calculated overall miss rate. We
excluded holdovers here, so we only counted misses when
aiming for the current target. Children missed on the first
try 23% of the time for TA and 24% for TG. Adults only
missed the target 17% of the time for TA and 15% for TG.
These miss rates match Anthony et al.: children 23%, adults
17% [2]. The higher miss rates for children are likely due to
less touchscreen experience and ongoing motor skills
development. Because the overall miss rates are similar for
TA and TG, we can conclude that interface complexity does
not affect users successfully hitting onscreen targets.

Per-User Misses. We calculated the per-user proportion of
misses over all targets. Like previous studies [2,4], we
excluded holdovers and only looked at first attempts. We
also examined the effect of target size, which Anthony et al.
[2,4] found significant. A repeated measures ANOVA on
the per-user miss rate with within-subjects factors of
interface complexity (TA or TG) and target-size (very
small, small, medium, large) and a between-subjects factor
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Proportion of Misses by Target Size

0.7

0.6 I
g 0.5 § i
s §
“g 0.4 §§ §Adu|t TA
So3 \ - N Adult TG
g §§ " 1 = Child TA
02 I '
& \\ T Child TG

0.1 \ \ \ -

] ]
0 §§7 §§ &@&Hl \\k\mgl
0.125 0.25 0.375 05

Target Size (in)

Figure 6. Average proportion of misses overall by target size.
Errors bars indicate the 95% confidence interval.

of participant type (adult or child) found a significant main
effect of participant type (F,s50=44.76, p<.0001), in which
children miss more often than adults, as above. Also, tests
of within-subjects effects with a Greenhouse-Geisser (G-G)
correction showed a significant main effect of farget size
(F215.107.64=897.7, p<.0001). Smaller targets were
significantly harder to hit for both children and adults
(Figure 6). The same repeated measures ANOVA showed
no significant effect of complexity (F;5=0.00, n.s.),
validating that complexity did not affect misses in general.
However, it is worth noting that tests of within-subjects
effects (G-G applied) showed a marginal three-way
interaction between farget size, participant type and
interface complexity (Fpa612286=2.33, p<.10). Children
missed smaller targets more, but larger targets less, when
complexity was introduced; adults were fairly consistent
between the two levels of complexity. The visual
animations may be the reason: while distracting to children
for the smaller targets, they had the opposite effect for the
larger targets by making them more noticeable.

Edge Padding. Edge padding refers to the target being
inset from the side of the screen [2]. We examined the per-
user miss rate on targets with and without edge padding,
only first attempts, while again excluding holdovers. A
repeated measures ANOVA on the miss rate with within-
subjects factors of complexity (TA or TG) and edge
padding (yes or no) and a between-subjects factor of age
(grouped into individual years) found a significant main
effect of edge padding (F,45=262.78, p<.0001). The miss
rate was nearly double for targets with edge padding
(children: 31%, adults: 22%) versus those without
(children: 17%, adults: 11%), replicating prior work [2].
There was also a significant main effect of age (Fs45=7.17,
p<.0001). The younger the participants were, the more
misses they had. Notably, there was no interaction between
age and edge padding, contradicting Anthony et al. [4], but
we divided the analysis into individual ages, whereas they
examined coarse age groups. Edge-padded targets pose
more difficulty in part because there are more edges
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possible to over- or undershoot. On targets without edge
padding, the participant only has three sides of the target
where a miss could occur since it is aligned to the screen
edge. Going beyond prior work, we found no significant
effect of complexity (F 45=0.56, n.s.), meaning the miss rate
on edge-padded targets was not influenced by interface
complexity. Like Anthony et al. [2,4], we also computed
the percent of misses that were within the “gutter”, that is,
the 10-pixel space between the target and the edge of the
screen on edge-padded targets. Nearly all of the misses on
edge-padded targets occurred within the gutter (98% across
all users), consistent with Anthony et al. (99%) [2,4]. The
proportion of misses in the gutter varied by less than 1% for
children between TA and TG, and less than 2% for adults,
indicating that complexity did not affect this behavior.
Children had a slightly higher average rate of misses within
the gutter (99%) than adults (96%).

Touch Pressure and Size (Effect of Complexity)

Touch pressure, or the amount of pressure registered by the
touchscreen when the participant touches it, and touch size,
or the size of the contact area registered, were logged by the
apps for every touch that the participant performed. A
repeated measures ANOVA on touch pressure with a
within-subjects factor of complexity (TA or TG) and a
between-subjects factor of participant type (child or adult)
found a significant main effect of complexity (F,5=19.97,
p<.0001), and a marginal interaction between complexity
and participant type (F| 50=3.497, p<.10). Both children and
adults had a lower average touch pressure when using the
more complex interface (children: 0.474, adults: 0.481) than
the simpler interface (children: 0.493, adults: 0.526).
Children had lower average touch pressures than adults, but
adults exhibited a larger difference between interfaces.

A repeated measures ANOVA on fouch size with the same
factors found a significant effect of complexity (F,5=16.87,
p<.0001), and a significant interaction between complexity
and participant type (F5=4.196, p<.05). Children and
adults had larger touch sizes in TA (children: 0.164, adults:
0.176) than TG (children: 0.159, adults: 0.163), though the
effect was small. Children also have smaller touch sizes
than adults overall, likely due to their smaller finger size.

Both children and adults had smaller touch pressure and a
smaller touch size in the complex interface (TG).
Participants may have been trying to be more precise when
hitting the targets in TG due to the immersion of the game
experience. Also, when applying more pressure to the
screen, the resulting touch size registered is usually bigger.

Location (No Effect of Complexity)

We also explored the data beyond the measures reported by
Anthony et al. [2,4]. One new area we examined was
characterizing how children’s touches were distributed
around targets, and whether interface complexity affected
this behavior. We analyzed whether targets in some
locations were more difficult than others for children or
adults. We calculated the miss rate by target location on the
right and left sides of the screen and the top and bottom of
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Figure 7. The average response time to hit the first target.
Errors bars indicate the 95% confidence interval.

the screen. Two separate repeated measures ANOVAs were
run on the miss rate for the within-subjects factor of either
vertical region (top, center, bottom) or horizontal region
(right, middle, left), with an additional within-subjects
factor of interface complexity (TA or TG) and a between-
subjects factor of participant type (adult or child).

For the horizontal regions, there was a significant main
effect of the region (F16879=4.38, p<.05, G-G applied) and
also of participant type (F,5,=28.74, p<.0001). There was
no effect of complexity (F,5=0.19, n.s.). Children missed
more than adults; however, both children and adults missed
significantly more when the targets were on the right side of
the screen (M=20.9%, SD=7.2%) than the left and center
sides (M=19.8%, SD=9.3%). Most of our participants were
right-handed (like the general population), which may
contribute to the location of the misses.

In the second ANOVA with the vertical regions, we found
a significant main effect of the region (F00=10.61,
p<.0001) and a significant main effect of participant type
(F1,50=23.59, p<.0001). There were more misses on the top
of the screen (M=20.6%, SD=9.6%) than on the bottom and
center (M=19.5%, SD=8.0%). There was also a marginal
interaction between complexity and participant type
(F150=3.26, p<.10), and a significant interaction between
vertical region and participant type (F1100=7.73, p<.0l).
The interaction between complexity and participant type
might be due to the animation of the penguin’s eyes near
the top of the screen, as extra visual stimulus that distracted
children more than adults. The extra stimulus would have
also made targets harder to locate and touch precisely.

Response Time (Effect of Complexity)

Another measure we considered beyond previous studies
[2,4] is response time, that is, the amount of time it took the
participant to generate the first touch event for a target after
it appeared onscreen. We ran a repeated measures ANOVA
on response time with within-subjects factors of complexity
and target-size and a between-subjects factor of participant
type. There was a significant main effect of complexity
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(F1.50=410.64, p<.0001), a significant main effect of target
size (F2201109=100.62, p<.0001, G-G applied), and a
significant interaction between complexity and target size
(F2.49,1245=11.94, p<.0001, G-G applied). We expect that the
effect of complexity is due to the use of animation slowing
down the experience. Also, smaller targets had a longer
response time for both children and adults. The significant
interaction between complexity and target size may be
caused by an increase in visual stimulus which made
smaller targets more difficult to locate. There was also a
significant main effect of participant type (F,5=15.75,
p<.0001). Children (M=1175 ms, SD=283.9) had slower
response times than adults (M=931 ms, SD=72.9).

We ran a separate repeated measures ANOVA similar to
the above but with the participant type broken down into
individual ages (e.g., 5,6,7,8,9,10 years old, and adults).
There was a significant main effect of complexity
(F145=376.7, p<.0001), and a significant main effect of age
(Feas=11.21, p<.0001). There was also a significant
interaction of complexity and age (F¢45=2.53, p<.05). The
younger the child, the slower their response time (Figure 7).
Young children may be more distracted by visual stimulus
than older children and adults. In the graph, it is evident
that the animation causes a longer response time in TG than
TA, but this effect does not cloud the clear effect of age.

Summary of Touch Interactions

Our analysis of the touch interactions shows that interface
complexity affects some interaction patterns for children
and adults but not others. Most of the effects of interface
complexity were on measures that are affected by visual
salience of interface elements like response time,
occurrence of holdovers, and touch size and pressure.

Gesture Interactions

We analyzed our participants’ gestures in GA and GG by
running recognition experiments to understand how age and
interface complexity affect recognition rates. The gesture
recognition experiments were performed using our own
Java-based implementation of the $P recognizer [45], a
multi-stroke gesture recognizer, which we selected due to
its relatively high popularity, high accuracy, and ease of
implementation. Both user-dependent and user-independent
experiments were run, explained next. As described earlier,
each gesture application consisted of six rounds of 20
gestures each. The first round was always treated as
practice, leaving a total of five samples of each gesture per
participant in each application.

User-Dependent Results (No Effect of Complexity)

The user-dependent experiment tested recognition rates
when the recognizer was trained on the same participant
whose gestures would be tested. This test helps designers
understand the accuracy levels they can expect when
applications are trained on each user, rather than on pre-
loaded templates. We used the testing procedure established
by Wobbrock et al. [50] and used in later studies [5,6,45].
In our study, the number of training samples was
systematically increased from T = 1 to 4 (one must be
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Figure 8. Average user-dependent recognition accuracy by
age. Errors bars indicate the 95% confidence interval.

chosen for testing, leaving a maximum of four for the
training set). We had a total of 4 x 10° recognition tests (100
trials x 51 participants x 4 values of T x 20 gestures) in the
user-dependent case. Because nine participants had some
missing data, their maximum number of training examples
was reduced. Two had four samples of each gesture, three
had three samples, one had two samples; three others had
only one sample so they were excluded from the tests.

Recognition Accuracy. A repeated measures ANOVA on
per-user recognition accuracy with a within-subjects factor
of interface complexity (GA or GG) and a between-subjects
factor of age (individual ages) found no significant main
effect of complexity (F,5=0.31, n.s.). This result indicates
that the increased complexity of the game-like interface of
the GG application did not significantly alter the way users
made the gestures. We also found a significant main effect
of age (Fs50=9.08, p<.0001). Recognition accuracy was
lower the younger the participant was (Figure 8). This
finding is consistent with previous studies of adults’ and
children’s gesture recognition rates [2—4], but we examine
recognition rates for children at a finer granularity of ages.
To illustrate this point further, we ran a bivariate correlation
between age and recognition accuracy on just the children,
as done in prior work [2,4]. A significant correlation was
confirmed (r=.52, p<.0061, N=27). The general rule is: the
higher the user’s age, the better the recognition accuracy.

Studies of children’s drawing abilities [8,27], which may
affect the production of gestures by children, can explain
these results. Younger children are at an earlier stage of
development and as such do not have the motor control
needed to make gestures consistently. Children also may
not have as much practice making gestures on touchscreens
as adults do. Even though we trained the recognizer on
children’s gestures for these tests, the recognizer was much
more accurate when trained and tested on adults. This
finding points to a need for recognizers to be designed that
can compensate for the inconsistency in children’s gestures
while they are still developing. Current recognition
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accuracy rates for children are far from those reported to be
acceptable: 91% to 97% according to prior work on
children and adults, respectively [24,35]. Prior studies
reported 81% recognition for children ages 7 to 17 [2], 84%
for children ages 7 to 10 [4], and 77-81% for children ages
10 to 13 [3], but we show that these are not representative
for all ages of children. The gestures in our study made by
10-year-olds were recognized with 94% accuracy; however,
gestures by 5-year-olds were only at 64% accuracy. The
reason that we obtained higher accuracy for older children
than previous studies is possibly because those studies
grouped younger and older children together. Thus,
application developers must carefully consider their target
age groups and how this will affect gesture recognition.

Number of Training Examples. We also examined the
effect of increasing the number of samples used to train the
recognizer. We ran a separate repeated measures ANOVA
on recognition accuracy with within-subjects factors of
interface complexity (GA or GG) and number of training
examples (one to four), and a between-subjects factor of
age (individual ages). Tests of within-subjects effects with
a Greenhouse-Geisser correction found a significant effect
of the number of training examples on recognition accuracy
(F1.11.505=186.1, p<.0001). As expected, and shown by prior
work [3,45,50], recognition accuracy improves as the
number of training examples is increased. The test also
confirmed a significant impact of age on recognition
accuracy (Fg46=7.73, p<.0001). Furthermore, the test found
a significant interaction between the number of training
examples and age (Fg¢3.505=5.38, p<.0001, G-G applied).
The accuracy of recognition tests with only one training
example is much worse for younger children, and it catches
up more slowly as the number of training examples is
increased. This finding implies that the number of training
examples used to train a recognizer will depend on the age
of the target audience. Developers should expect accuracy
rates to “level off” relatively quickly for adults (three to
four training examples), while access to more training
examples for young children will enable better accuracy.

User-Independent Results (No Effect of Complexity)

We also tested children’s gestures in a user-independent
experiment. In this test, the recognizer is trained on gestures
made by participants other than the one who made the
gesture which is being tested. While this results in lower
accuracy than the user-dependent test, it gives designers an
idea of accuracy rates they can expect for “out of the box”
applications with pre-trained recognizers. Because user-
independent tests require consistent numbers across users,
we first removed the gestures from the nine participants
who did not completely finish the gesture tasks (13% of the
gestures). We had a total of 51 participants (27 adults and
24 children) with complete data for the gesture tasks.

We did not have enough training examples per person to
run the wuser-independent tests by individual ages.
Therefore, we ran the tests by age group: 5- to 7-year-olds
(10 participants), 8- to 10-year-olds (14 participants), and
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adults (30 participants). We used the procedure explained
by Vatavu et al. [45] with 10 trials, 9 participants (P), and 5
training examples (T). In total, there were 2.7 x 10’
recognition tests (3 age groups x 9 values of P x 5 values of
T x 10 trials per combination of P and T x 10 trials per
testing participant and test set x 20 gestures).

The average user-independent recognition rate we found
was 81% for adults, 76% for ages 8 to 10, and 65% for ages
5 to 7. All of these values are well below reported
acceptance rates [24,35]. As in the user-dependent case, a
repeated measures ANOVA on recognition error rate per
number of participants in the training pool with a within-
subjects factor of interface complexity and a between-
subjects factor of age found no significant effect of
complexity (F,2,=1.81, n.s.). The test showed a significant
effect of age (F,,4=9.88, p<.01), as expected.

Summary of Gesture Interactions

Our gesture recognition experiments show that there is a
significant effect of age on recognition accuracy in both
user-dependent and user-independent scenarios, supporting
previous work [2—4]. There was no significant effect of
interface complexity on recognition rates, so visual aspects
of the interface do not affect how users make gestures.

DISCUSSION AND DESIGN IMPLICATIONS

This study’s findings supplement previous work that has
examined children’s touchscreen interactions in isolation
[2-4,7]. Our study has expanded the focus from simple
stimulus-response apps to more realistic applications. Our
work shows how the findings from simpler applications can
generalize to real-world applications. Our findings point to
several design recommendations for touchscreen interfaces
for children of this age group. Regarding the effect of
interface complexity, significant to mention is the fact that
children did not miss targets more often when using a more
complex application, nor did they miss by a greater margin,
nor did they make their gestures any differently (e.g., same
recognition accuracy). Therefore, our findings support
design recommendations from Anthony et al. [2-4]
pertaining to ignoring holdovers, using reasonable target
sizes, allowing out-of-bounds touches, aligning targets to
screen edges, training age-specific recognizers, and
designing gesture sets for children. We provide new
recommendations that follow from our data.

Provide salient visual feedback of accepted input to
prevent holdovers. In our study, participants, especially
children, experienced many fewer holdovers in the more
complex application. We speculate that this finding is due
to the increased visual saliency of the feedback received
during gameplay for correct touches that hit the fish targets.
Therefore, in applications designed for children, ensuring
that activation of interface widgets via onscreen feedback is
prominent and immediately noticeable (e.g., animation) will
prevent the occurrence of holdovers that may distract
children from their main tasks. An example is a touchscreen
keyboard on a smartphone: children may benefit from
larger and longer feedback when pressing an onscreen key.



Touchscreen Interactions

Avoid small targets at the screen edges, especially in
visually complex interfaces. We found that children
tended to miss small targets on the right-hand side or top
edge of the screen more often than other locations or other
target sizes. This effect was even more pronounced in the
visually complex application, possibly due to decreased
visual saliency of targets in those locations in relation to
onscreen graphics. We emphasize that in both conditions,
the smaller targets had a much lower success rate overall.
The right-hand side problem is at least in part likely due to
the demographics of our participants, who were
predominantly right-handed, and unintended touches would
be more likely to occur on that side. (Left-handedness
appears in approximately 10% of people [30].) We
recommend designers avoid laying out small targets in
places that will be more difficult for children to notice and
touch or more susceptible to unintended touches.

Consider the trade-off between visual saliency and
response time when designing games or applications for
speedy input. Children, especially ages 5 and 6, exhibited a
slower response time in the more visually complex
application than in the simpler application. Many games
rely on speed of response as part of the challenge of
gameplay or increase the required speed to increase the
challenge of the game, e.g., Pop Balloon Kids'. For young
children, this strategy must balance between onscreen
visual stimulus and desired reaction speed. An animation-
centric game will be more distracting to the children,
slowing their reaction times. Play-testing with the target age
group will help designers balance their games and account
for this effect. Future work is needed to understand how
other types of interface changes affect response time.

Train gesture recognizers for younger children with
more examples. In our gesture recognition experiments, we
noted that recognition accuracy was worse the younger the
child, for both user-dependent and user-independent tests.
In addition, increasing the number of training examples per
gesture continued to improve accuracy for the youngest
children, while for older children and adults accuracy
“leveled off” after only a few samples in both testing cases.
The recognizer we used in this work, $P [45], is notable for
requiring few training examples, like other members of the
$-family [5,6,45,50]. However, the inconsistency in gesture
styles exhibited by young children requires more examples
to compensate. Designers of applications for very young
children will need to collect more training data upfront to
achieve reasonable levels of accuracy. Our results do show
that designers can collect examples from many different
children rather than requiring many examples from one
child. Future studies could answer how many samples and
children are needed to obtain a desired accuracy. Further
work is also needed on algorithms to recognize young
children’s gestures more accurately in general.

LIMITATIONS AND FUTURE WORK
The study we present goes beyond prior work by studying
younger children and effects of interface complexity on
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interaction. Still, the study has several limitations. First, the
children we recruited were ages 5 to 10, an age range
experiencing rapid cognitive and motor skills development
[34,44]. However, findings for this age group may not
transfer to younger children. Second, gesture recognition
accuracy in our study did not “level off” for the youngest
children. Having more training examples might provide
better guidance on how much data is needed to support
young children; however, issues of attention during
empirical studies make this difficult [9,10]. Future work
could collect data in more natural activities, e.g., integrated
into games children already play at home or at school.
Third, even the complex interfaces used in this study only
show one target onscreen at a time and prompt users for
clearly segmented gestures. Recognition of intended targets
and gestures is more challenging in real tasks on
touchscreen devices, and should be considered in future
work. Finally, this study only used small screen devices and
may not generalize to larger screen devices. For example,
tabletops afford different types of interaction than small
screens, including collaboration [18,21,40], which should
be considered in future work. This study also points toward
new investigations into recognition of young children’s
gesture input, including tailored or even personalized
gesture recognizers, adaptive gesture recognition interfaces,
and design of natural gestural user interfaces for children.

CONCLUSION

We presented an empirical study of 30 children ages 5 to 10
and 30 adults who interacted with touchscreen apps we
built to log all their touch and gesture interactions. Two of
the apps used an abstract stimulus-response interface to
elicit touchscreen interactions, and two of the apps used
game-like interfaces to immerse the participants in the task.
We analyzed the interaction logs for similarities and
differences between children and adults, and between the
two types of apps. We also conducted offline gesture
recognition experiments to estimate the accuracy on young
children’s gestures and how much data is needed for
reasonable accuracy. Interface complexity affected some
touch interactions related to visual salience, and did not
affect gesture recognition. We also find general differences
between children and adults. Based on our findings, we
presented design recommendations for touchscreen
interfaces for children of this age. Our work contributes to
practical design of interfaces for young children, and
answers research questions about how age, interface
complexity, and task elements affect children’s interactions.
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