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Running in Extended Reality: an In-depth Study of

the Effect of Speed
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Abstract—We explore how running speed affects target se-
lection in immersive environments. Through a Fitts’ tapping
task, we investigate direct touch selections while participants are
standing or running (at speeds up to 9 km/h). We conduct a multi-
faceted controlled study (n=22) to understand the effect of speed,
pointing phase, and foot-strike on selection performance. We find
that speed dramatically increases movement time, error rate,
perceived exertion, and task load. The increased movement time
is driven by the correction phase, which doubles in duration at 9
km/h, while the ballistic phase remains stable. Our exploratory
analysis further reveals that a higher cadence reduces the error
rate at lower speeds (4.5 km/h), while this effect disappears at
higher speeds (9 km/h), as participants’ motor control in target
selection is significantly disrupted by the movement oscillations.
As the selection error rate quickly exceeds 30% when speed
increases, even with accurate, fast external tracking, we argue
that direct touch interaction is likely inappropriate for running.
Further efforts are needed to facilitate selection interaction at
higher running speeds.

Index Terms—Running, Extended Reality, Fitts’ Law, Interac-
tion in Motion, Target Selection

I. INTRODUCTION

THERE is a vision of future data-driven sports being sup-
ported by immersive, lightweight, heads-up displays [1].

These devices1,2 might enable athletes to examine their perfor-
mance data in real-time, respond to messages, navigate routes,
and more. But how should users interact with these devices?
How should they navigate between data fields and select key
points of interest on maps?

Today’s interactions in data-driven sports take place pri-
marily on sports watches and smartphones [1]–[3]. Watches,
traditionally, have offered limited interactions, allowing inputs
to be reduced to a small number of button presses or swipes.
These interactions, however, can easily alter the arm motions
of a given sport and, thus, interrupt flow. Smartphones, con-
versely, offer much richer interactions, but also require finer
inputs. The visual attention and relative precision required
cause athletes to slow down or stop to interact [4]. The move to
Extended Reality (XR) displays can offer larger screen space
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and richer details, but does not easily support direct, on-device
interaction. So, how should we interact?

In this context, the options include pointing, gestures, gaze,
voice, controllers, or any combination. Conceptually, these
approaches all have strengths and weaknesses. Voice control
is quickly becoming more powerful through AI, but remains
socially awkward [5], and could be interrupted under (breath-
less) exertion [6]. Controllers might support specific input,
but require additional devices, which reduces the inherent
benefits of the lightweight glasses [7]. Gestures do not require
accuracy or, necessarily, spatial relevance, but they are abstract
and do not easily support specific, detailed input [8]. Gaze
interaction can be simple and direct, but is inherently a dual-
task [9], necessary for both maintaining spatial awareness and
any input. These trade-offs become particularly salient during
running: runners may need to dismiss an alert, change a data
field, select a location on a route, or mark an event without
wanting to stop or slow down [4]. For this reason, pointing has
emerged as an early contender (e.g., [10]–[12]) – it is simple,
direct, specific, and well-understood in interaction design.

Fitts’ law is a predictive model used to estimate how quickly
and accurately a person can move to and select a target
on a graphical user interface, depending mainly on factors
like the size of and the distance between targets [12], [13].
While Fitts’ law has been extensively studied in XR, most
of the existing studies have focused on stationary or seated
contexts [12]. A few studies have investigated Fitts’ law in mo-
bile scenarios [14]–[18]. Collectively, these works demonstrate
the feasibility of pointing under locomotion, but report that
movement degrades selection performance. However, all of
these works explored only low-intensity movement scenarios
up to a walking speed. To our knowledge, there is no research
investigating Fitts’ law in more intense movement scenarios,
such as running, where body oscillations and gait instability
are stronger and may fundamentally change selection dy-
namics [16]. Moreover, prior research has reported outcomes
related to Fitts’ law, such as movement (MT) and error rate
(ER), but lacked contributions towards the understanding of
the mechanism that accounts for the reported performance
degradation [12]. Besides, not all of these previous studies
followed the ISO-9421:411 standard [19] for evaluating the
tapping task, making cross-comparison with prior results chal-
lenging [14], [15]. Prior studies were also limited in terms of
tracking methods, as movement was tracked only through the
headset [15]–[18], whose tracking capabilities and accuracy

https://engoeyewear.com/
https://www.activelook.net/


IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 14, NO. 8, AUGUST 2021 2

2.25
4
15

2.58
3

15

3.09
2

15

3.22
3
25

3.29
4

35

3.66
3

35

3.75
2

25

4.21
2

35

Index of Difficulty
Target Size (cm)

Target Distance (cm)

0 km/h 4.5 km/h 9 km/h

Fig. 1. We conduct a Fitts’ law study with direct virtual touch tasks while participants are running or standing on a treadmill at different speeds. We capture
participants’ fingertip and foot positions precisely with a Vicon motion tracking system, allowing us to study the effect of speed on selection performance
in XR in depth. The right-hand side shows the distribution of the final selection points on the targets by index of difficulty. With a higher running speed,
participants’ selections tend to have a greater dispersion, treating the targets as larger than they actually are.

are not necessarily on par with reference tracking systems,
which means that the results might be confounded by tracking
issues.

Addressing these gaps, we present a controlled study of
direct hand selection in XR, guided by ISO-9241:411 [19],
exploring the effect of movement across movement scenarios
such as standing still and running (4.5 and 9 km/h). We use
a high-precision external motion capture system from Vicon
to mitigate the limitations of headset tracking, establishing a
‘ground truth’ for future XR interaction research on interaction
during movement. We not only report on canonical Fitts’
law measures such as MT and ER for comparability [12],
[19], but also conduct further analysis on selection movement,
cadence, and foot strike to explain the observed performance
degradation.

Our results show that higher running speeds negatively im-
pact selection time and throughput, and substantially increase
errors, with the error rate exceeding 30% at 9 km/h. Endpoint
dispersion along the task axis also grows correspondingly,
which drives the effective index of difficulty downward despite
greater perceived difficulty. Rather than affecting the initial
reaching movement to the target, the added time cost is most
visible in the attempts to refine and correct the selection
(roughly doubling at 9 km/h). Cadence interacts with these
effects: at walking speed, higher cadence reduces errors, but
the benefit diminishes at higher running speeds. We summarise
our contributions as follows:

• We present results for the first Fitts’ law study at true
running speeds with precise motion tracking, which helps
understand the effect of movement and establishes a
‘ground truth’, based on which we argue that direct
touching is inappropriate for running.

• We provide a better understanding of the reason behind
the observed performance drop via further analysis of
selection movement, cadence, and foot strike status. Our
findings suggest that the source of instability is due
to the increased oscillation at higher running speeds,
overpowering natural motor control.

Together, these results extend Fitts’ law to more intense

movement and provide further insights for designing interac-
tion with XR headsets in motion.

II. RELATED WORK

A. XR Interaction in Motion

The advancement of immersive technologies has brought
rich affordances for people to interact with a virtual envi-
ronment [20], [21]. Examples include using controllers [11],
hands [22], feet [23], the head [24], or gaze [25], [26] for target
acquisition and selection. While all of these interactions re-
quire the user to partially move their body parts, the main body
remains relatively static during interaction [4]. Prior research
on interaction during movement has investigated XR for in-
situ use in scenarios such as sports and exertion, ranging from
cycling [26], [27], tennis [28], skiing [29], [30], basketball
training [31], indoor workouts [32], and fast walking [1], [33]–
[35]. While users benefited from the in-situ feedback, much
of this research body did not focus on interaction techniques.

Prior research investigated interaction scenarios where users
are in motion. For example, walk- or jog-in-place methods
in VR have been studied as input to control navigation and
steering [33], [36], [37]. Müller et al. [38] supported target se-
lection by having the user walk on the corresponding projected
lanes, which represented different selection options. Sedighi et
al. [39] compared the effect of using smart glasses, a smart-
phone, and a paper notebook on gait variability. Participants
were asked to perform different cognitive tasks while walking
on a treadmill. Results showed that smart glasses had more
negative impacts on stability and gait variability. Lu et al. [24]
compared the effect of head- and eye-based gaze selection
against eye-based dwell selection on participants’ capability
to keep pace with a virtual avatar at a walking speed while
performing discretionary and monitoring tasks. While the
interaction techniques did not differ in walking performance,
head- and eye-glance supported faster information acquisition.
In another study, voice-based interaction was proposed for
drafting emails while walking with a pair of AR glasses [40].
Lu et al. [15] observed that walking speed has a significant
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influence on ray-casting selection performance in VR. As users
walked faster on a treadmill, their selection errors and time
increased, while the ease of selecting dropped. Selection times
also changed with speed; higher speeds tended to prolong the
time taken for precise target selections. The authors also found
that smaller and farther targets were disproportionately harder
to acquire while moving, reflecting reduced stability and preci-
sion under motion [15]. Li et al. [16] conducted a study in AR,
varying user motion from standing to walking, fast walking at
a speed of 6 km/h, and jumping, and found a constant decline
in selection performance as motion intensity increased. In their
experiments, users selecting virtual targets while fast walking
or jumping had significantly longer selection times and higher
error rates than when stationary or walking at a mild pace, for
both direct touch and raycasting selection techniques. In Li et
al.’s fast walking and jumping conditions [16], participants’
degraded performance was accompanied by reports of greater
physical effort and difficulty in maintaining accuracy.

While a large body of research focused on interaction in
walking, only a few explored interaction for more intensive
locomotion scenarios, such as running. Gallo et al. [41]
compared head-gaze interaction, coupled with haptic and audio
feedback, against voice interaction, for navigational queries
during running activities, revealing user preferences over head-
gaze with haptic feedback. Li et al. [35] studied positioning
strategies of immersive visualisations, such as head- and
body-locked ones, as well as world-anchored embedded vi-
sualisations for interval running, altering speeds between 9
and 11 km/h. Results showed that body-locked and world-
anchored embedded visualisation achieved better performance
while reducing cognitive loads. Similarly, in another study,
viewpoint-independent objects were found to be easier for
selection while walking fast and jumping [16]. Our study
builds on some of the insights from the mentioned previous
research to position virtual targets in a world-anchored manner,
i.e., independent of the movement of the user, to achieve better
selection performance and lower cognitive costs.

B. Fitts’ Law in XR

Fitts’ Law is foundational in HCI for designing efficient
interaction techniques, predicting target selection time [12]. It
is commonly applied in the ’Shannon formulation’ [13]:

MovementTime (MT ) = a+ b× log2(A/W + 1),

where a and b are constants derived empirically via linear
regression, and A and W refer respectively to the movement
amplitude and the target size. The index of difficulty (ID) is
expressed through the logarithmic term log2(A/W +1), indi-
cating the task difficulty. Based on Fitts’ Law, the International
Standard ISO 9241-411 [19] was designed to guide the evalua-
tion of the interaction efficiency of new interactive systems. In
a nutshell, the ISO definition of a Fitts’ study requires partic-
ipants to select sequentially numbered spherical targets across
a circle, representing UI elements. The targets are equally
spaced so that the movement amplitudes are equal to the
diameter of the circle. The target for selection is highlighted,
and a session starts after the participant points to the topmost

target and ends when the sequence is completed (back) at
the topmost target. The test is conducted in repetitions with a
range of difficulties, varying, e.g., the size of and the distance
between the targets. The ISO standard [19] also introduces
the use of effective measures: effective movement amplitude
(Ae) and effective target width (We). We is derived from the
standard deviation of the distance between the target centre
and the selection position (SDx), with a multiplicative factor
of 4.133. Together, Ae and We adjust the task’s difficulty
based on the user’s demonstrated skill, reflecting the user’s
true performance. The adjusted difficulty is referred to as the
effective index of difficulty (IDe), which can be computed via:

IDe = log2(Ae/We + 1).

Finally, the standard defines throughput (TPe ) based on the
effective measures as:

TPe = IDe/MT

In XR, Fitts’ Law has been primarily examined in station-
ary environments [10], [12], [22], [42]–[46]. Prior research
identified discrepancies in user performance between real and
virtual environments, particularly highlighting limitations in
VR and AR due to factors such as visual fidelity, the absence
of tactile feedback, and the vergence-accommodation conflict
[10], [22], [42], [43], [45]. Correspondingly, ample research
has proposed methods to improve selection efficiency, such
as expanding the size of the target upon movement towards
it [44], [47], and filtering on the spatial referencing frame [48].
A recent systematic review of 119 publications synthesises
common practices and variability in 3D XR Fitts’ studies [12].
The synthesised studies had a median throughput around 3.25
bits/s for HMDs, MTs clustering near 0.5–2.0s, and ER around
0–20%. Most studies chose IDs between 2 and 4.5 bits, leav-
ing higher task difficulties relatively unexplored. Moreover,
virtual-hand (36%) and ray-casting (28.6%) techniques were
most commonly studied. That survey paper also points out
methodological inconsistencies in past studies, where reported
units for MT and precision of ID/TP are often non-uniform,
complicating cross-study comparison and sometimes produc-
ing misinterpreted regression slopes. Informed by this, we
adopted ISO-recommended effective measures and reported
units consistent with the recommendations from the survey
[12] to support comparability with prior research.

While most of Fitts’ law studies in XR were conducted
in static setups, we identified five key studies that are highly
relevant to our study, as summarised in Table I. We discuss
these studies in detail and distinguish our contribution clearly
below: Zhou et al. [14] examined the effects of walking
path curvature on selecting out-of-sight targets in Mixed
Reality (MR). They reported decreased selection accuracy with
walking and increased path curvature. Head-anchored refer-
ence negatively impacted the accuracy. Targets were selected
with grasping gestures, which could lead to the Heisenberg
effect [49]. Lu et al. [15] investigated how treadmill walking
speed affects controller ray-casting to world-fixed and body-
fixed targets in VR. They found that higher walking speed
increased MT and ER, disproportionately affected small and
far targets, and that the body-fixed content interacted more
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Study Interaction
Modality

Locomotion Pattern Tracking Method Environment ISO-9241
Task

Index of
Difficulty

Zhou et al. 2020
TVCG [14]

Eyes-free Direct
Hand Tapping

Walking (≈2.5 km/h) External mocap
(OptiTrack & VR
Gloves)

VR (Oculus Go) No N/A

Lu et al. 2022
IEEE VR [15]

Controller
Ray-casting

Walking (≈3, 4 and 5
km/h)

Headset VR (Meta Quest 2) No N/A

Li et al. 2024
IJHCS [16]

Direct Hand Tapping,
Hand Ray-casting

Static, Walking (3
km/h), Fast Walking (6
km/h), Jumping

Headset Optical AR/MR
(Microsoft Hololens
2)

Yes 2.58 to 3.73
bits

Li et al. 2025
CHI [17]

Direct Hand Tapping,
Hand Ray-casting

Walking
(participant-dependant
speed)

Headset Passthrough AR/MR
(Meta Quest 3)

Yes 0.46 to 1.17
bits

Shin et al. 2025
IJHCS [18]

Hand Ray-casting Walking (≈4.3 km/h) Headset Optical AR/MR
(Microsoft Hololens
2)

Yes 2.54 bits

Sünderkamp et
al. 2025
VRST [46]

Gaze + Pinch, Hand
Ray-casting, Virtual
Hand

Walking (≈2.74-2.88
km/h)

Headset Passthrough AR/MR
(Meta Quest Pro)

Yes 2.85 to 4.16
bits

Our work
reported here

Direct Hand
Tapping with
Controller
Confirmation

Static, Walking (4.5
km/h), Running (9
km/h)

External mocap
(Vicon Tracking)

Passthrough
AR/MR (Meta
Quest 3)

Yes 2.25 to 4.21
bits

TABLE I
COMPARISON OF PRIOR FITTS LAW STUDIES WITH OUR STUDY

strongly with motion than world-fixed content. The latter was
also confirmed in Li et al.’s study [16], where they evaluated
the effect of selection technique and spatial referencing frames
on selection efficiency when walking, fast walking, and jump-
ing. Moreover, the virtual hand technique was found to be less
time-consuming and more accurate than ray-casting. However,
in their study, the walking speed was set to 3 km/h, and
although they claimed their fast walking condition at 6 km/h
as running, it only qualifies as fast walking, as previous work
has identified the minimum transition speed from walking to
running to be 7.2 km/h [50], [51]. The superiority of the
virtual hand technique was also observed in Shin et al.’s
study [18], which explored ray-casting selection at walking
speed with a Fitts’ tapping task. They compared ray-casting
and clicking/dwelling with eye gaze, hand, and head, respec-
tively. Gaze was found to be more efficient during mobile
scenarios, while clicking was more efficient than dwelling.
Li et al. [17] quantified situational impairments by studying
walking with an encumbrance in MR while performing direct
selection, ray-casting, and text entry. They reported substantial
performance degradation during walking and additional losses
due to the encumbrance, with interaction effects amplifying the
costs. Sünderkamp et al. [46] studied various distant selection
methods using a Fitts’ tapping task while participants walked
outdoors. Their findings suggested gaze with pinch selections
worked better than raycasting and the virtual hand techniques.

In comparison to these key prior works, which studied the
effect of locomotion up to walking speed, we extended our
investigation to include a true running speed. Motivated by
results from Li et al.’s [16] and Shin et al.’s study [18], we
studied only direct hand tapping as it had been proven superior
in their context. In the direct hand tapping condition in Li et
al.’s studies [16], [17], a selection was made only when the se-
lecting finger touched a target [17] or the selection plane [16],
which may result in unintentional selections and skew the
recorded MT and ER. To avoid this, we asked our participants

to press a button on the controller to confirm a selection. In our
study, a controller was held in the participants’ non-pointing
hand to avoid the Heisenberg effect [15], [49]. Moreover, no
prior work explored the potential reasons that could explain
the degraded performance further, something that we aimed
to investigate through the use of a precise external tracking
system.

C. Pointing Movement Modelling

In 1899, Woodworth [52] modelled a rapid aimed movement
with two phases: ballistic and correction. The ballistic phase
corresponds to the initial impulse that propels a movement
towards a target, whereas the correction phase refers to the
perceptually controlled fine-tuning stage that corrects any
unintentional errors. There are two approaches to separate
the two submovements. The first approach was to identify
the moment in the movement trajectory where the target
surface was tangent to the selector as the boundary between
ballistic and correction phases [53]. However, this approach
does not reflect human motor control well [54]. Alternatively,
the velocity of the movement can be used as a parsing criterion
for movements. Meyer et al. [55] proposed detailed parsing cri-
teria for the two distinct submovements. First, the movement
trajectories were smoothed and differentiated as a function of
time. Then, the end of the primary submovement was labelled
as either a type 1, type 2, or type 3 submovement. Type 1
submovement refers to the returning movement to the target
after overshooting, which occurs when the velocity crosses
zero from positive to negative [55]. Type 2 submovement
refers to scenarios when an undershoot to the target happens,
in which the acceleration crosses zero from negative to pos-
itive [55]. Type 3 submovement refers to the situation when
the movement is slowing down towards the target, in which a
zero jerk is reached from positive to negative [55]. However,
these criteria were initially proposed for one-dimensional
movements and require adjustments to suit three-dimensional
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pointing [55], [56]. Nieuwenhuizen et al. [57] proposed an
extended set of parsing rules that separated a 3D pointing
movement into five phases. They introduced the latency and
verification phases to address the insignificant movements that
happen at the start and the end of a movement. After the
latency phase, the initiation phase was proposed before the
ballistic and correction phases would happen, to address the
start of the actual movement [57]. Liu et al. [56] proposed a
modification to Meyer’s original parsing criterion [55]. They
further studied the difference in target selection time between
the virtual and physical environments. Their results showed
that selection time in virtual environments was twice as slow
as in the physical environment – the duration of ballistic
movement in the virtual environment was nearly double that of
the physical, whereas the correction phase was six times longer
in the virtual environment than in the physical world [56]. A
more recent study by Deng et al. [54] inherited Liu et al.’s
modification [56] with a more generous criterion for the type
3 movement, which is identified once the acceleration was
negative and its absolute value became less than one tenth
of its maximum. They also further divided ballistic movement
into acceleration and deceleration phases [54]. In our research,
we took Deng’s parsing criteria to segment movements, but
collapsed acceleration and deceleration into the ballistic phase.

III. MOTIVATION AND HYPOTHESES

XR has been applied to various motion-intensive data vi-
sualisation scenarios. Still, these applications often focused
on the visual feedback, lacking support for interaction, which
could allow people to gain further insights about the data.
While pointing and selecting interactions have been well-
studied in XR with Fitts’ Law studies [12], only a few studies
have evaluated their efficiency in mobile scenarios [14]–[18],
[46]. Prior work reported that mobility harmed interaction,
especially with ray-based techniques [16] and head-anchored
content [14]–[16], [46]. However, not all prior studies [14],
[15] followed the Fitts’ tapping task methodology standardised
in ISO-9241 [19]. The studied movement intensity was up to
a fast walking speed (6 km/h in Li et al.’s research [16]).
Moreover, findings were primarily on the effect of speed
on selection performance, without further exploration of the
potential causes. Conversely, our study advances the literature
by (i) testing selection during a real running speed [50], [51]
while following the ISO-9241 Fitts’ tapping methodology [19],
and (ii) through tracking with an accurate external mocap sys-
tem, revealing some of the causes that explain the degradation
of selection performance, through movement separation and
cadence analysis, offering a stronger foundation for designing
motion-aware XR selection interaction. We thus hypothesise:

• H1. Movement speed affects MT; the higher the
speed/cadence, the longer it takes to reach a target —
While partially proven by prior works [14]–[18], [46], we
seek to extend this to true running speeds.

• H2. During fast movement, it is the correction phase
at the end of a selection, rather than the ballistic
movement of the arm, that causes the effect on MT
— No prior studies about Fitts’ tapping tasks in mov-
ing scenarios investigated selection movements further.

Nonetheless, a prior study with a static setup evidenced
that the correction phase increases drastically in virtual
environments relative to physical counterparts [56]. We
thus assume that a similar observation would be obtained
when movement intensity increases.

IV. USER STUDY

We conducted a study to (1) evaluate the effect of intense
movement on the typical Fitts’ Law equation (H1), and (2) to
understand the potential reasons behind the observation (H2).

Participants — At the recruiting stage, participants filled
out a demographic questionnaire. Participants were recruited
only if they had experience with running. We ended up
recruiting 22 participants, including eight females and fourteen
males. Thirteen of the participants were aged 25-34 years, five
35-44 years, three 18-24 years, and one was 45-54 years. All
participants were frequent runners who ran weekly to varying
degrees – ten ran up to one hour per week, five 1-3 hours,
four 3-5 hours, and three ran 5-7 hours. All participants were
right-handed and had normal or corrected-to-normal vision.
Participants also indicated their experiences with running and
with immersive technologies such as XR headsets using a 5-
point Likert scale (ranging from 1 to 5, no experience to expert
proficiency), resulting in an average score of 3.05 ±0.71 for
running, and 3.09 ±1.35 for XR.

Apparatus — We implemented a Fitts’ Law tapping task
following ISO 9241-411 [19] in Unity version 6000.0.37f13.
The implementation was deployed on a Meta Quest 3 Mixed
Reality headset4 in passthrough mode. We set up a Vicon
Motion Tracking system5, composed of six motion cameras,
tracking at 220 Hz the positions of the fingertip of the right
index finger and the feet (see Figure 1). We 3D-printed three
rings, fitting small, medium, and large circumferences of the
index finger, as well as two shoe clips to mount the Vicon
trackers (see Figure 1). We uniquely attached four Vicon
tracking balls to each print, forming rigid body positions for
the tip of the index finger and the feet in Vicon. The positions
were transferred to the headset in real-time through a UDP
protocol. Since Vicon and the headset use different coordinate
systems, a Procrustes alignment [58] was used to align the
positions tracked by the Vicon system with the coordinate
system of the headset.

Procedure — As depicted in Figure 3, the researcher first
performed a calibration to ensure the fingertip and feet posi-
tions were properly aligned. Next, participants were informed
of the research’s purpose and procedure, and they signed
a consent form. Afterwards, participants warmed up on the
treadmill at a speed of their choice for two minutes. The speed
of the treadmill was closely monitored by the researcher. After
that, the researcher helped them don the headset, ring, the shoe
clippers, and adjust the interpupillary distance. Participants
then recalled their viewing angle (how far their head was
tilted down) while running on the treadmill. The target plane
appeared at a fixed position slightly in front of the treadmill

3Unity: https://unity.com/releases/editor/whats-new/6000.0.37f1
4Meta Quest 3: https://www.meta.com/au/quest/quest-3
5Vicon: https://www.vicon.com
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Fig. 2. (a) When the fingertip reaches a target, an outline appears around it. (b-d) Example movement trajectory along X and Y axes at the studied speeds
(taken from P5, ID ≈ 3.29). Solid dots represent the position where a selection was made.

panel, with the height adjusted to the participant’s chest
level (25 cm below the head position), facing the participant
perpendicularly, based on the recorded viewing angle. After
that, they spent around 2 minutes getting used to the visuals,
both standing still and running at their chosen speed, while
freely practising the tapping task. Participants used the tip of
their right index finger to point at a target while they held a
controller in their left hand, with the trigger button pressed
to confirm a selection, thereby mitigating the Heisenberg
effect [49], [59]. Controller confirmation also isolated the
failures that can occur with spatial pointing with gesture
recognition, as optical pinch or hand-gesture recognition can
degrade when the hand moves relative to the headset during
running. This choice prioritised internal validity and should be
interpreted as a controlled benchmark rather than a deployable
technique for real-world use.

Eleven spheres were presented in a circle according to
the multidirectional selection task 4.3 in ISO 9241-411 [19].
Participants were told to make sequential selections of each
target currently highlighted in green as quickly and accurately
as possible. When the participant’s fingertip collided with a
target, it was outlined in blue to provide visual feedback (see
Figure 2a). A selection was then deemed to be successful if the
trigger button of the controller was pressed while the fingertip
(still) collided with the target. When an unsuccessful selection
happened, a short beep sound was played to indicate the error.
A sequence always began with the participant selecting the
topmost target and continued with the next diagonal target
in clockwise order, until it finished at the topmost target.
Participants performed the same selection tasks while standing
still, and at speeds of 4.5 km/h and 9 km/h, respectively. After
each speed, participants completed a questionnaire, consisting
of a NASA-TLX [60] to assess their cognitive workload, and a
Borg CR-10 scale [61] to record their level of exertion. Then,
participants were asked to rest fully until their exertion level

had become minimal, after which they returned to the treadmill
for the next condition.

Study design — We designed a 3×9 within-subject study,
varying the running speed and the index of difficulty of the
selection task. The running speed included a condition where
the participant stood still, which served as the baseline; a lower
(fast walking) speed of 4.5 km/h; and a higher (running) speed
of 9 km/h. We chose three target sizes: 2 cm, 3 cm, and 4 cm,
and three distances between the targets: 15 cm, 25 cm, and 35
cm. These formed 9 unique indices of difficulty ranging from
2.25 to 4.21, covering common difficulties reported in prior
research [12]. Each participant completed 27 trials, each with a
unique combination of the 2 independent variables. The order
of the trials was balanced using a Latin Square to mitigate
learning effects. The study took around 45 minutes for each
participant.

For objective data, we collected the angle at which the
targets where tilted down, which was consistent per participant
across all speeds; per-selection MT (seconds); ER (%); selec-
tion offset (meter); SDx (meter); IDe (bits); TPe (bits per
second); cadence (steps per minute); and per-frame movement
data for the fingertip and feet. MT, ER, and cadence are di-
rectly collected measures, whereas selection offset, SDx, IDe,
and TPe are derived and can reflect the endpoint variability
and speed-accuracy trade-offs. Note that the way we measured
selection offset and SDx was different. Selection offset was
calculated based on the distance between the fingertip surface
and the target surface, whereas SDx was measured based on
the distance between the center of the fingertip and the target’s
center. For subjective data, we collected cognitive task load
using the NASA-TLX [60] and exertion level using a Borg CR-
10 scale [61], both of which were self-reported by participants.

V. RESULTS

We collected 3× 9× 11× 22 = 6534 trials of selection, as
well as the per-frame movement of the selecting index finger
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free practice)

System
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Task Execution 
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Fig. 3. Study Procedure



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 14, NO. 8, AUGUST 2021 7

SDx (m) IDe (bits) TPe (bits/s)

Movement Time (s) Error Rate (%) Selection Offset (m)
0.0000

0.0025

0.0050

0.0075

0

1

2

3

4

5

0

10

20

30

0

1

2

3

4

0.0

0.5

1.0

0.0000

0.0025

0.0050

0.0075

0 km/h 4.5 km/h 9 km/h

0.75

1.00

1.25

1.50

2.5 3.0 3.5 4.0
ID (bit)

M
ov

em
en

t T
im

e 
(s

)

R²=0.727

R²=0.930

R²=0.926

(a) (b)

p < 0.001

p < 0.001
p < 0.001

p < 0.001
p < 0.001

p < 0.001

p < 0.001
p < 0.001 p < 0.001

p < 0.001

p < 0.001

p < 0.001
p < 0.001 p < 0.001

p < 0.001
p < 0.001

Fig. 4. (a) Effect of running speed on MT, ER, selection offset, SDx, IDe, and TPe. Striped bars represent speeds similar to prior studies. (b) Effects of
speed on MT over ID. Note that the unmatched conditions with 4 cm of size and 25 cm of distance (ID = 2.86) at 4.5 and 9 km/h were included in the figure
but excluded from all other analyses.

and both feet at 72Hz. Due to an implementation issue, the
system presented the condition of 4 cm size and 15 cm distance
twice at 0 km/h, but the intended condition with 4 cm size and
25 cm distance at that speed was not administered. To retain
a fully crossed design for inferential analyses, we (i) removed
the duplicated condition at 0 km/h (22× 11 = 242 trials) and
(ii) omitted the unmatched conditions with 4 cm of size and
25 cm of distance at 4.5 and 9 km/h (2×22×11 = 484 trials).
We excluded two trials from P6 due to brief initialisation
transients in the tracking signal, as well as 27 trials that
were considered unintentional selections or double clicks. The
final analysis set comprised 5779 trials. For completeness,
unaffected conditions at 4.5 and 9 km/h are shown in the
figures, and the exclusions were applied uniformly to maintain
comparability across speeds.

We analysed the data with R using Repeated Measures (RM)
ANOVA. We ran a Shapiro test [62] to verify the normality
of the collected data, including MT, ER, Offset, SDx, IDe,
TPe, NASA-TLX, and Borg CR-10 scores. Neither the original
nor the log-transformed forms of these data were normally
distributed. For the objective data, we thus applied rank-based
Inverse Normal Transformations (INT) [63] to the original data
before conducting an ANOVA. Before these ANOVAs, we
assessed the assumption of sphericity using Mauchly’s test,
confirming that the assumption was met for all corresponding
metrics. We then conducted post-hoc analyses with 95%
confidence intervals on all significant main effects revealed
by ANOVA and adjusted the results using the Bonferroni
correction. We report the partial η2 (ETA squared) in ANOVA
as the indicator for the effect size. For the subjective data
measured by NASA-TLX and the Borg CR-10 scale, we ran
a Friedman test, followed by a Nemenyi test for post-hoc
analysis to determine if there is a significant main effect.
We reported Kendall’s W to indicate the effect size. We then
conducted a Fitts’ law analysis for the independent variable
of speed, followed by a detailed analysis that further explores
the mechanism behind the observations.

A. Statistical Analysis

Directly collected measures:
MT — Speed had a significant effect (p < 0.001, F =

27.48, η2 = 0.57) on participants’ movement time to finish
a selection. Post-hoc analysis further revealed a significant
difference between 0 and 9 km/h (p < 0.001), and between
4.5 and 9 km/h (p < 0.001).

ER — Speed had a significant effect (p < 0.001, F =
108.26, η2 = 0.84) on selection error rate. Significant effects
were found between all pairs of speeds.

Offset — We kept only false selections before performing
INT and ANOVA. Results showed that speed had a significant
effect (p < 0.001, F = 30.654, η2 = 0.59) on the offset be-
tween participants’ fingertip position and that of the selection
target. Significant effects were observed between the speeds
of 0 and 9 km/h (p < 0.001), and 4.5 and 9 km/h (p < 0.001).

SDx — Speed had a significant effect (p < 0.001, F =
153.97, η2 = 0.88) on SDx. Significant effects existed be-
tween all pairs of speeds.

Tilting Angle — Participants were allowed to freely adjust
the tilting angle of the targets before the study. The angle was
consistent throughout the study for each participant. Overall,
participants averaged a tilting angle of 31.5(±5.7) degrees.
Derived measures:

IDe — Speed had a significant effect (p < 0.001, F =
161.12, η2 = 0.88) on the effective index of difficulty. Signif-
icant effects were found between all pairs of speeds.

TPe — Speed had a significant effect (p < 0.001, F =
87.09, η2 = 0.81) on participants’ TPe. Post-hoc analysis
showed significant effects between all pairs of speeds.
Subjective measures:

NASA–TLX — Speed had a significant effect (p <
0.001, χ2 = 40.364, Kendall’s W = 0.92) on the overall task
load when performing the selection task. Significant effects
existed between all pairs of speeds. We further performed
a breakdown analysis for each dimension – as shown in
Figure 5a, speed significantly affected participants’ 1) mental
demand in completing the selection task (p < 0.001, χ2 =



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 14, NO. 8, AUGUST 2021 8

0 km/h 4.5 km/h 9 km/h

0

5

10

15

Overall Mental Demand Physical DemandTemporal Demand Performance Effort FrustrationAv
er

ag
e 

R
at

in
g 

0

2

4

6

(a) NASA-TLX (b) Borg Scale

p < 0.001

p < 0.05

p < 0.01 p < 0.001
p < 0.05

p < 0.001
p < 0.01

p < 0.01

p < 0.001
p < 0.01

p < 0.001
p < 0.01

p < 0.001
p < 0.01

p < 0.001
p < 0.01

p < 0.01

p < 0.001
p < 0.01

p < 0.01

Fig. 5. Average rating of participants’ (a) cognitive workload, measured with NASA-TLX, and (b) perceived exertion level, measured with the Borg CR-10
scale [61]. Striped bars represent similar speeds in prior studies.

21.641, Kendall’s W = 0.49), between speeds of 0 and 9
km/h (p < 0.001) as well as 4.5 and 9 km/h (p < 0.05);
2) physical demand (p < 0.001, χ2 = 41.518, Kendall’s W =
0.94), between all pairs of speeds; 3) temporal demand (p <
0.001, χ2 = 32.667, Kendall’s W = 0.74), between speeds of 0
and 9 km/h (p < 0.001), as well as 4.5 and 9 km/h (p < 0.01);
4) performance (p < 0.001, χ2 = 30.296, Kendall’s W =
0.69), between speeds of 0 and 9 km/h (p < 0.001), as well as
4.5 and 9 km/h (p < 0.01); 5) effort (p < 0.001, χ2 = 43.517,
Kendall’s W = 0.99), between all pairs of speeds; and 6)
perceived frustration (p < 0.001, χ2 = 34.203, Kendall’s W =
0.78), between speeds of 0 and 9 km/h (p < 0.001), as well
as 4.5 and 9 km/h (p < 0.01).

Borg CR-10 Scale — Speed had a significant effect (p <
0.001, χ2 = 44, Kendall’s W = 1, Figure 5b) on participants’
perceived level of exertion for the selection task. This existed
between all pairs of speeds.

B. Fitts’ Law Analysis

We performed a Fitts’ law analysis on the speeds in our
study. As shown in Table II, we found strong fits for standing
still and walking (R2 = 0.926 and 0.930), while a weaker fit
was found for the running speed at 9 km/h (R2 = 0.727).

To further examine the lower fits at 9 km/h (Figure 4b),
we fitted a Linear Mixed-Effects Model (LMM) for MT, with
Speed, ID, and their interaction as fixed effects, and participant
as a random intercept. The analysis revealed a significant
Speed × ID interaction (χ2(2) = 6.58, p = 0.037). A post-hoc
analysis with Bonferroni correction confirmed that the slope
of MT relative to ID became significantly steeper at 9 km/h
compared to standing at 0 km/h (p = 0.032).

C. Explorative Analysis

To further understand the potential reasons behind our
observations, we conducted analyses on factors that might have

Speed
(km/h)

Coefficients Fit (R2) AIC Score

0 MT = 0.276 + 0.192× ID 0.926 -27.340
4.5 MT = 0.138 + 0.248× ID 0.930 -23.821
9 MT = 0.269 + 0.289× ID 0.727 -8.546
Overall MT = 0.228 + 0.243× ID 0.454 -15.806
Overall
(w/ Speed)

MT = 0.061 + 0.247× ID
+0.035× Speed

0.821 -41.727

TABLE II
FITTS’ LAW ANALYSIS RESULTS.

an impact on selection performance: 1) fingertip movement
phases, 2) cadence, and 3) the correlation between foot strikes
and selection timing.

Fingertip Movement Phases — We followed the three-
phase segmentation for selection movements in immersive
environments, proposed by Deng et al. [54], to handle the
recorded per-frame fingertip movements. The model decom-
posed a selection movement into acceleration, deceleration,
and correction. We combined the acceleration and deceleration
phases to form the ballistic phase. We computed the velocities
of the fingertip along three axes and applied a 4th-order
Butterworth low-pass filter with a cutoff frequency of 9 Hz
to mitigate noise introduced by running and hand jitters [54].
To separate the phases, we marked the closest time frame when
the total selection speed became less than half of the average
maximum selection speed, and met one of the three conditions:
1) the selection speed changed to negative from positive, 2)
the acceleration changed to positive from negative, and 3) the
acceleration was negative with its magnitude being less than
10% of its maximum. Movements before that time frame were
labelled as the ballistic phase, while those after were labelled
as the correction phase (see Figure 6 for instance).

Because the data were not normal, we INT-transformed the
ballistic and the correction times and ran RM ANOVA on each.
Before ANOVAs, we ran Mauchly’s tests and confirmed that
the assumption of sphericity was met by the data for both
the ballistic and the correction phase. Results showed that
speed had no significant effect on the ballistic phase, whereas
a significant effect (p < 0.001, F = 50.285, η2 = 0.71) was
found on the correction phase. A post-hoc pairwise comparison
revealed that a significant effect existed between all pairs of
speeds. As shown in Figure 7bd, the effect on the correction
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Fig. 6. Ballistic/correction phase segmentation of an example selection (taken
from P7, Speed = 9, ID ≈ 4.21).
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phase at the speed of 9 km/h was particularly strong, doubling
the time needed for correction over 0 and 4.5 km/h.

We conducted a frequency analysis on the correction move-
ment. We computed the mean fundamental frequency of the
selections with a fast Fourier transform [64], and the mean
movement amplitude, based on the height of the local maxima.
We INT-transformed both the fundamental frequency and the
amplitude before applying RM ANOVA for the speed. We
found that speed had a significant effect on both the movement
frequency (p < 0.001, F = 12.136, η2 = 0.37) and amplitude
(p < 0.001, F = 41.145, η2 = 0.66) in the correction phase.
As shown in Figure 7a-d, post-hoc analyses revealed that
significant differences in the fundamental frequency of speed
existed between all pairs of speeds except between 0 and 4.5
km/h (Figure 7e), and significant differences in movement
amplitude existed between all pairs of speeds (Figure 7f).

Cadence Analysis — Through visual inference (see Fig-
ure 8a), we identified two distinct movement patterns at the
speed of 4.5 km/h. While the majority of participants had a
typical walking cadence, four of them chose to run and thus
ended up with a cadence higher than 140, which is the transi-
tioning cadence from walking to running as reported in prior
work [50], [51]. We excluded these four data points as outliers.
To investigate the effect of cadence on selection performance
during movement, we employed Generalised Linear Mixed
Models (GLMMs) to account for missing data points and the
non-normal distribution of the dependent variables. We then
modelled each dependent variable as a function of speed (4.5
km/h and 9 km/h), relative cadence (binned as ’high’ or ’low’
within each speed), and their interaction. Our analysis revealed
a significant interaction effect between speed and cadence on
ER (χ2 = 8.364, p < 0.01). Post-hoc comparisons showed
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Fig. 8. Effects of cadence on ER. Data points marked as stars in (a) were
excluded at 4.5 km/h as outliers.

that when running with 4.5 km/h, the higher cadence resulted
in a significantly lower ER compared to lower cadences
(z = 3.317, p < 0.01). No significant difference was found in
ER between high and low cadences at 9 km/h. We also found
a significant interaction effect between speed and cadence
on selection offset (χ2 = 6.630, p < 0.05). However, post-
hoc analysis did not show significant differences between
relative cadences within each speed. No significant main
effects or interactions involving cadence were found for other
performance metrics, such as MT, TPe, IDe, or SDx (all
p > 0.05).

Foot Strike and Selection — We derived per-frame foot-
contact states from the vertical foot trajectories, filtered with
a 4th-order Butterworth low-pass filter at a cutoff frequency
of 9 Hz to attenuate jitter. We computed the median absolute
deviation (MAD) of the troughs as the threshold ground level.
This was computed for each foot to account for the potential
difference in the placement of the foot trackers. A frame was
labelled ’on the ground’ if either the height of the left or
the right foot was below the MAD threshold. To assign a
contact state to each target selection, we matched the selection
timestamp to the nearest per-frame label. Out of the 3847
selections during movement (11 targets × 2 speeds × 8 IDs
× 22 participants, and disregarding 25 trials that were made
out of mistakes) made while in movement, 1371 were made
in the air and 2476 on the ground. Again, we used GLMMs to
investigate the effect of foot status on selection performance.
We did not find any difference in the dependent variables
between in-air and on-ground selections (all p > 0.05).

VI. DISCUSSION

We first revisit the hypotheses and then discuss our results
in comparison to closely related prior works where possible.

H1. Movement speed affects MT; the higher the
speed/cadence, the higher the time it takes to reach a target
— Our results partially supported H1. MT increased with
speed, and the fit to Fitts’ law [13] weakened at 9 km/h (see
Table II), while a model including speed as a factor markedly
improved overall fit. Empirically, movement speed exerted a
strong main effect on selection performance. This is especially
evident at higher speeds. Compared to standing still, at a speed
of 9 km/h, MT increased 25%; ER surged to more than 30%,
more than 6 times higher than when standing still; offset and
endpoint dispersion along the task axis (SDx) doubled; and
throughput decreased nearly 50%. This is accompanied by a



IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 14, NO. 8, AUGUST 2021 10

significant increase in the perceived exertion and task load,
as indicated by the Borg scale and NASA-TLX outcomes.
Beyond standard changes in target size/distance, the magnitude
of these changes collectively indicates that movement speed
is a dominant driver of selection performance in motion.
However, our results do not suggest the same for cadence. At
the same speed, running with a higher cadence interestingly
does not prolong the MT.

H2. During fast movement, it is the correction phase at
the end of a selection, rather than the ballistic movement
of the arm, that causes the effect on MT — Our analysis
supports H2, as the ballistic movement time was statistically
stable across speeds, whereas the correction movement time
increased significantly, nearly doubling at 9 km/h over 0 or
4.5 km/h. This indicates that running induces more and longer
corrective adjustments before a selection is confirmed. More-
over, most selections occurred when a foot was on the ground
rather than in the air, suggesting participants tend to exploit
gait-induced stability windows to finalise selections. However,
this does not help them make more accurate selections.

Our analysis in subsection V-C explains why performance
decreases when moving. As speed goes up, and while the
time spent reaching a target remains consistent, participants
spent a significantly larger amount of time correcting the
selection of a target (see Figure 7a-d). Meanwhile, the source
of selection errors changes fundamentally with speed. In static
and walking speed conditions, selection endpoints were tightly
clustered (Figure 1), movements were smooth (Figure 2bc), the
fundamental frequency of the correction phase was relatively
high (≈ 4.2 Hz), and the amplitude relatively low (≈ 0.1
m/s, Figure 7ef). This is consistent with the behaviour of
rapid visuomotor sub-movements [65], indicating that error
was primarily driven by motor noise that participants can
actively correct. However, at 9 km/h, we observed a dis-
tinct ‘gait-dominance’ effect. The fundamental frequency of
the correction movement dropped significantly to ≈ 3.5 Hz
(Figure 7e), while the amplitude nearly doubled over the
other two speeds (Figure 7f). This 3.5 Hz frequency also
aligns with the average running cadence (≈ 175-190 steps/min,
2.9-3.2 steps/s), likely indicating that gait-induced oscillation
overpowered natural motor control. This is also evidenced
in the greater dispersion of selection endpoints (Figure 1)
and the trajectories (Figure 2d), and in our findings about
the cadence analysis, which failed to mitigate errors at high
speeds (Figure 8b). Further, this physical instability may be
compounded by a shift in perceptual difficulty. As shown in
the appendix, the estimated user-to-target distance and angle
reveal that as speed increases to 9 km/h, the user drifts further
backward, effectively shrinking the target visual angles. This
reduction in visual angle may also contribute to the higher
ER and longer correction times observed during the running
condition, as participants are forced to select perceptually
smaller targets while battling the aforementioned gait-induced
oscillations. Together with the increased mental taskload and
exertion level (Figure 5), this results in a fatiguing, high-
amplitude oscillation and a visually demanding task that
exceeds participants’ control. This impact is reflected in the fits
of Fitts’ law to speeds. As shown in Figure 4b, while Fitts’ law

remained applicable at 9 km/h, its model fitness dropped from
R2 = .926 and R2 = .930 at 0 and 4.5 km/h to R2 = .727 at
9 km/h. This suggests that the prediction of MT is no longer
dictated by ID, but also by the aforementioned factors.

We measured and analysed results with the effective metrics
introduced in ISO 9241:411 [19], such as SDx, IDe, and
TPe, in which SDx increases and TPe decreases as the
speed goes up, which is as expected. However, counter-
intuitively, the effective index of difficulty, IDe, falls as the
speed increases. The reason behind this is that it is defined as
IDe = log2(Ae/We+1). In our study, the effective amplitude
(Ae) did not change, as the chosen target distances were
consistent across speeds. Meanwhile, the effective target width
(We), derived from the standard deviation of the distance
between the target centre and the selection position, signif-
icantly increased, causing the logarithmic term to decrease.
The effective width represents the space in which participants
actually made their selections. In a typical Fitts’ pointing task,
participants are required to balance speed and accuracy. If they
prioritise speed, their accuracy will decrease. In our case, in
the running conditions, participants increased their selection
time but still had to sacrifice accuracy, presumably due to
the oscillations incurred while running. As a result, they had
to ‘effectively’ treat the target as being larger than intended;
thereby the effective index of difficulty of what they are
actually selecting decreases. This dissociation reinforces the
need to incorporate locomotion terms explicitly into predictive
models, rather than assuming ISO effective measures will
always track perceived difficulty across different movement
speeds. Based on the effective target width (derived from the
multiplication of SDx by 4.133, we make recommendations
for the size of the targets: a target size should be at least
0.0176, 0.0228, and 0.0364 meters for it to be efficiently
selected at the speeds of 0, 4.5, and 9 km/h, respectively.

We compared our results with prior findings to identify
similarities and discrepancies. When static, prior studies [12]
suggested that the MT reported by existing works concentrates
around 1 to 2 seconds, ER between 0 and 20 percent, and
throughput between 1.5 and 5 bits/s. While we recorded sub-
second MT (0.9 seconds) and average ER as low as 3.36%, our
throughput outcomes align with their observation. Similarly,
for the walking condition, we observed lower MT (averaged
at 0.93 seconds) and lower ER (averaged at 9.61%) compared
to those reported in previous studies with similar conditions:
at 3 km/h around 1.1 seconds for MT, 18% for ER, and
1.25 seconds for MT, 50% for ER at 6 km/h in Li et al.’s
study [16]; at 4.3 km/h, 1.46 seconds for MT, 18% for ER
in Shin et al.’s study [18]. Still, contrasting Shin et al.’s
findings [18], our results show no significant difference for
MT between the speeds of 0 and 4.5 km/h. On the other hand,
our MTs are closer to those reported in Li et al.’s study [17],
where it averaged around 0.8 seconds for direct hand selection
while walking. However, in Li et al.’s study, a selection was
confirmed with a pinch gesture, while the studied target sizes
were much larger (4 cm is the largest size in our study, whereas
it is the smallest in theirs), and the distances were much
smaller (3 cm and 5 cm compared to 15 cm, 25 cm, and
35 cm in our study). Considering the headset-based tracking
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systems used in previous work, we attribute these differences
to the substantially higher accuracy and faster tracking rates of
the Vicon tracking system that we adopted in our study, which
enabled sub-millimeter-level tracking at 220 Hz. However, the
findings in our study should be interpreted as the best-case
scenario. Translating these findings to commercial optical see-
through or passthrough headsets requires careful consideration
of the hardware limitations inherent to the built-in tracking,
as subtle increases in latency and spatial jitter will compound
target selection performance [66].

It should also be noted that our study prioritised experi-
mental control over external validity. First, treadmill running
differs from overground running through the belt motion,
constrained position, and the absence of terrain changes,
which may alter cadence, vertical oscillation, and attentional
demands. Our controlled laboratory study also does not reflect
the dynamically changing scenario in actual outdoor running,
where performing a tapping task may incur safety concerns
such as tripping hazards. Second, controller confirmation
reduced unintended selections and gesture-recognition con-
founds, but it is less ecologically valid than bare-hand con-
firmation for lightweight running interfaces. Third, regarding
the Fitts’ law analysis performed in subsection V-B, while the
unmatched condition (ID = 2.86) was appropriately excluded
to maintain symmetry for the ANOVA, its absence still does
not meaningfully skew the reported linear regression slope,
as the trend remains robust, evidenced by the remaining IDs
distributed around the trend lines in Figure 4b. Finally, the
reported target distance and visual angle are estimates, as
we did not record head position. While it captures horizontal
treadmill drift, it does not account for the runner’s forward
trunk lean at higher speeds, which may result in the true visual
angles during the 9 km/h condition being marginally larger
than estimated.

VII. CONCLUSION

We demonstrate that running speed significantly degrades
target selection performance in XR, with error rates exceeding
30% at 9 km/h alongside increased cognitive load and physical
exertion. While the ballistic reaching phase remains stable
across speeds, the correction phase doubles in duration as
participants struggle to fight against the vertical oscillation.
While a higher cadence reduces errors during walking, it
provides no benefit during running, and timing selections with
foot strikes on the ground offers no advantage over mid-
air selections. Still, potential solutions such as fatigue-aware
interactions [67] and movement filtering [48] could be utilised
to improve selection efficiency in future running systems.

APPENDIX

Target Distance and Visual Angle — To address the
dynamic nature of the user-to-target distance caused by po-
sitional drift on the treadmill, we estimated the target distance
and visual angles [68] at the moment of selection. As per-
frame head tracking was not logged, we utilised the midpoint
between the left and right foot coordinates as a proxy for
the head’s horizontal (X,Z) location [69].Combined with

the calibrated, static vertical (Y ) offset of 25 cm from the
target plane, we computed the distance to the target and the
corresponding visual angle, as summarised in Table III.

Speed Distance Visual Angle (◦) by Target Size
2 cm 3 cm 4 cm

0 km/h 50.70±
6.76 cm

2.29±0.30 3.47±0.50 4.59±0.67

4.5 km/h 52.23±
8.00 cm

2.26±0.37 3.38±0.54 4.44±0.76

9 km/h 63.34±
7.40 cm

1.82±0.23 2.78±0.36 3.65±0.44

TABLE III
ESTIMATED MEAN TARGET DISTANCE UPON SELECTION AND VISUAL

ANGLES ACROSS SPEEDS AND TARGET SIZES (M ± SD).
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