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Abstract

Throughput is a widely used performance metric, combining speed
and accuracy into a single measure, while reducing the effect of
subjective speed—accuracy trade-offs. Despite its wide application
in 2D steering tasks, its direct extension to 3D presents unique
challenges since 3D trajectories exhibit higher variability, and per-
ceptual-motor factors undermine existing formulations. Conse-
quently, throughput has not been systematically adopted for eval-
uating steering in 3D virtual environments. In this paper, using
a controlled virtual reality user study with a ring-and-wire task,
we introduce and validate a novel throughput formulation for 3D
steering based on the bivariate standard deviation of the trajectory
for the effective width calculation. Our results show that this for-
mulation provides smoother throughput values across subjective
speed—accuracy differences and improves model fit compared to
traditional approaches. This work advances our theoretical under-
standing of the Steering law in 3D contexts, provides researchers
and practitioners with a robust evaluation method, and establishes a
foundation for future studies of complex 3D trajectory interactions.
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1 Introduction

Steering is a fundamental task in Human-Computer Interaction
(HCI), appearing in 2D desktop applications and 3D immersive en-
vironments [2, 128]. It involves “the continuous movement through a
constrained path”, such as navigating through nested menus, draw-
ing curves, shape tracing, or manipulating scrollbars [2, 147]. Study-
ing steering performance is a core aspect of HCI research [2, 25],
helping us to design user interfaces [11, 66, 113], evaluate and com-
pare interaction techniques [3, 66], and better understand human
motor behavior.

Researchers have developed mathematical models that reliably
describe the complexity of human motor behaviors in specific
tasks [147]. For pointing, Fitts’ law is a widely used model that
serves as a foundation for the design and evaluation of user inter-
faces, interaction techniques, and input devices [8, 84]. It predicts
the Movement Time (MT) using task difficulty, i.e., the Index of Dif-
ficulty (ID). Inspired by Fitts’ law, Accot and Zhai [2] later proposed
the Steering law to model MT in steering tasks, which is also a
widely used model of human motor behavior in HCI [129, 140, 147].

Throughput is a broadly used metric in Fitts’ law studies [8, 18,
87], combining speed and accuracy into one measure, reflecting
the trade-off that greater accuracy demands more time [27, 86-88].
It is recognized in ISO 9241-411 as an evaluation tool for input
devices [61], and is used as a performance metric for comparing
interaction techniques and user groups [8, 18, 66, 84]. Recent work
has also shown that throughput describes 2D steering task perfor-
mance better [66, 67].

Prior work has shown that throughput calculated with nomi-
nal parameters can be unstable across different subjective speed-
accuracy biases. To address this, researchers proposed using effec-
tive Width (W) and Amplitude (A.), which better describe users’
actual behaviors [87, 95, 148]. Early work indicated that the effective
throughput smooths the effect of varying speed-accuracy strategies
for pointing [87]. Through a study of a 2D steering task, Kasahara
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et al. [66 empirically demonstrated the e ectiveness of throughput
as a performance metric for steering, showing that e ective param-
eters substantially stabilize throughput and improve the Steering
law model- t across speed accuracy biases [66].

Extending 2D ndings, researchers have explored the Steering
law in 3D environments. For example, Liu et arg empirically
demonstrated that the Steering law holds in 3D environments, show-
ing a linear relationship between path length, width, and MT. Other
works have extended the model to account for 3D-speci ¢ factors,
such as directional movementd29g, frame rate [L2§, and curva-
tures [60, 80. Despite this growth, the e ectiveness of throughput
as a performance metric in 3D settings remains uninvestigated.

Direct transfer from 2D work to 3D presents challenges, such
as the e ect of visual depth cuedp, 21], the absence of physical
support [12g, and the added degrees of freedoi8[124, all of
which can increase movement variability. Moreover, even in 2D,
as Kasahara et al. [66] highlighted, the theoretical justi cation for
using e ective parameters to stabilize throughput remains limited.
Thus, there is a need to examine whether e ective parameters
o er a reliable method for throughput calculation in 3D steering
tasks, and to adapt the metric to the unique characteristics of 3D
interactions.

In this paper, we conducted a user study in VR with multiple
steering orientations. The study examined 3D mid-air interaction
under di erent subjective speed accuracy biases, i.e., emphasizing
speed or accuracy, and a neutral condition. The primary motivation
behind this work is to strengthen the methodological foundation
for evaluating performance in 3D steering tasks. In short, our main
contributions include:

(1) We demonstrate that throughput is a valid performance met-
ric for 3D steering tasks in VR;

(2) We show that using bivariate e ective width, (¢ ) and am-
plitude ( ¢) makes throughput less variant across subjective
speed accuracy biases than existing alternatives; and

(3) We provide a re ned, empirically validated throughput cal-
culation method for 3D steering, outlining its implications
for future methodology and interaction technique design.

2 Related Work

2.1 Steering law

The Steering law is a human motor behavior model capturing steer-
ing performance using a mathematical formulation that describes
MT based on the spatial properties of a constrained path (see Equa-
tion 1). Accot and ZhaiZ] introduced the Steering law by extending
the principles of Fitts' law Bg, a widely-studied model of pointing
performance in both 2DZ4, 84, 85 143 and 3D [8, 18 118 127.
They showed that Fitts' law also applies to goal-crossing tasks, and

conceptualized steering as a continuous sequence of such crossings.

By dividing the path into in nitesimal segments3G they derived
MT by integrating the inverse of the path thickness @ at any
given point @ along the trajectory (see Equation 1). Accot and
Zhai further showed that for linear paths with a constant Width
of, and Amplitude of , the model can be simpli ed Equation 2.
The ratio of path length to width, in Equation 2 de nes the
steering task's nominal Index of Di culty (Dp).

Amini et al.
1
3G
MT =0, 1 IDpelDp= — (2)

The Steering law has served as a framework for evaluating in-
teraction techniques4, 76, 13§, input devices B, 11q, and user
groups [L04 149 157. It has been used for designing and optimiz-
ing user interfaces$, 6, 11, 113. Follow-up studies have re ned
the model to deepen understanding of human steering behavior
while accounting for, e.g., the latency. 8§ or Control-Display (C-

D) ratio [4], and for more complex scenarios, e.g., steering through
corners P7, within successive objectsliQ, and along narrowing

or widening tunnels L35. These examples highlight the growing
importance of the Steering law in HCI, supporting both theory and
practice.

With advancements in 3D interactions, the Steering law has
been increasingly applied across diverse 3D contexts, from di-
rect object manipulation 9, 68 80, 92 128 129 to locomotion
tasks PQ 91, 141, like virtual driving [ 141 147 and drone pilot-
ing [60. In early attempts, researchers explored the Steering law
for navigating through 3D space9d. Later, Liu et al. f§ proposed
re ned models of the Steering law, accounting for path curvature
and 3D orientation, and empirically demonstrated the validity of
the Steering law in 3D manipulation tasks.

The Steering law was also investigated in immersive VR Head-
Mounted Displays (HMDs)117 141 145. Wei et al. explored and
modeled steering behavior in VR, and showed that movement direc-
tion signi cantly a ected movement time and average speeti?g.

Wei et al. [L2§ also explored other factors a ecting steering per-
formance, including frame rate, path features, and curvature, and
proposed re ned Steering law models with improved predictive
accuracy. Recently, Amini et al9] compared two common 3D
steering tasks (Ring-and-Wire and Ball-and-Tunnel), highlighting
how task design in uences steering performance.

2.2 Throughput and E ective Calculation

As users attempt faster movements, i/T decreases, their perfor-
mance becomes more erratic, re ecting the well-known speed accuracy
trade-o , widely studied in pointing tasks 18 49, 87,93 134. To
capture both aspects in a single measure, HCI studies commonly
use Throughput 8, 18 66. Throughput is standardized with ISO
9241-411 as a performance metric for evaluating input devices with
pointing tasks. It is de ned as the ratio of task di culty (D) to
Movement Time iT) (see Equation 3), based on the empirical
nding that MT increases withD.

TP= g 3)
, e=4"133 fg (4)
IDe, pointing = |0921_e LI (5)

e

Subjective speed-accuracy biases are an inevitable implicit factor
in HCI studies R7, 66 143. Such biases can also be shaped by task
framing, where instructions are given to emphasize speed, accuracy,
or a balance of both40, 50 87]. These instructional conditions have
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been recognized as a key factor a ecting movement behavior and
motor performance [83, 94, 96].

Rather than nominal values, previous work has advocated using
e ective parameters in throughput, which better capture actual user
behaviors P7, 66 87]. In pointing tasks, e ective parameters are
typically derived from the standard deviation of selection endpoints
(f cin Equation 4) for the e ective width, and from the mean tra-
versed distance for ¢, together forming the e ectivelD (see Equa-
tion 5) [18 87). This approach is recommended by ISO 9241-411 for
calculating throughput [61].

As prior work noted [18 66 87, throughput shouldideally be
invariant to subjective speed accuracy biases so that performance
re ects the system's underlying capability rather than the tem-
porary strategies adopted by users, which is important for HCI
researchers and practitioners using throughput as a performance
metric combining speed and accuracy [8, 67, 84].

MacKenzie and Isokoski demonstrated that e ective throughput
remains invariant under systematically introduced bias&3][ In
their study, the authors controlled the speed-accuracy bias through
the MT [87). Later, by replicating MacKenzie and Isokoski's study
under a broader range of speed accuracy strategies, Olafsdottir et
al. [99 challenged MacKenzie and Isokoski's invariance claB][
and reported that their throughput calculation was not stable but
changed signi cantly as task instructions shifted from emphasizing
speed to accuracy.

Kasahara et al.g7 examined the applicability of throughput in
2D goal-crossing, showing that e ective parameters help stabilize
values. Kasahara et al6§] extended these ndings to steering,
showing that using the e ective width ¢ (see Equation 6, where
f ¢ denotes trajectory spread perpendicular to movement direc-
tion) yields smoother throughput values. They also showed that
incorporating e (the average steered distance) reduces throughput
variance in 2D steering for higher movement variability, e.g., in
circular paths.

e e

4133 fg

(6)

IDe, steering™
1 €
Still, the majority of studies of throughput focus on the 2D con-
text or 3D selection tasks. In 3D environments, Batmaz and Stuer-
zlinger investigated mid-air pointing tasks in VRL§. They found
that e ective throughput is not invariant to di erent task execu-
tion strategies and highlighted that the speed accuracy trade-o
becomes harder to predict with the additional perceptual and motor
demands of 3D1§. However, to the best of our knowledge, no
studies have systematicalipvestigated the e ectiveness of through-
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user groups 109 131,133 across both 2D84, 95 and 3D [8, 1§
environments.

Moreover, insights from 2D scenarios cannot be directly trans-
ferred to 3D cases, as motor performance in 3D introduces its own
distinct challenges. On the perceptual side, HMDs can alter spa-
tial judgments by introducing depth-related con icts, e.g., the Ver-
gence Accommodation Con ict (VAC) 15 58, stereo de cien-
cies [17, 56, and diplopia R3. Motor tasks in VR often require
extended arm movements or mid-air interaction, introducing fa-
tigue [57,62 124, tremor [28 73, or inaccuracies stemming from
limitations in hand tracking systemsl] 51, 98 103, and often lack
tactile feedback 5 74, 117. These combined challenges imply
that the speed accuracy relationship in VR does not necessarily
mirror that of 2D contexts. Few studied § 69 have systemati-
cally examined how users adjust performance when prioritizing
speed or accuracy in 3D contexts. Compared to discrete selection,
continuous motions such as 3D steering show a unique speed-
accuracy trade-o . Unlike pointing, steering requires sustained
control along a constrained path, where small deviations can lead
to cumulative errors or failure. Also, in 3D steering, the cost of
overshooting or deviation is higher due to compounded perceptual-
motor limitations [9, 15 17]. Further, the absence of physical sup-
port [20, 114, restricted peripheral vision13 69 77, increased
cognitive load 107 123, and ambiguous visual cue3,[14, 44 can
all amplify the in uence of users' con dence and chosen strate-
gies [18].

In this work, we propose a calculation method that is experi-
mentally validated and tailored to the unique characteristics of 3D
steering. This is important as it enhances the utility and reliability
of throughput by enabling fairer comparisons across subjective
biases 6, improving result comparability across studie3§, and
providing a more robust basis for evaluation for both researchers
and practitioners. Our ultimate goal is to establish a comprehensive
foundation that not only advances current evaluation practices but
also guides future research on the speed accuracy trade-o in 3D
steering interaction.

3 De ning E ective Parameters in 3D

In pointing tasks, the e ective width is de ned via Equation 4,
wheref g is the univariate standard deviation of selection end-
points projected onto the axis collinear to moveme® (aligning
with the one-dimensional nature of Fitts' lawl8 84, 87. The

4" 33factor is derived from the entropy of a normal distribution
(log, 2c4 f ), and corresponds to the span o2066standard
deviations of the unit-normal curve, which enclos@§%of the

put in 3D steering scenarios nor proposed an empirically validatedlistribution [85. Later, this analogy was extended to trajectory-

method for its calculatigmccounting for subjective speed-accuracy
biases.

Addressing this gap is essential as researchers and practition-

ers continue to use it in both pointing and steering. Rather than
using separate metrics likMT and error rate, investigating ef-
fective throughput gains importance as its ability to provide a
holistic measure of motor performance by integrating speed and ac-
curacy [18 66 84, its relative independence from task di culty, i.e.,
ID[66 134, and its widespread acceptance as a standard for compar-
ing devices 85 108 117, interaction techniques 16, 20 103, and

based tasks, like goal-crossingq and steering p€, leading to
the formulation of Equation 6 in 2D environments. However, 3D
environments introduce an additional dimension of trajectory devi-
ation perpendicular to the direction of movement (see Figure 1-d).
This motivates us to evaluate the applicability of e ective through-
put in 3D steering and to compare alternative approaches, toward
proposing an empirically validated method that strengthens the
foundation for future work.

To calculate the trajectory spread for the e ective width, the
straightforward approach is to use the univariate standard deviation
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Figure 1: (a) Latitude longitude mapping of path endpoints used to de ne 18 unique 3D orientations in the study, including

main axial and diagonal orientations that lie on the Cartesian planes. (b) De nition of path width (

, Path), derived from the ring

and wire geometry (, Ring, wire), representing the available movement space orthogonal to the path direction. Also, di erent
ring and wire positional states are indicated: inside-boundary movement (green), boundary contact (yellow), and going out
of boundary, i.e., a task error (red). (c) lllustration of the experimental task. (d) lllustration of e ective parameters in 3D

steering. The task is conceptualized as an in nite series of goal-crossings, with

| as the path direction and G ~ forming the two

orthogonal axes (f g and f ~ denote the trajectory spread along these axes, respectively). The green dots show the trajectory

points of the ring in an example movement.

of trajectory coordinates on the local plane orthogonahto task axis,

i.e., direction of movement, using Equation 7, whége= G, ~2,
Gand~ represent the local axes orthogonal to task ax@§[67].
However, this method oversimpli es the trajectory spread when
variability is not evenly distributed across the two axes orthogonal
to the task axis (see Figure 1-d, front view). Therefore, we propose
calculating the e ective width using the bivariate standard devi-
ation method similar to the calculation suggested by Wobbrock
et al. [L33 (see Equation 8). Also, as the steered trajectory forms
a 3D sample cloud within the path volume, a trivariate standard
deviation could be an appropriate candidate for capturing its full
volumetric spreadGand~ represent orthogonal deviation, is the
progress along the task axis, and comp#ig; following Equation 9.
Including this formulation allowed us to test whether this analogy
extends to e ective parameters in 3D steering.

S -

g1 A2
fa= - = 1 (7)
s -
I _
EETC ) G:2,1~8 ~02
fy= ———0g ®)
S -
|
a1 & @2,1‘8 '“02,1'8 | 02
fxyz: &l 9)

=1
E ective Amplitude ( ¢) accounts for the traversed distance

along the task axis in pointing studied B 67, 85. Extending this

to 2D steering, Kasahara et ab§] showed that ¢ should be calcu-

in 3D, we propose ¢ as the total trajectory amplitude traversed
in 3D space. In the trivariate calculation of e ective width, the
standard deviation of the trajectory is considered across all three
dimensions, re ecting the movement variability in 3D. However,
for the univariate and bivariate candidates, similar to the previ-
ous work [66, 67], we calculated e ectii® and throughput both
with the nominal  (Univariate:IDe ynj-an: TPe,uni-An. Bivariate:
IDe pi-An TPe pi-an) @nd e ective ¢ (Univariate:1De ynir TPe,uni
Bivariate: IDg pj, TPe ), to explore a wider range of alternative
formulations and study their e ects separately. In addition, as Kasa-
hara et al. p§ highlighted, we compute standard deviations within
each trial.

4 User Study

4.1 Participants

Using G*Power 34, we conducted an a priori power analysis
(U = "05 power = .95, and a large e ect siZ€ = "14based on

a pilot study), which indicated that at least 18 participants were re-
quired for an RM-ANOVA. We accordingly recruited 18 participants
(9 female, 9 male), aged 23 31 yedts £ 2578 (= 2'58), with
varying XR and 3D gaming experience. Participants were volun-
teers recruited from the university and the general public through
online yers. All but three were right-handed, and all had normal or
corrected-to-normal vision. We also ensured that each participant's
arm length matched the maximum path length, allowing them to

lated as the average steered distance in 2D. As shown in Figure 1-d, reach all path conditions without adjusting their seated position.
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4.2 Apparatus work shows that interrupting movements reduces the Steering

We used an Intel(R) i7-12700F processor running at 2.1 GHz, 16law’'s predictive accuracyqd. Similar to prior work [9, 60, 128,

GB of RAM, and an NVIDIA GeForce RTX 3060 Ti GPU. The vir- We provided continuous feedback to make participants aware of
tual models were created in Blender 4.2, while the VR system was Poundary contacts. When the wire touched the boundary, e.g., Fig-
developed in Unity 2022.3.49f1 with the Meta XR All-in-One SDK Ure 1-b, itturned red, and an error tone signaled each impact. If the

68.0.1. For the VR Head-Mounted-Display (HMD), we used a Meta 'ing exceeded the path boundary, i.e., lateral o set greater than the

Quest 3.

4.3 Procedure

After signing the consent form and completing a demographic sur-
vey, participants were briefed on the study. Participants completed
a set of training trials until they became comfortable with the task,
which took less than ve minutes per participant, as the task is
straightforward. At the beginning of the study, participants initiated
the task by clicking a start button, which centered the scene in front
of the participants. Following Amini et al.'sJ recommendation,
we employed theRing and Wire task (see Figure 1-c), isolating
translational movement, since it o ers a reliable measure of motor
control with clear path constraints.

Participants, seated and using their dominant har¥l78 128
129, rstgrabbed aring placed 2.5 cm before the wire's start, which
ensured any grasping jitter occurred outside the recorded steer-
ing phase 9]. A semi-transparent virtual hand supported spatial
awareness during reachind p1 125, but once the ring entered the
wire's start point (marking the beginning of steering), the hand be-
came invisible to avoid distraction and occluding the path's bound-
aries P, 46 121. Participants then steered the ring along the wire
to the endpoint.

Following previous speed-accuracy trade-o studies [18, 66, 67,
138 143, we introduced three verbal task-execution bias€ast,
Fast & Accurate , andAccurate ) and displayed the current bias in
the top-left corner of the scene as a reminder. Although some point-
ing studies B7, 95 used extreme execution biases, e.g., max-speed
or max-accuracy, we did not adopt such conditions because they are
less informative for evaluating device or user performance in typi-
cal interaction settings§6 67], where participants are generally
instructed to perform “as fast and as accurate as possigé§ 111.

All conditions were aligned to a common reference point, i.e.,
15 cm below and 35 cm in front of the headset, maintaining a
consistent visual scale. We adopted this location as it was previously
identi ed as a comfortable position for mid-air steerin@[. Trials
were presented one by one, with steering performance recorded
from the moment the ring entered the path until it reached the
end. The next trial then appeared automatically in front of the
participant. Following prior 2D B, 66 135 139 and 3D [9, 78 128
129 Steering law studies, we used discrete movements and treated
each movement as an independent sample to provide a reliable
performance estimate [39, 95].

In our study, the ring and wire were not constrained by collision
mechanics, as a pre-study had shown that such constraints allowed
sliding along the wire independent of actual hand motion. This
mismatch could produce unrealistically short steering times, e.g.,
Y 240 ms, below the human reaction timg]], creating ballistic
rather than controlled trajectoriesg?, 70, 89. Unlike Liu et al. [/,
we did not pause the task when boundary violations occurred. Paus-
ing mid-action is uncommon in modern VR interfaces, and prior

available path width Figure 1-b, the trial automatically restarted. A
distinct success tone con rmed the completion of each valid trial.
To reduce fatigue and mitigate the gorilla arm e ecb®, 67,
participants were given mandatory breaks between changes in task
execution bias. In total, each session lasted less than one hour.

4.4 Design

To ensure the paths were comfortably reachable, we referred to an-
thropometric data 112 144 and conducted a pilot study to con rm
that chosen parameters were practical, comfortable, and o ered
clear task boundaries for the seated participants. We also selected
commonly used path lengths and widths for 3D mid-air steering
studies P, 78 128 129. The independent variables are summarized
below:

Task execution bias: speeBdst), speed and accurackdst

& Accurate ), and accuracyAccurate ).

Path Width (W): 0.02, 0.04, and 0.08 m.

Path Length (L): 0.25 and 0.40 m.

18 3D Path Orientations (R0-R17): 6 principal axes and 12
face diagonals, considering bi-directional movements.

Path Width (W) is aligned with previous workd, 78 12§, and is
calculated as the ring's diameter minus the wire thickness (see Fig-
ure 1-b). Ring and wire thicknesses were xed at 1 cm. Two path
Lengths (L) and three path widths (W) resulted in 6 unidielevels
(IDs =3"125 50, 625 100, 1250, 200). To capture the e ects of
movement direction in 3D mid-air interactions/g 129, we in-
cluded path orientations aligned with the main axes and alP 45
diagonals. To control for handedness e ecf8d, each orientation
included both movements (left-to-right and right-to-left), resulting
in 18 distinct path orientations. We counterbalanced the conditions
across participants by randomizing path 3D orientation sequences
for each participant and applying a Latin Square design to the other
independent variables. Each participant performed all conditions
three times (in sequence), resulting® 2! 18Orientations
3 ExecutionBiases3 repetitions= 972trials.

We recorded task execution time (s), candidate throughput cal-
culations B 1), and average speed (m/s) for each trial. Since we per-
mitted boundary contact, we captured both the number of boundary
contacts and contact time (the duration of boundary contact). This
distinction enables us to separate total steering time into steering
time within and on the boundaries, enabling a more granular anal-
ysis of control behavior. Again, if the ring was pushed outside of
the boundary, e.g., Figure 1-b, this indicated a large deviation from
the path.

For each frame, we recorded the wire's position relative to the
ring in local coordinates, yielding track points for trajectory analy-
sis. We also captured the 3D movement o set per frame to compute
speed (o set divided by frame time) and total trajectory distance.
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Figure 2: Bar plots of movement time across execution biases ( Fast, Fast & Accurate , and Accurate ), (a) overall, (b) by path
amplitude (0.25 m, 0.40 m), and (c) by path width (0.02 m, 0.04 m, 0.08 m). In this paper, error bars in plots represent Standard
Error of the Mean (SEM), and pairwise signi cant di erences are indicated with * (p <.05), ** (p < .01), and *** (p < .001).

5 Results behavior during successful steering. This distinction is important in

We used Repeated Measures (RM) ANOMAs (05) on all depen- 3D steering tasks, where the boundary is a transparent volumetric
dent variables to test main e ects and interactions using SPSS 31.0. Surface rather than a line, allowing participants to use boundary
Normality was assumed when Skewness or Kurtosis fell within ~ féedback to adjust their movement without making errors.

1[43; otherwise, we applied log transforms. When sphericity As shown in Table 1 and Figure #ast produced the most
was violated, we used Greenhouse Geisser corrections. Post-hoc boundary hits{ = 078 (= 0'98), followed byFast & Accurate
pairwise tests used Bonferroni-adjusted p-values. (" =07L( =099, andAccurate (" = 053 ( = 094.

Longer paths increased contacts across all bias conditions. Narrow
5.1 Movement Time (MT) paths (= 2cm) also yielded substantially more hits than medium

) ) ) ) ( =4cm)orwide( =8cm) paths, where contacts were nearly
The results showed thatiT increased with execution bias, re ect-  nopexistent.

ing the expected speed-accuracy trade-o , meanicrurate was

slowest{ =211X%B,( =840, followed byFast & Accurate

(" = 1215%B,( = 102), andFast (" = 921<B,( = 1899 . .

(see Table 1). Interaction results showed that execution bias de- 2-4  Trajectory Analysis

pended on path width and length (see Figure 2), highlighting that Assuming a Gaussian distributioril 87], e ective throughput

tighter or longer constraints amplify performance costs. re ects actual performance by using the observed spread of trajec-
tory points rather than nominal task parameters. To examine this
5.2 Error Rate (ER assumption and characterize trajectory variability, we visualized

the steering spread along the two axes perpendicular to the task
axis as 2D density maps (see Figure 5), where each map shows the
trajectory distribution. Except for depth movements (where depth

is the task axis, and x and y represent vertical and lateral motion),
the horizontal x-axis denotes relative depth deviation (larger val-
ues indicate greater distance from the user). Trials were grouped
by path orientation to compare trajectory characteristics across
conditions.

As shown in Figure 5, trajectory analysis revealed patterns in
how task execution bias and path width changed movement variabil-
ity. Across many conditions, the variability was elliptical (e.g., Fig-
ure 5: depth movement#ccurate , and, = 4cm) with the princi-

To assess accuracy, we rst analyERas the proportion of failed
trials, i.e., the number of instances where the ring left the path
boundary (i.e., exceeded the available path width, as shown in Fig-
ure 1-b) relative to the total number of trials. The results showed
that ERdecreased as execution bias shifted toward accuracy, with
Fast having the highesER(" = 2560 %( = 4364), followed by
Fast & Accurate (" =1790%( = 3836), while Accurate led
tothe lowestER(" = 1010%( = 3016 (see Table 1). Interaction

e ects indicated thatERwas sensitive to path width and length
(see Figure 3). Narrower and longer paths ampli ed the accuracy
cost of speed-oriented strategies, consistent with the trade-o s

predicted. pal axis rotated, often diagonally (e.g., Figure 5: lateral movements,
Fast,, =4cm) rather than circular (e.g., Figure 5: depth move-
5.3 Average Boundary Contacts ments,Accurate ,, = 8cm). Path orientation in 3D space also

To assess how long participants were in contact with the path a ected these distributions, i.e., the Vertical, Lateral, Depth,
boundaries, we calculated the ratio of contact time to MT, and over- and Diagonal subsets showed distinct spread visualizations, move-
all, only 7.3% of each trajectory was in contact with the boundary. ments in depth showed more circular spread, whereas vertical and
Also, to further investigate contacts, we analyzed average bound- lateral movements were more asymmetric and angled, respectively.
ary contacts, i.e., the number of times the ring contacted the wire Trials lying on the image plane, i.e., the plane perpendicular to
without leaving the available width, e.g., Figure 1-b. Unlike ER, the viewing angle, resulted in longer spread along the x-axis (depth),
which re ects failed trials, boundary contact captures corrective  which is clearer when we extract the main axial movements. This
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Table 1: Repeated-measures ANOVA results for movement time, error rate, and average boundary contacts across Execution
bias (E), path Width (W), path Length (L), and their interactions (signi cant ones highlighted).

Movement Time Error Rate average boundary contacts

E ect F p K F p K F p K

E F(1.43,24.40) = 93.89| <.001| 0.847 F(2,34) =62.717 | <.001| 0.787| F(1.45,24.61)=42.40 <.001| 0.714
W F(1.57,26.67) = 1264.1] <.001| 0.987| F(1.23,20.85) =170.7| <.001| 0.909| F(1.21,20.60) =1277.2 <.001| 0.987
L F(1,17) = 880.677 | <.001| 0.981 F(1,17)=78.190 | <.001| 0.821 F(1,17) = 786.190 | <.001| 0.979
ExW F(4,68) = 3.684 0.009| 0.178| F(2.23,37.98) =15.1€¢ <.001| 0.471| F(2.71,46.05) = 14.15| <.001| 0.454
ExL F(2,34) =3.927 0.029| 0.188 F(2,34)=1.077 | 0.352| 0.06 F(2,34) =5.191 0.011| 0.06
WxL F(1.39,23.57) =3.79¢ 0.05 | 0.035| F(1.29,21.94)=5.33| 0.023| 0.239| F(1.10,18.89)=176.41 <.001| 0.912
EXWxL F(4,68) =1.671 0.167| 0.09 F(4,68)=0.990 | 0.419| 0.055| F(2.27,38.65)=3.435 0.037| 0.168

Figure 3: Bar plots of error rate across execution biases ( Fast, Fast & Accurate , and Accurate ): (a) overall, (b) by path
amplitude (0.25 m, 0.40 m), and (c) by path width (0.02 m, 0.04 m, 0.08 m).

Figure 4: Bar plots of average boundary contacts across execution biases (Fast, Fast & Accurate , and Accurate ): (a) overall,
(b) by path amplitude (0.25 m, 0.40 m), and (c) by path width (0.02 m, 0.04 m, 0.08 m).

larger deviation along the depth axis can also be seen in vertical 5.5 Throughput (TP)

and lateral movements. . o We analyzed all candidafePcalculations using RM-ANOVA (see Ta-
Overall, at the narrowest width (2 cm), trajectories often traced  pje 2) and further examined their stability across task execution

the path boundary (e.g., Figure 5: allimage-plane pafast,, =2 biases and task di culty levels.

cm). As the width increased, boundary contacts decreased, and

wide paths (8 cm) produced compact interior density clouds with

minimal contact, especially under accuracy-focused conditions. 55.1 Across Speed-Accuracy BigBeassess throughput stability

Particularly, for movement parallel to the image plane (vertical, across speed accuracy biases, we rst followed prior work and

lateral, diagonal), boundary contacts were concentrated along the tested whether any calculation fully removed speed accuracy ef-

depth axis (see Figure 5). fects using a permutation tesbf], where we compared pairs of
throughput calculations (e.gTP, vs. TPe pi.an) across bias pairs
(e.g.Fast vs.Accurate ). All comparisons showed signi cant dif-
ferences between execution biases (see Figure 6), indicating that
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