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ABSTRACT

With two studies, we assess how different walking trajectories
(straight line, circular, and infinity) and speeds (2 km/h, 4 km/h,
and 6 km/h) influence the accuracy and response time of participants
reading micro visualizations on a smartwatch. We showed our par-
ticipants common watch face micro visualizations including date,
time, weather information, and four complications showing progress
charts of fitness data. Our findings suggest that while walking tra-
jectories did not significantly affect reading performance, overall
walking activity, especially at high speeds, hurt reading accuracy and,
to some extent, response time. Supplemental material is available
at: https://osf.io/u78s6/.

Index Terms: micro and mobile visualization, smartwatch

1 INTRODUCTION

Smartwatches are wearable devices which people often use during
activities that require them to be mobile. For example, smartwatches
can keep athletes up-to-date about their performance, health, and
well-being during a run. During leisurely walks, they can also pro-
vide other contextual information (e. g., weather and location data).
Yet, it is unclear to which extent wearers moving around impacts
reading micro visualizations of data on their smartwatch—and to
which extent their movement characteristics, such as their speed or
trajectory, matter. Answers to these questions are important because
previous studies conducted in the real world [13, 28] showed that,
after checking the time, the main interactions with smartwatches
consisted of inspecting notifications and using workout applications.
Moreover, people engaged more with the device when physically ac-
tive [13]. Given prior work on the challenges of reading smartphones
while walking [23, 30] we also expect challenges to exist for reading
data from smartwatches on-the-go. Most of the previous lab studies
exploring micro visualizations on smartwatches do not help to un-
derstand in which way performance may be impacted. These studies
were conducted in stationary settings while sitting on a chair and
with a fixed device: the smartwatch was attached to a stand [4, 5],
or worn on a non-moving arm [24, 26]. We complement this prior
work by assessing to which extent a walking activity causing motion
can impact the accuracy and response time of participants reading
micro visualizations on a smartwatch. We conducted two studies
to evaluate reading performance, task difficulty, and mental effort
under three walking trajectories (Study 1), three walking speeds, and
a sitting and standing baseline (Study 2). In general, we found that
walking speeds had a greater impact on reading performance than
walking trajectories. However, coordinating the reading task while
following trajectory paths was more mentally demanding.
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2 RELATED WORK

We review prior work that explored micro visualization reading on
mobile devices while sedentary and in motion.

2.1 Micro Visualizations on Smartwatches
Previous research in the visualization community contributed novel
and space-efficient techniques to display complex micro visual-
izations, including large time series [7], multiple interlinked time
series [24], and line charts with compressed axes [26]. Others have
looked at people’s ability to interpret simple micro visualizations
(e. g., donut charts, bar charts [4, 5, 14]) and other conventional
micro visualization techniques (e. g., hypnograms to represent sleep
data [17], and Time Spirals [31] to self-track back pain) when scaled
down to accommodate the small screen of a smartwatch. This past
work has explored several avenues for using micro visualizations on
small screens: using simple, low-dimensional visualizations [4, 5],
creating techniques to adapt visualizations to the small screen [26],
or asking participants which visualizations they would prefer on the
small screen [17]. Other prior work explored extending the display
space to smartwatch straps [19] for the display of data including line
charts and maps. However, most previous studies exploring micro
visualizations on wrist-worn devices were conducted in stationary
conditions. Reducing mobility when studying micro visualization
reading on smartwatches helps control the viewing distance and
angle variability. Nevertheless, it does not reflect realistic micro
visualization reading conditions.

2.2 Micro Visualization and Text Reading on-the-go
Mobile devices have changed how individuals can consume and in-
teract with information on-the-go. This has opened up new research
to study dual-task performance [6, 10, 20] to assess the interdepen-
dence between a primary engaging task and a secondary task. For
instance, when a pedestrian has to handle multiple tasks simultane-
ously (e. g., reading a notification while walking), their cognitive
abilities can be divided, causing one task to take precedence over the
other. As a result, a decline in attention and performance can occur,
increasing the probability of accidents [6, 10, 15]. Prior work exam-
ined reading [23, 30] and texting [1, 20, 27] on a mobile phone while
walking. The findings of these previous works suggest a decrease in
performance, more workload, and a change in walking style, mainly
in terms of gait speed reduction. Other studies investigated interact-
ing with a smartwatch [21, 25, 32] while moving. By comparing
walking and sedentary conditions, the authors found that dual-task
walking affected the effectiveness of the interaction [21, 32], as
well as the walking style [21]. Schiewe et al. [29] evaluated two
micro visualizations and textual feedback on a smartwatch to guide
runners doing forefoot training on a treadmill. The two visualiza-
tions showed both feet’ heel and forefoot strikes as red and white
horizontal bars, and participants received these visualizations well.
However, the authors did not report on the effect of movement on
reading the visualizations on the smartwatch. We emphasize focus-
ing on motion scenarios with relevant movement between viewers
and micro visualizations. We do not discuss scenarios in which
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Figure 1: Examples of three watch-face stimuli showing the three
radial progress charts: calories burned (cb), step count (sc), and
distance walked (dw). The visualized progress percentage on each
stimulus are: cb: 75%, dw: 70%, sc: 65% (left), sc: 65%, dw: 60%,
cb: 55% (middle), and dw: 50%, cb: 45%, sc: 40% (right).

viewers and micro visualizations move together without relative
movements (e. g., a car driver reading a fixed heads-up display [22]).
In summary, research on the impact of motion on reading micro
visualizations from a smartwatch is still limited, a gap we start to
address with our current work.

3 READING MICRO VISUALIZATIONS IN MOTION

We conducted two studies to assess how motion affects the reading
performance of viewers with micro visualizations while walking.
We varied the walking trajectories in Study 1 and the walking speed
in Study 2 to address the following research questions:
RQ1. What is the influence of motion on the reading performance
of micro visualizations on a smartwatch while walking?
RQ2. What is the influence of different walking speeds and trajecto-
ries on the mental and physical load of the performed task?

3.1 Task and Stimulus
In this section, we describe our design choices for the displayed
micro visualizations and the reading task.

3.1.1 Visualization Design Choices

A watch face is the primary interface displayed on a smartwatch
when activated. Typically, it shows about five complications1 in-
cluding a collection of glanceable information [18]. We designed a
watch-face stimulus showing the date, time, and weather information
at the top and a set of fitness complications at the center and bottom
of the screen (Figure 1). Rectilinear and radial progress charts (e. g.,
line and donut charts) are commonly used visual representations on
watch faces [5] with radial representations being the most dominant.
They often depict fitness data such as calories, distance, heart rate,
and steps. Instead of showing exact quantities, radial representations
are used to show progress toward a goal. Consequently, we chose
radial and continuous progress charts to represent four fitness data.
We displayed heart rate information as a curved line progress chart.
Its color depicts the Heart Rate Zone (HRZ) information (light blue:
low, orange: moderate, red: high HRZ). At the center of the screen,
we placed three radial progress charts with three distinct colors:
calories burned, step count, and distance walked. The unfilled
part of the bar was colored in gray. Inside each chart, we displayed
text showing the current progress and target values. The values
described a low to average activity level (i. e., 6,000 steps/day).

3.1.2 Task Design

Previous studies [2, 8] showed that people are interested in esti-
mating the progress towards a goal when tracking their fitness data
on-the-go. Therefore, our task asked: which fitness data has the
highest progress towards a goal, and how much is this progress in
percent? Specifically, we asked participants to compare the propor-
tions of the three fitness data radial charts, indicate the fitness data

1In horology, a complication is any graphical element presented on the
watch face besides the time.

Table 1: Participants’ demographic data for the two studies.

Study Age in years Height in cm Arm-length in cm
Study 1 M=28.4, SD=4.5 M=172.5, SD=9.4 M=54.7, SD=4
Study 2 M=26.8, SD=4.7 M=176.4, SD=10.7 M=55.4, SD=4.6

Figure 2: Illustrations of the 3 trajectories participants walked in
Study 1, from left to right: line, circular, and infinity trajectory.

with the highest progress percentage, and estimate the percentage of
the radial chart with the highest progress. We created nine distinct
stimuli. Each three of them always showed one fitness data as the
one with the highest progress of the three radial charts (Figure 1).
All the proportion percentages we chose for our stimuli were mul-
tiples of 5. The difference between the radial progress chart with
the highest progress and the two other radial progress charts was
always 5% and 10%. We used the same stimuli in both studies, but
we randomized their order between conditions.

3.2 Apparatus
The studies were conducted in two different labs. The first had a
walking space of 3×5 m. In the second, we used a Christopeit Sport
TM2 Pro treadmill. We displayed the stimuli on a Fossil Gen 6
smartwatch with a screen size of 44 mm and a resolution of 326 ppi.

3.3 Participants
We recruited 18 participants: 4 women and 14 men in Study 1, and
24 participants: 9 women and 15 men in Study 2; for details see
Table 1. Eight participants from Study 1 and twelve from Study 2
reported that they owned a smartwatch or fitness band. Four and
seven participants, respectively, from Studies 1 and 2 used the device
on a daily basis. All participants were right-handed and apart from
one participant in Study 1, all reported wearing watches on their
left wrist. All participants confirmed that they had good eyesight,
including 10 in Study 1 and 8 in Study 2 who were wearing glasses.

3.4 Study Procedure and Design
After signing the consent form, we explained the study task to
the participants. Then, we tested their ability to read radial chart
proportions, which all participants did correctly. In each study,
participants performed all conditions and started with a training
phase. The order of execution of the conditions was counterbalanced.
Participants were shown 9 stimuli per condition, each for 12 s max.

3.5 Three Trajectories Conditions
For Study 1, we designed three walking trajectories (Figure 2) to
mimic different real-world walking situations.

Line Trajectory. One-way straight trajectory, with known start
and end points. Participants took nine laps, one lap per stimulus.

Circular Trajectory. A continuous and oval-shaped trajectory.
Infinity Trajectory. Participants walked continuously around

three cones, creating an infinity-like trajectory.

During the line trajectory condition, the walked distance was
quite short. Therefore, we asked participants to press the smartwatch
screen at the beginning of each lap to trigger the display of the visu-
alization and ensure that participants read the micro visualizations
while walking. In contrast, for both the circular and the in-
finity trajectories, participants pressed the screen of the smartwatch
only once at the beginning when they started walking. Every 12 s,
a new visualization was displayed on the screen, and participants



were notified with a vibration from the smartwatch to look at the
stimulus. We did not prompt participants to perform the task as fast
as possible. However, they were informed about the 12 s delay.

3.6 Walking Speed and Sedentary Conditions
In Study 2, we tested the following three speeds on the treadmill.

2 Slow Walking Pace. In the first study, participants walked at a
speed of 2.5 km/h on average. Therefore, we set the slow walking
speed on the treadmill to 2 km/h to simulate a slow walking pace.

42 Fast Walking Pace. We operated the treadmill with a speed of
4 km/h, to simulate a fast walking pace.

6 Slow Jogging Pace. We set a jogging speed of 6 km/h to investi-
gate a moderately accelerated condition.
Sedentary Conditions. Participants also performed the reading task
while sitting on a regular chair and while standing.

3.7 Measurements
We recorded participants’ spoken answers on video and in a separate
spreadsheet to avoid interrupting their movement. In addition, we
collected response time and subjective measurements.
Reading Accuracy. We analyzed the correctness of the answers
about the fitness data with the highest progress (fitness data compar-
ison accuracy). For all correct answers, we analyzed the difference
between the provided and the correct percentages (proportion esti-
mation accuracy).
Response Time. We measured the time participants took to ver-
balize their response for each stimulus when their arm was in a
stable reading position. We extracted this information with a video
annotation tool. In Study 2, we only analyzed 70% of the videos
because some of the video records were missing some or all trials.
Subjective Measurements. For each condition, participants used a
7-point Likert scale to rate the task difficulty (1: not at all difficult,
7: very difficult), their confidence with their answers (1: not at all
confident, 7: very confident), and the mental and physical load of
the task (1: not at all demanding, 7: very demanding).

4 RESULTS AND DISCUSSION

We report sample means of the reading performance for 486 trials
from Study 1 and 1080 trials from Study 2 using 95% confidence in-
terval (CI) estimation [3, 9, 11, 12] using BCa bootstrapping (10,000
bootstrap iterations). In addition, we report the differences between
means to compare the three conditions. We adjusted the CIs of
mean differences for multiple comparisons using Bonferroni cor-
rections [16] to ensure consistency between the two studies. When
reading a CI of mean differences, a non-overlap of the CIs with 0 is
evidence of a difference. In this section, we reflect on the key find-
ings from the results of the two studies with respect to our research
questions and present takeaway messages.

4.1 RQ1: The Influence of Motion on Reading Perfor-
mance

We compare reading performance within the two studies’ walking
conditions, as well as between walking and sedentary conditions in
Study 2 to assess the influence of multitasking and movement on
reading micro visualizations.
Response Time. Our two studies resulted in different average re-
sponse times: 5.5-6 s in Study 1 (Table 2) and around 2–2.5 s in
Study 2 (Table 3). In Study 1, participants had to coordinate the
reading activity and the navigation tasks, which likely resulted in the
longer response times. The mean difference results in Study 2 show
weak evidence that response time with the 2km/h condition was
longer than the 42 km/h and 6km/h conditions, as well as while
standing. The results also show some trends indicating that response
time may be shorter with the 6km/h condition compared to
sitting, and while sitting compared to the 2km/h condition. The

Table 2: Means of the reading performance measurements for
Study 1: response time (Row 1), fitness data comparison accu-
racy (Row 2), proportion estimation accuracy (Row 3). Error bars
represent 95% Bootstrap confidence intervals (CIs).

line trajectory, circular trajectory, infinity trajectory

Response Time – in seconds: Study 1

4 5 6 7 8

5.96, [5.07,7.42]

5.50 [4.89,6.07]

5.46 [4.99,5.93]

Means with CIs

Fitness Data Comparison Accuracy – in percent: Study 1

  50%   60%  70%  80%  90%  100%

96.3 [88.9,98.8]

94.4 [91.4,96.3]

93.8 [90.1,96.3]

Means with CIs

Proportion Estimation Accuracy – in percent: Study 1

  50%   60%  70%  80%  90%  100%

74.7 [64.2,81.5]

71.6 [63.0,79.0]

70.4 [61.1,79.0]

Means with CIs

analysis of pairwise differences in Study 1 showed no evidence of a
difference between the conditions (see table in the appendix).
Reading Accuracy. Participants’ answers about the fitness data
with the highest progress were on average 94.8% accurate with the
three trajectories (Study 1, Table 2), 94.7% with the three walking
speeds, and 97% with the sedentary conditions (Study 2, Table 3).
Participants also read the percentages on average with a correctness
of 72.2% in Study 1, 78.2% with the three walking speeds, and
82.2% with the sedentary conditions. The analysis of pairwise dif-
ferences in Study 1 showed no evidence of a difference between the
conditions (see table in the appendix). In general, participants’ an-
swers in Study 2 were more accurate with the standing condition
compared to the three walking speeds, in particular the 6km/h con-
dition. Interestingly, the results show trends between the sedentary
conditions, indicating that reading accuracy might be higher while

standing than while sitting. For the proportion estimation
answers, pairwise differences show weak evidence that participants
were less accurate with the 6km/h condition in comparison to
standing. In addition, the results show trends that the proportion
reading was more accurate with the 2km/h walking speed and
while sitting compared to the 6km/h condition (Table 3).
Ultimately, our reading performance measurements show that partic-
ipants made a trade-off between reading accurately and responding
in a reasonable amount of time—that does not overly distract them
from the primary task—while walking at different speeds.

4.2 RQ2: The Influence of Motion on Task Load
We report on participants’ subjective evaluation (see supplemental
material for more details).
Confidence in Provided Answers. Participants were fairly confi-
dent with their responses while walking the three trajectories (me-
dian: 5/7). Likewise, their confidence was also high with all the
conditions of Study 2 (median: 6/7) except for the 6km/h condition,
which was rated with a median of 5/7.
Task Difficulty. Participants found the reading task with the cir-
cular trajectory easier (median: 3/7) than the two other conditions
(median: 3.5 and 4/7). This result is echoed in some of their com-
ments: “It was easier to read data while walking in long continuous
circles than short straight lines.” Another participant mentioned:

“There were less obstacles and I knew I had to walk in the same
circular trajectory [...] it took less effort to read the data and com-



Table 3: Means (top) and pairwise differences (bottom) of the read-
ing performance measurements for Study 2: response time (Row 1),
fitness data comparison accuracy (Row 2), proportion estimation
accuracy (Row 3). Error bars represent 95% Bootstrap confidence
intervals (CIs) in black, adjusted for ten pairwise comparisons with
Bonferroni correction (in red).

Standing, Sitting, 2km/h, 42 km/h, 6km/h.

Response Time – in seconds: Study 2

0 1 2 3 4
6
42
2

2.09 [1.89, 2.49]
1.97 [1.81, 2.14]
2.51 [2.03,3.79]
1.96 [1.82, 2.15]
1.88 [1.71, 2.09]

Means with CIs

−4 −2 0 2 4

−
− 2
− 42
− 6
− 2
− 42
−
−
−
−

2 42
2 6

6

642

0.12 [-0.08, 0.49]
-0.42 [-2.67, 0.04]
0.13 [-0.07, 0.43]
0.21 [-0.03, 0.89]

-0.54 [-2.67,-0.05]
0.01 [-0.13, 0.14]
0.09 [-0.24, 0.35]
0.55 [0.04, 2.75]
0.63 [0.03, 2.90]
0.08 [-0.18, 0.40]

Pairwise differences with CIs

Fitness Data Comparison Accuracy – in percentage: Study 2

50% 60% 70% 80% 90% 100%
6
42
2

95.4 [89.8, 97.7]
98.6 [95.8, 99.5]
95.8 [91.2, 98.1]
94.9 [89.4, 97.2]
93.5 [88.9, 95.8]

Means with CIs

−20 −10 0 10 20

−
− 2
− 42
− 6
− 2
− 42
−
−
−
−

2 42
2 6

6

642

-3.2 [-9.3, 0.0]
-0.5 [-5.8, 4.2]
0.5 [-3.7, 4.2]
1.9 [-2.8, 6.5]
2.8 [0.5, 6.0]
3.7 [0.0, 8.8]
5.1 [1.9, 9.3]
0.9 [-4.4, 5.6]
2.3 [-1.9, 6.0]
1.4 [-3.2, 5.1]

Pairwise differences with CIs

Proportion Estimation Accuracy – in percentage: Study 2

50% 60% 70% 80% 90% 100%
6
42
2

80.6 [74.1, 85.2]
83.8 [77.3, 88.4]
81.0 [74.5, 85.6]
79.2 [73.1, 83.8]
74.5 [68.1, 79.6]

Means with CIs

−20 −10 0 10 20

−
− 2
− 42
− 6
− 2
− 42
−
−
−
−

2 42
2 6

6

642

-3.2 [-9.3, 2.3]
-0.5 [-7.9, 5.1]
1.4 [-6.9, 8.8]
6.0 [0.9, 14.8]
2.8 [-5.1, 8.8]
4.6 [-4.2, 11.6]
9.3 [0.9, 18.1]
1.9 [-6.5, 6.9]
6.5 [-1.4, 15.3]
4.6 [-4.2, 12.5]

Pairwise differences with CIs

pare and answer.” In Study 2, participants found the reading task
easy (median: 2/7) but slightly more challenging with the 6 km/h
condition (median: 3/7). The task difficulty was rated as very easy
while sitting and standing.
Mental and Physical Load. In Study 1, participants found that
the task was more mentally (median: 3.5 and 4/7) than physically
demanding with a median of 1/7 for the line trajectory and a
median of 2/7 for the circular and the infinity trajectories.
One participant mentioned this when reporting about the infinity
trajectory: “The task is not really more challenging or difficult but a

little more mentally demanding [...] I’m also thinking about where I
will be going at the same time.” This confirms again that synchro-
nizing the reading and navigation tasks in the first study required
more attention from participants. In contrast, in Study 2, participants
did not find the task mentally demanding (median: 2/7). However,
the 6 km/h condition was rated more physically demanding (me-
dian: 3/7) than the other conditions, with a median of 2/7 for the
42 km/h condition and a median of 1/7 for the other conditions.

4.3 Detail Level of the shown Information
In Study 1, some participants mentioned that reading data with this
level of precision did not seem a natural task to them: “in real life,
I don’t even think that I’ll read the real value, only intuition about
if I’m near the goal or not.” In Study 2, we, therefore, gathered
additional information from the 12 participants who reported owning
a smartwatch or a fitness band. With a multiple-choice question,
we asked them to select all the possible options corresponding to
the detail level of information they are interested in reading from
their devices. We obtained 27 answers, including 17 answers in
favor of overviews: 9 “getting an overview of the displayed data,”
6 “looking for an approximate value” (e. g., achieved more than half
of a target goal), and 2 “checking data trends.” The remaining 10
answers were about checking details: 6 “reading detailed values”
and 4 “comparing multiple values.” Even though the majority of
the answers were about checking overviews, micro visualizations
on smartwatches have their place to convey information at a holistic
yet detailed scale—that can be read on demand if necessary. As
such, it will be important to tease out how different kinds of reading,
search, and identification tasks influence the correctness of reading
visualizations while walking. In general, we found that participants
made fewer mistakes when reading percentages at the quarters of
the radial progress chart (i. e., 50%, 75%, and 25%). In contrast,
the further the percentages were from the radial progress chart’s
quarters, the more error-prone participants were (see supplemental
material). Accordingly, some participants suggested adding tick
marks on the radial bar chart to facilitate the percentage estimation.

5 DISCUSSION AND CONCLUSION

Reading micro visualizations on smartwatches can be a challenging
task, especially when reading details (e. g., proportion estimation of
micro visualizations). We found that performing the reading task
in motion created additional challenges, such as increased mental
load when coordinated with a navigation task or the instability of the
watch due to body oscillation from high-speed motion. Our results
showed that walking negatively impacted reading performance in
general. However, people could read data relatively accurately while
walking different trajectories and speeds of up to 6 km/h. This is
good news, as it means that fitness data on smartwatches, similar
to ours, can be read effectively on the go. Yet, now that we know
that walking has an impact, several other research questions have
opened up. First, it would be interesting to compare our results to
other types of activities with continuous long-term movement. These
activities could be similar but with more demanding primary tasks
that require watching the ground closely or navigating in an unknown
terrain such as cross-country running or downhill biking. In addition,
more work is needed to test how changes in the representation can
improve reading accuracy; for example, through changes in contrast,
visualization size, or visualization type. Solving these questions has
concrete implementation opportunities for watch faces that change
based on the types of detected movement a wearer engages in or
the environment in which they conduct their activity. We encourage
future research on effective micro visualizations for sports activities.
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REFERENCES

[1] V. Agostini, F. Fermo, G. Massazza, and M. Knaflitz. Does texting
while walking really affect gait in young adults? Journal of Neuro-
Engineering and Rehabilitation, 12:1–10, 2015. doi: 10.1186/s12984
-015-0079-4 1

[2] F. Amini, K. Hasan, A. Bunt, and P. Irani. Data representations for
in-situ exploration of health and fitness data. In Proceedings of the EAI
International Conference on Pervasive Computing Technologies for
Healthcare, pp. 163–172. Association for Computing Machinery, New
York, 2017. doi: 10.1145/3154862.3154879 2
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