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Abstract
A comparative study was conducted to determine the dif-
ference in performance, intuitiveness and enjoyment of
using either virtual buttons or swiping controls when play-
ing a run-and-dodge smartphone game. The controls and
characteristics studied were chosen based on previous re-
search. An app was developed in which the participants
self reported their experienced enjoyment and intuitiveness
after playing the game. User performance was measured
automatically during the game. The findings are in line with
prior studies, and suggest swiping is better than tapping for
all metrics. Further research is warranted to see the effect
of the learning curve and phone position on these findings.

Button Bonanza

For this study, the game
’Button Bonanza’ was devel-
oped. A player uses either
buttons or swiping gestures
to guide a character along
three parallel lanes. In these
lanes three different types of
obstacles are present: thim-
bles to jump over, hanging
buttons to duck under, and
large stacks of buttons that
should be dodged entirely
by moving left or right. How
one performs these actions
differs per level.

The game is currently
available to download
through the Google Play
Store:

https:// play.google.com/
store/ apps/ details?id=
com.DefaultCompany.
ButtonBonanza
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Introduction
When designing a mobile game, developers have to con-
sider different decisions, such as the interaction method.
According to design heuristics by Korhonen and Koivisto
[15], it is important for usability that the controls are con-
venient and flexible, consistent, and similar to established
controls. The aim of this study is to determine the better in-
teraction style for mobile run-and-dodge games out of two
interaction styles: virtual buttons and swipe gestures.

To determine the optimal controls for this specific type of
game, three metrics were evaluated: intuitiveness, perfor-
mance and enjoyment. These metrics were chosen be-
cause effectiveness and entertainment are found to be
good metrics for evaluating a game [25] and intuitiveness
of the controls affects player enjoyment as well [27].

By answering the following research question, mobile game
developers can make more informed decisions when de-
signing run-and-dodge games:

How do swipe controls compare to virtual buttons in
terms of intuitiveness, performance and enjoyment in a
mobile run-and-dodge game?

Related work
A review by Chaichitwanidchakol and Feungchan identified
the existing types of mobile game interaction [4]. However,
the number of studies comparing button and swipe interac-
tions on mobile devices in the context of games is limited.
A relevant empirical study has been done by Browne and

https://play.google.com/store/apps/details?id=com.DefaultCompany.ButtonBonanza
https://play.google.com/store/apps/details?id=com.DefaultCompany.ButtonBonanza
https://play.google.com/store/apps/details?id=com.DefaultCompany.ButtonBonanza
https://play.google.com/store/apps/details?id=com.DefaultCompany.ButtonBonanza


Anand [3], who compared button, swipe, and accelerometer
interactions. No significant differences between buttons and
swipe gestures were found in their ’scroll shooter’ game. In
the current study, a similar study design is proposed, inves-
tigating these controls in a different genre.

Figure 1: Screenshot of Button
Bonanza with partly transparent
buttons as input method

Studies by Negulescu et al. [21] and Kujala [16] have com-
pared tapping, swiping and other interaction techniques
while performing another task (i.e., walking, driving), and
found that although performance did not differ significantly,
participants spent less time looking at the screen for swip-
ing and motion gestures. Additionally, Kujala stated that
more pointing accuracy was needed for buttons. It also has
been well established in literature that button size [23, 5]
and placement [10, 29] can affect performance and usabil-
ity depending on context. A study on website interfaces
on smartphones by Dou and Sundar found that horizon-
tal swiping positively affects desire to continue to use a
website, and that swiping controls could induce feelings
of enjoyment in users [7]: these effects may apply to mobile
games as well.

Gameplay

A video that demonstrates
the gameplay of Button
Bonanza can be seen here:

https:// youtu.be/ wGtkV1fNyRs

Intuitiveness is mainly based on users having familiar and
past experiences, and can therefore differ greatly per per-
son [18]. Additionally, intuitiveness of interactions is often
fast and unconscious, causing it to be difficult to be de-
scribed or self-reported by participants [2]. Instead, studies
often rely on general performance, familiarity and work-
load measures [1, 19]. Intuitiveness can thus be character-
ized by speed, high levels of efficiency and accuracy, and
a lower level of conscious awareness of the cognitive pro-
cessing taking place [18].

Hypotheses
In this study, two of the most common interaction styles
are considered: swiping and virtual buttons [4]. In order to

determine the best of these styles, player performance is
measured, as better controls lead to better performance.
However, performance alone does not suffice, because
player enjoyment is vital for the success of a game as well.
Even though increased performance leads to increased
enjoyment [28], a study by Klimmt et al. found that more dif-
ficult controls do not necessarily reduce player enjoyment
[14]. This can be attributed to the fact that less precise con-
trols can increase the level of challenge, which can affect
player enjoyment both ways [24, 22]. Consequently, player
performance alone is insufficient to determine the best in-
teraction style and enjoyment should be evaluated as well.

According to Chaichitwanidchakol et al. [4], there are two
types of mobile game interactions: natural and non-natural.
Natural interactions reflect their real-world counterpart,
whereas non-natural interactions commonly involve (virtual)
buttons. Although neither of the interaction styles evaluated
in this study resemble their physical counterparts, swiping
can be considered more intuitive as it mimics the movement
performed by the player character. Intuitive controls are im-
portant for both usability and player enjoyment according to
the heuristics defined by Desurvire et al. [6]. This is repre-
sented in the first set of hypotheses:

H1a: Swiping is more intuitive than interactions using
virtual buttons.
H1b: Swiping will be perceived as more enjoyable than
virtual buttons.

Tapping is generally a shorter action compared to swiping.
Tapping virtual buttons can be registered at the moment a
finger is detected by the touchscreen, while a swipe is typi-
cally only registered after the finger is lifted from the screen.
In our developed game "Button Bonanza", the swipe is al-
ready registered halfway through the swipe motion. Swipe
gestures can be faster for complex interactions such as typ-

https://youtu.be/wGtkV1fNyRs


ing (e.g. SwiftKey [20]) because gestures can be connected
subsequently. In Button Bonanza, the interactions are short
and separate, diminishing this advantage. As quick reac-
tions are vital in dodging games, the second set of hypothe-
ses state:

H2a: Tapping virtual buttons leads to increased perfor-
mance.
H2b: Tapping virtual buttons can be more easily timed
than swiping.

Controls

Virtual buttons
The buttons used are partly
transparent (see Figure 1)
to ensure the positioning
and size of the buttons are
visible to the user, but do not
obscure the view.
Swiping
The swiping gestures can
be done anywhere on the
screen, and follow conven-
tional distances scaled to
real world distance.

Figure 2: Question how people
held phone during game play

Methodology
A within-subject design was chosen for this study, since it
accounts for individual differences between participants.
As mentioned before, the experiment consisted of having
participants playing the Button Bonanza game, with two
different types of controls: swiping and tapping virtual but-
tons. The order in which the participants played with these
controls was randomised.

Participants
The experiment was conducted with 25 participants who
completed the entire study (13 male, 11 female, 1 other).
The ages of the participants ranged from 19 to 60 (M =
26.44, SD = 9.20). One of the participants reported having
a physical condition that interfered with their motor skills,
but their results did not seem to be outliers. The partici-
pants reported spending an average of 2 hours per week
playing mobile games. All participants were gathered by
the researchers by means of convenience sampling, and all
gave their informed consent prior to participating in the ex-
periment. The participants were not compensated for their
time, as participation was completely voluntarily.

Materials
The participants were instructed to download the Button
Bonanza app from the Google Play Store [13], using their

own mobile phone with Android. The Unity 3D engine [26]
was used to develop the game. The data collected with the
app was automatically sent out to and saved in a Firestore
database [12] only accessible to the researchers.

All questionnaires were added inside the app for the partici-
pants’ convenience. Performance of the game is measured
automatically. Enjoyment was measured using a short, in-
game version of the well-established GEQ (Game Expe-
rience Questionnaire), the iGEQ [11, 17]. As the Button
Bonanza game did not include a story line, the compo-
nent dealing with story (Sensory and Imaginative Immer-
sion) were disregarded. The NASA R-TLX questionnaire [9]
(which is used more often in mobile contexts [8]) measures
perceived cognitive workload and was used in this study
to get an indication of the perceived intuitiveness (see also
Related work).

Experiment procedure
After downloading and opening the app (see Figure 1), the
participant was guided through the experiment. Participants
were allowed to hold their phone as they wished during the
experiment, as long as it was in portrait mode (to minimize
any confounding variables). They were asked to perform
the experiment alone, without being disturbed.

Upon opening the application, the experiment was ex-
plained and participants were asked for their consent. Next
up were questions about demographics (i.e., gender, age),
physical conditions possibly interfering with fine motor skills
and mobile gaming experience, which were all expected
to be confounding variables [3, 1, 21]. The actual experi-
ment started with a practice session of 20 seconds, where
the participants were randomly assigned swiping or virtual
button controls. Next, the participants played two subse-
quent levels of one minute each with this control set. When
finished, the participant were asked to fill out the question-



naires described in the Materials section. This process was
repeated for the other control set. The experiment lasted
about 15 minutes.

Data collection and storage
During the experiment, quantitative data was collected. As
mentioned before, the participants started by answering
questions about their demographics. After each level they
played, the participants were asked i) how they held their
phone during the game play (See Figure 2), and to fill in
ii) in the NASA R-TLX questionnaire [9], and iii) the iGEQ
questions [11]. To get a detailed picture of the performance,
the number of correctly dodged obstacles (’achieved score’)
was measured, as well as the number of incorrect, missed
and poorly timed swipes/taps. The collected data was anonymized
by assigning every participant an ID; this way no participant
can be recognized when looking at the data. The data was
kept at the latest until the end of September 2021.

Data analysis
The data was transformed from a JSON to a CSV file and
all incomplete entries (20 in total) were removed. For all
dependent variables (i.e., intuitiveness, performance and
enjoyment), two-tailed paired-samples t-tests or Wilcoxon-
signed rank tests were used to compare the results be-
tween the independent variables (i.e., swiping versus tap-
ping). The assumptions for these tests were checked by
comparing means and variances, plotting histograms and
conducting Shapiro-Wilk tests to check the normality. Ev-
erywhere an alpha of 0.05 was applied.

Figure 3: Descriptive statistics
[M (SD)] of NASA R-TLX scores

Figure 4: Descriptive statistics
[M (SD)] of iGEQ questionnaire
results

Findings
Intuitiveness
Regarding the intuitiveness (H1a), a paired-samples t-test
was conducted to compare the R-TLX scores for the swip-
ing and tapping conditions. Swiping (M=9.08, SD=4.64)

was found to have a significantly lower subjective workload
than tapping (M=11.31, SD=3.76); t(24)= - 2.82, p = .009.
Therefore, hypothesis H1a was accepted.

For its individual components (see Figure 3), paired-samples
t-tests were conducted as they were all normally distributed,
too. Significant differences were only found for the Perfor-
mance and Frustration level component. The perceived
Performance was significantly higher for swiping than tap-
ping; t(24) = 3.10, p = .005. Furthermore, significantly more
Frustration was perceived for tapping; t(24) = -2.22, p =
.036. Note that for each metric with its components, the test
statistics and p-values are shown in the appendix.

Enjoyment
Regarding the enjoyment (H1b), a paired t-test was con-
ducted for the total (i.e., summed) iGEQ, and shown to
be significantly higher for swiping (M=13.26, SD=3.65)
than tapping (M=10.62, SD=3.34); t(24) = 3.81 , p = .009.
Therefore, H1b was accepted.

Concerning its individual components (see Figure 4), a t-
test also reported a significant difference in the respective
Competence scores; t(24) = 3.87, p = .001. Additionally, a
significant difference in Tension was reported for the two
conditions; t(24)= −2.75, p = .011. A Wilcoxon Signed-
Rank test indicated that the Positive affection ranks of swip-
ing were significantly higher than those of the buttons; z =
2.353, p = .017.

Performance
To investigate hypothesis H2a, various statistical tests were
performed for each metric (see also Table 1). A paired-
samples t-test was conducted on the achieved scores of
each level as well as summed up. Swiping had a signifi-
cantly higher summed score than tapping for each of them,
except Level 1. For this level, the swiping score was higher



but not significant; t(24) = 1.90, p= .070.

Wilcoxon signed-rank tests had to be used for the num-
ber of incorrect inputs because of non-normally distributed
data. Tapping led to significantly more incorrect inputs than
swiping for Level 1 as well as for the total number of incor-
rect inputs; z(24) = 50.5, p = .040 and z(24) = 73.5, p =
.048 respectively. No other significant results were found.

For hypothesis H2b, t-tests were also conducted for the
number of poorly timed inputs. For the number of missed
swipes, Wilcoxon tests had to be conducted. The only sig-
nificant result found was that for Level 2 tapping appeared
to have a higher number of poorly timed inputs than swip-
ing; t(24) = − 3.10, p = .005. Hypotheses H2a and H2b
were therefore both rejected.

Swiping
Virtual
Buttons

Achieved
score

24.32
(11.47)

19.20
(9.17)

Incorrect
inputs

6.00
(9.23)

7.88
(7.45)

Poorly timed
inputs

23.44
(8.38)

25.64
(7.60)

Missed
inputs

2.24
(5.16)

3.28
(7.80)

Table 1: Descriptive statistics
[M (SD)] of summed performance
scores

Discussion
General discussion of the results
As stated in the Findings section, hypotheses H1a and H1b
were accepted, and H2a and H2b were rejected. These
findings are mostly in line with other studies. In contrast to
Browne and Anand [3], this study presents significant dif-
ferences between tapping and swiping for both enjoyment
and performance. Similar to the study by Dou and Sundar
[7], swiping was shown to positively affect enjoyment. Per-
formance was also found to be higher for swiping compared
to tapping, possibly due to the attention needed for tapping
(cf., [21, 16]). The findings of this study contribute to knowl-
edge about interaction methods on mobile devices, which
may help game designers make more informed choices.

Limitations and future work
The current study has a couple of limitations. Firstly, this
study is limited in what kind of interaction method it com-
pares. This presents the possibility to compare other in-
teraction styles such as tilt or area tapping in future work.

Secondly, this study does not take the learning curve into
account when measuring the performance. The duration of
this study did not allow for tests spanning out over multiple
sessions in order to grasp the effect of the learning curve
of the various interaction methods. Furthermore, the order
in which the players encountered the conditions was not
saved. Although the order was counterbalanced and should
therefore not have an effect, future studies should verify
the assignment of conditions. Lastly, participants held their
phones in different ways during the experiment. How par-
ticipants held their phone might be influenced by different
factors. The participants were allowed to hold their phone
in whatever way they liked, as they would be the most com-
fortable in this scenario and it would mimic the real world
usage the best. The results of this research might have
been different if all participants would have been forced to
use the phone in the same manner.

Conclusion
To summarize, the results of the present study indicate that
a) swiping is more intuitive than using virtual buttons; b)
swiping is perceived as more enjoyable than virtual buttons;
c) swiping may be more easily timed than swiping; and d)
tapping virtual buttons does not lead to increased perfor-
mance. These findings lead to the conclusion that swiping
is a better control scheme for mobile run-and-dodge games
than virtual buttons when looking at performance, and per-
ceived intuitiveness and enjoyment.
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Appendix: Test statistics and p-values for each metric and component

For each metric (user performance, intuitiveness/subjective workload, and experienced enjoyment), a two-sided, paired-samples
t-test is used if the difference of swiping-tapping pairs follow a normal distribution; otherwise, a Wilcoxon signed-rank test is used.
They can be recognized by their test statistic: the first have test statistics starting with "t(24)=", the latter "z=".

Test statistic P-value

Achieved score t(24) = 2.80 p = .010

Incorrect inputs z = 48.5 p = .177

Poorly timed inputs t(24) = 0.76 p = .453

Missed inputs z = 27.0 p = .190

Table 2: Advanced statistics of performance scores for the tutorial
level

Test statistic P-value

Achieved score t(24) = 1.90 p = .070

Incorrect inputs z = 50.5 p = .040

Poorly timed inputs t(24) = 0.52 p = .608

Missed inputs z = 3.0 p = .223

Table 3: Advanced statistics of performance scores for Level 1

Test statistic P-value

Achieved score t(24) = 2.84 p = .009

Incorrect inputs z = 46.5 p = .440

Poorly timed inputs t(24) =−3.10 p = .005

Missed inputs z = 9.0 p = .395

Table 4: Advanced statistics of performance scores for Level 2

Test statistic P-value

Mental demand t(24) =−1.78 p = .088

Physical demand t(24) =−1.67 p = .108

Temporal demand t(24) =−0.79 p = .436

Performance t(24) = 3.10 p = .005

Effort t(24) =−1.95 p = .064

Frustration level t(24) =−2.22 p = .036

Total R-TLX score t(24) =−2.82 p = .009

Table 5: Advanced statistics of R-TLX scores

Test statistic P-value

Competence t(24) = 3.86 p = .001

Flow z = 26.0 p = .089

Tension t(24) =−2.75 p = .011

Challenge t(24) =−1.30 p = .205

Negative affect t(24) =−1.84 p = .079

Positive affect z = 22.5 p = .017

Total iGEQ score t(24) = 3.81 p = .001

Table 6: Advanced statistics of iGEQ scores
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