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ABSTRACT
Game tasks commonly require dexterous actions and varying amounts
of decision-making. People that play games may perform better for
basic reaction and decision making tasks in comparison to people
that do not play games. This paper presents results from two user
studies that evaluate the relationship between self-rated gamer
ability and reaction time for two tasks: 1) a task with varying deci-
sion complexity, and 2) a task with varying dexterity requirements.
Analysis of data from over 150 users shows small effects of self-
rated gamer ability on task, but substantial effects of the decision
parameters (choices) and dexterity parameters (size and distance)
on performance.
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1 INTRODUCTION
Computer games are the world’s most popular form of entertain-
ment, with global sales increasing at an annual rate of 10% or
more [15]. Moreover, the impacts of gaming are not only fiscal
– fast-paced gaming has been shown to improve rapid-response
decision making [5], with gamers able to respond to visual stimuli
faster than non-gamers [8]. Our own research has shown self-rating
of gamer ability correlates with performance for some game-specific
tasks [10].

What has not been explored is how self-rating of gamer ability
correlates with performance along different dimensions of interac-
tion during play. In particular, we are interested in how self-rated
gamer ability predicts task performance along two dimension com-
mon to many computer games: 1) dexterity and 2) decision com-
plexity. For decision complexity, we evaluate how self-rated gamer
ability impacts a rapid-response task with different numbers of
choices. For task dexterity, we evaluate self-rated gamer ability in
regards to Fitts’ law, which governs the time to select a target based
on the target size and target distance.
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We design and conduct two users studies deployed via Javascript
through the Web. Both studies measure participants’ reaction times.
The decision complexity study has participants respond as fast as
possible to visual stimuli with 1, 2 or 3 choices. The dexterity study
has participants select circles of different sizes and distances as
quickly as possible.

Analysis of data from over 150 participants shows a modest
reduction in reaction time versus gamer ability – about a 350 mil-
liseconds reaction time mean for low skill players versus about
325 milliseconds for high skill players. For decisions, these same
trends hold at all three levels of complexity. Adding a second choice
increases response times by about 50% over a single choice reaction
time test, and having three choices approximately doubles response
times over a single choice reaction time test. For dexterity, low and
medium skill players have a similar linear fit for response time
versus Fitts’ index of difficulty, but high skill players have a lower
y-intercept, indicating faster response times.

2 RELATEDWORK
Table 1 summarizes findings from previous work on reaction times
for gamers [2, 3, 5, 8, 14, 16, 18, 20]. Elite athletes have reaction
times of about 150 ms, and elite gamers are probably close to that,
if perhaps slightly slower. Good gamers have reaction times of
about 250 ms, and average gamers about 300 ms. Non-gamers have
reaction times of about 350 ms.

Table 1: Summary of typical reaction times.

Group Reaction Time Ref.
Human minimum 109 ms [14]
Elite athlete 150 ms [18]
Elite gamer 150-200 ms [2]
Good gamer 250 ms [8]
Average gamer 300 ms [16]
Non-gamer 350 ms [16]

Fitts’ law [4] describes the time (T ) to select a stationary target
based on an index of difficulty (ID):T = k1 + k2 · ID, where k1 and
k2 are constants specific to the users and task at hand. The index of
difficulty (ID) is proportional to the distance (D) from the source to
the target and the width of the target (W ): ID = log2

(
2D
W

)
. Fitts’

law has been shown to be applicable to a variety of conditions
(e.g., underwater [7]) and input devices (e.g., eye tracking [19] and
computer mice [13, 17]). Fitts’ law has been applied to games, too,
assessing game controllers [9] and first person shooters [11].
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3 METHODOLOGY
To assess gamer reaction times for tasks with different decision
complexities and task dexterity difficulties, we conduct two dif-
ferent user studies. Both users studies deploy tasks via Javascript
applications run through a Web browser. While absolute reaction
times are difficult to assess through a Web interface, our intent
is to compare the relative performance for different tasks and to
compare gamers based on their self-rated skills. Both user studies
followed the same procedure:
(1) Users answered demographic questions: age, gender, and self-
rating as a gamer.
(2) Users navigated with a computer and mouse to our Web page
with our Javascript applications.
(3) Users did a small set of tasks and submitted their results.

Participation was voluntary and approved by the university In-
stitutional Review Board (IRB). Participants were solicited through
campus mailing lists and the authors’ online social networks (e.g.,
Facebook, Weibo).

3.1 Decision Complexity
Based on previous studies that had users react to visual changes [12],
we developed a Javascript application similar to [6], but with addi-
tional cases for 2 and 3 choice tests.

For task 1, users click the “Ready” button above a white box to
start the test. The box changes color from white to green after a
random time interval of up to 3 seconds, chosen based on pilot
studies confirming this provides a sufficiently random interval
without being too long. When the box changes to green, the user
must press the Z key as quickly as possible. The time from the color
change until the Z is pressed is recorded as the reaction time. This
cycle is repeated 5 times. Anytime the user presses Z after “Ready’
but before the box changes color, the test must be re-done.

Task 2 is the same as task 1 except that instead of 1 choice, the
user has 2. If the white box changes color to green, the user still
presses Z. However, if the white box changes to yellow, the user
must press X.

Task 3 is the same as task 2, but with 3 choices – green requires
a Z-press, yellow requires an X-press, and blue requires a C-press.

For tasks 2 and 3, mistakes (i.e., pressing the wrong key) are
recorded, but users need to complete the tests successfully 5 times.
Once all 5 tests are complete for a task, the responses are displayed
on the screen so the users can copy and paste the data into our
survey for our later analysis. The presentation order for the 3 tasks
is randomized.

3.2 Task Dexterity
The demographic questionnaire asks for the user’s display size and
then a pop-up window that instructs the user to use a mouse and
play in full-screen mode.

We developed a Javascript application that had users react to
input with a mouse click. Users click the “Ready” button to start
the round, whereupon the screen changes color after a random
time interval between 0 and 2 seconds (duration chosen based on
pilot studies). The user subsequently clicks the mouse as quickly
as possible. If the user clicks before the screen changes color, an

alert warning is displayed and the round must be re-done. After
5 successful rounds, the responses are displayed on the screen so
participants can copy and paste the response data into our survey
for our later analysis.

Based on principles in previous work [13], we developed another
Javascript application where users click the “Ready”, thus centering
the mouse on the screen. After between 0 and 2 seconds, a circle of
one of two sizes appears a random distance from the center of the
screen. The user subsequently clicks on the circle as fast as possible.
After 5 successful rounds, the responses are displayed on the screen
so the participants can copy and paste the data into our survey for
our later analysis.

4 RESULTS
This section analyzes the results (see our technical report [1] for
more details).

Our decision complexity user study had 66 participants and
our task dexterity study had 88 participants. Table 2 summarizes
the main demographics, with standard deviations in parentheses.
“Gamer” is a self-rating from 1-low to 5-high.

Table 2: Demographic summary.

Study N Age Gender Gamer
Decision 66 23.6 (8.7) 49 ♂ 14 ♀ 1 ? 3.6 (1.1)
Dexterity 88 20.9 (4.0) 66 ♂ 20 ♀ 2 ? 3.8 (1.0)
Total 154 22.1 (6.6) 115 ♂ 34 ♀ 3 ? 3.7 (1.0)

Table 3 shows the breakdown of self-rated gamer ability for each
user study, with the mean and standard deviation in the last two
columns. The bottom row shows the breakdown of both studies
combined into one. Both studies have a slight skew towards high
self-rated skill (mean self-rated skill is slightly above 3 and the
mode is 4 for each dataset), but there are players of all self-rated
skill levels in each dataset.

Table 3: Breakdown of self-rated skill

Self-rated skill
Study 1 2 3 4 5 x̄ s
Decision 3 8 21 19 15 13.2 7.56
Dexterity 2 6 21 35 24 17.6 13.5
Total 5 14 42 54 39 30.8 20.4

4.1 Reaction Time
Both of our user studies have a reaction time task where users
respond as quickly as possible to a change in color on the screen.
We combine the data from both tests and analyze the relationship
between self-rated skill as a gamer and reaction time. Based on
previous work [10], we combine users in skill groups 1-2 and skill
groups 4-5 to obtain 3 skill groups: low, medium and high.

Given the nature of the study, users not paying attention results
in unusually high response times. To account for this, we remove
all outliers that are higher than 1.5 × IQR. In total, 20 points were
removed (out of 770).



Figure 1: Reaction time versus skill group.

Figure 1 depicts a boxplot of the reaction times. The x-axis is the
self-rated skill and the y-axis is the reaction time. The boxes denote
the quartiles, with the middle line the median and the ‘x’ the mean.
From the figure, there is a slight visual trend downward (faster)
with higher gamer skill. However, post-hoc pairwise tests in Table 4
show the differences are not statistically significant, although the
effect sizes (Cohen’s d) for medium and high skill versus low skill
are moderate.

Table 4: T test for Reaction Time task.

Comparison t-Statistic p value d
Low - Med t(26) = 1.72 0.10 0.63
Med - High t(48) = -0.07 0.95 0.02
Low - High t(40) = 1.45 0.16 0.51

4.2 Decision Complexity
Figure 2 depicts the response time on the x-axis versus the self-
rated skill on the y-axis. The three decision tasks are indicated
by different colors and shapes. Each point is the response time
averaged across all users for a given skill group and task, shown
with a 90% confidence interval. From the figure, vertically there is
a clear separation of confidence intervals at all skill levels for all
tasks, with the higher decision complexity tasks taking more time
on average than the lower complexity tasks. Horizontally, there
is a visible downward trend (lower is better) in average response
time with higher self-rated skill. However, there is overlap in the
confidence intervals for each adjacent pair-wise comparisons.

T test results (α = 0.1) are shown in Table 5. The top half of the
table compares self-rated skill groups and the bottom half compares
decision task groups. The last column is the effect size (Cohen’s
d). From the table, differences in skill group are not statistically
significant although the effect sizes are medium, but differences in
task decision complexity are significant for each pair, even using a
Bonferroni correction, with large effect sizes.

4.3 Dexterity
Figure 3 shows a scatter plot of the response time versus Fitts’
Index of Difficulty (ID) [4, 13]. The x-axis is the ID score and the
y-axis is the response time. Each point is the time to select a target
with the ID computed based on the target distance from the center

Figure 2: Average response time for decision tasks.

Table 5: T test for decision complexity tasks.

Comparison t-statistic p value d
Low - Med. t(23) = 0.6 0.55 0.28
Med - High t(42) = 1.2 0.24 0.38
Low - High t(31) = 1.5 0.15 0.64

Task 1 - Task 2 t(111)= -10.8 < .001 2.0
Task 2 - Task 3 t(105)= -5.0 < .001 2.8
Task 1 - Task 3 t(112)=-14.8 < .001 1.0

Figure 3: Response time versus ID score.

and the target width. The point shapes and colors differentiate the
self-rated skill groups for each user: low, medium and high. From
the figure, there is a visual upward trend, left to right, in that as
ID scores increase so does response time, confirming Fitts’ law [4].
There is considerable variation, however, in that response times
vary even for the same ID score. This is to be expected given the
natural variation in reaction times, demonstrated above. Visually, it
is difficult to discern differences in response times for the different
skills groups.

Since Fitts’ law states there is a linear relationship between
response time and ID, we do a linear regression for each skill group.
Table 6 shows the line fit slope, y-intercept, and R2. The first three
rows are for each self-rated skill group and the last row is for the
combined dataset. From the table, Fitts’ law explains about 12%



Figure 4: Average response time for dexterity task.

of the variation in response time overall, about 10% for low- and
medium self-rated skill players and up to 20% for high self-rated
skill players.

Table 6: Linear regression for dexterity task.

Skill Slope Y Intercept R2

Low 0.07 0.62 0.10
Medium 0.08 0.62 0.08
High 0.11 0.38 0.20
All 0.08 0.49 0.12

Figure 4 depicts response time versus skill for the dexterity task.
The x-axis is the self-rated skill and the y-axis is the response time.
Each data point is the average response time for all users in that
category shown with a 90% confidence interval. From the figure,
there is a visual downward trend in mean response time as skill
group increases. However, there is some overlap in the confidence
intervals.

A between-subjects ANOVA test (0.1 significance) for the 3 skill
groups shows a significant effect of self-rated gamer skill on re-
sponse time for the dexterity task (F(2, 83) = 3.39, p = 0.038). Post-hoc
t test results (α = 0.1) are shown in Table 7. From the Table, the
low-skill group is not statistically different than either medium or
high, owing to the large variance and fewer users in this group,
but the difference in skill group medium to high is significant even
using a Bonferroni correction. The effect sizes are moderate.

Table 7: T test for dexterity task.

Comparison t-Statistic p value d
Low - Med. t(26) = -0.62 0.268 0.231
Med. - High t(77) = 2.57 0.006 0.582
Low - High t(63) = 0.92 0.180 0.407

5 CONCLUSION
This paper presents results from two users studies evaluating the
reaction times versus self-rated gamer skill along two dimensions:
decision complexity, in the form of 1, 2 and 3 choices, and dexterity,
in the form of targets of varying sizes and distance as in Fitts’ law.
Analysis of results from over 150 participants shows small effects of
self-rated gamer skill on reaction time, but moderate effects on task
decision complexity for 1, 2 and 3 choices and dexterity in selecting
targets of varying distance and size.

Future work includes exploring more axes for decision complex-
ity, as is the case for many games. Gamer skill can also be assessed
through multiple questions, differentiating skills for different types
of games (e.g., fast-paced vs. strategy) and correlated with response
time. Users studies could also include a wider range of demograph-
ics (e.g., age) to more broadly apply to the gamer population at
large. Future work could also analyze why the observed relation-
ships between self-rated gamer skill and response times occur.
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