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Abstract

Measures of target selection in virtual reality (VR) have focused
mainly on overall performance, such as speed and accuracy. How-
ever, a selection is not atomic—numerous things happen during the
short “click” when a target is selected. In this work, we formalize a
set of measures that provide insight into what happens during this
process. The measures characterize the pointer movement, user
behaviors (gaze, head, hand and finger), and coordination between
modalities. To validate the measures, we collected pointing data
from 36 participants using five different 3D pointing techniques.
Our results show that these measures effectively characterize point-
ing performance, task load, perceived exertion, ease of use/learning,
comfort, and sense of agency. We found that tolerating less “stable”
pointing and considering alignment between modalities both im-
prove pointing performance. Our findings suggest that 3D pointing
should prioritize speed, allow for more movements during selection,
and consider coordination of different modalities.
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1 Introduction

With the rapid development of virtual reality (VR) devices, pointing
techniques utilizing various input modalities have been invented,
for example, using controllers [52, 60], hand gestures [12, 48],
gaze [44], or on-body devices. Prior work compared pointing tech-
niques on their performance and user preference, but often without
a consistent measure for comparing these techniques [45]. Mean-
while, most existing performance measures focus on high-level and
overall measures, such as speed and accuracy.

However, a 3D target selection process is not atomic [42]. Even
during a short, quick “click”, numerous things happen between the
start and end of selection trigger, for example, changes in user’s
gaze point, hand posture or controller position, etc. Such character-
istics are not unique to 3D pointing—prior work investigated what
happens during selection with mice [26, 28, 39] and touch-based
systems [30, 31], devising measures characterizing device and user
performance. Motivated by similar ideas, we investigate what hap-
pens during a 3D target selection in VR. The aim is to understand
how the pointer traces and user behavior during this process are
related to the pointing experience. This approach has the potential
to reveal causes of inaccuracies, discomfort, or fatigue, and inform
improvements to these techniques.

In this work, we offer eight measures that can effectively char-
acterize pointing performance and user experience—by looking
into what happens during the short “click” of selection. The mea-
sures consist of four that characterize user behavior within a single
modality: gaze direction range, head direction range, palm position
drift, and index fingertip variability. Additionally, four measures
assess pointer movement and the alignment between modalities:
pointer direction variability, hit point variability, mean alignment
distance, and alignment-adjusted endpoint. These measures were
selected from a total of 31 measures investigated, based on their
significance of correlation with performance and user experience
ratings, conceptual clarity, and ease of interpretation.

To validate these measures, we ran a lab study to collect pointing
data with 36 participants and five pointing techniques: using the
controller, gaze and pinch, gaze and the controller button, handray,
and a ring prototype [29]. We collected 13,885 valid pointing trials,
computed measure values for each trial, and ran descriptive and
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inferential statistics on them. Our results show that these measures
can effectively characterize differences among techniques and align
with pointing throughput. We also found significant correlations
between these measures and accuracy, task load, perceived exertion,
ease of use/learning, comfort, and sense of agency.

The empirical findings revealed distinct patterns of user behavior
during 3D pointing. First, speed had larger effects on overall perfor-
mance than accuracy across all the techniques, and higher tolerance
for less “stable” pointing reduces task load and exertion. Second, we
found that different modalities work in coordination, and using our
alignment-adjusted endpoint measure improves pointing accuracy.
Our findings suggest that 3D pointing should improve tolerance for
less “stable” pointing, prioritize movement speed and lower latency
over pointing and sensing accuracy, and consider coordination of
different input modalities. The contributions of this work are:

e Formalizing eight 3D measures that characterize pointer
movement, gaze, head, and hand movements, pointer inter-
action with task planes, and alignment of a user’s gaze and
their pointer;

o Validation of these measures with five different 3D pointing
techniques in a formal study of 36 participants;

o Empirical results of 3D pointing behavior and their design
implications through investigating the measures with differ-
ent pointing techniques.

2 Related Work

Understanding Human Pointing Behavior. Numerous works
have examined human pointing behavior, particularly with tradi-
tional graphical user interfaces (GUIs). MacKenzie et al. [39] devised
accuracy measures that include movement variability, offset, er-
ror and more for evaluating mouse pointing, revealing differences
that enable detailed comparison of input devices. Keates et al. [28]
and Hwang et al. [26] extended MacKenzie et al’s work, character-
izing pointing behavior by people with motor impairments, and
Kong et al. [30, 31] devised touchscreen measures that characterize
fine motor abilities. Prior work also modeled how users perceive
their own touch point [24, 25], conceptualized touch selection as a
probabilistic distribution around the target [6], and quantified the
relative precision of touches due to the speed-accuracy tradeoff [5].
Our work takes inspiration from MacKenzie et al. [39] and Kong
et al. [31] for traditional 2D mouse and touchscreens, and aims to
investigate similar measures for pointing in 3D environments.

Pointing Techniques for 3D. Controller, hand, and gaze point-
ing are being widely used in head-mounted devices (HMD). One
common technique is the Handray, leveraging the “virtual pointer”
[46] of a ray-cast from a user’s palm enabling distant object manip-
ulation, in contrast to the “virtual hand” [46], which better supports
nearby interactions. Gaze-based techniques have also been shown
to be effective, both with 2D graphical UIs [49, 59] and virtual or
augmented environments [32, 45, 53], for example, the “gaze and
pinch” [32, 34, 44]. Novel 3D pointing techniques have been in-
vented leveraging a combination of input modalities [1], such as
integrating depth into mouse control [62], combining gaze and hand
gestures [11, 37, 44, 47, 59], integrating eye and head motion [50].

Prior work also compared different 3D pointing techniques, high-
lighting their strengths and weaknesses. For example, prior work
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found gaze improving speed but weakening spatial information
recall compared to finger pointing [53], faster and more preferred
than mid-air cursors [54], and advantageous for interacting with
distant objects [58]; gaze was also found to be slower than head-
and foot-based pointing [41], had lower cognitive load and lower
accuracy compared to controllers [36] and degraded performance
on smaller targets [15]. Prior work also found dwelling more ac-
curate yet significantly slower than pinch and button control [43],
and faster selection and reduced hand fatigue through combining
gaze with hand input [61].

Characterizing 3D Pointing Performance. To characterize 3D
pointing performance, a large body of prior work applied Fitts’ Law
[16] with adjustments enabling transformation from 2D to 3D, for
example, in investigating gaze and hand alignment during 3D menu
selection [55], click-and-dwell interactions using gaze, head, and
mouse [18], the effects of rotational jitter on mid-air interactions [2—
4]. Different from these experiments, this work primarily focuses
on the short duration of selection attempts.

Metrics have been devised to characterize physical exertion
caused by 3D pointing, the most popular being consumed en-
durance [22]. Other arm exertion measures include Jang et al’s [27]
model for estimating active, rest, and fatigue muscle states. Prior
work also observed pointing errors caused by movement during
selection, namely the “Heisenberg effect” [9], which was found to
be responsible for a significant proportion of pointing errors [57].
Our work expands upon this prior work to more modalities and
beyond overall performance measures like accuracy.

Indeed, some similar measures have been previously used in
individual studies on an ad hoc basis (Table 1). Yet, this work statisti-
cally validates correlations of each measure with existing high-level
measures like pointing performance and task load. Furthermore,
research has found inconsistencies of results in prior evaluations
due to the varying tasks and ratings [45, 55], and called for the need
of a “set of common tasks and evaluation metrics” [45]—which is
exactly what this work is offering.

Prior Work Leveraging Measures as Described
Similar Measures in Prior Work
Our Measure (1/8)
. . Hand Movement Distance,
Palm Position Drift Yu et al. [58], Wagner et al. [55] Hand Rotation Angles
Additional Measures We Investigated (4/31)
Target Hit Ratio, HeisenbergError,
Pointer Direction Drift Wolf etal. [57] HeisenbergMagnitude

Number of times the participant
lost the target during aiming
Hand Movement Space

Target Re-Entry Luro and Sundstedt [36]

Palm Position Range Luong et al. [35]

Table 1: Prior work using similar measures to evaluate spe-
cific techniques, and measures as described in prior work.

3 DPointing Measures

In this section, we formalize eight measures that we use to charac-
terize what happens between “pointer start” and “pointer release”
during 3D target selection in virtual environments.

3.1 Anatomy of 3D Pointing

Our measures intend to capture movements during the “click” of
pointing selection that consists of at least an active pointer and a



Quantifying 3D Pointing: Characterizing What Happens During Pointing Selection in Virtual Reality

TASKPLANE Selection End

e

Selection Start

Selection Start

d0 [

SelectionEnd : '®

dnl n ACTIVE POINTER
: TASKPLANE
: @%)
: Selection Start

[N Ky.2)
o w o @ ACTIVEPOINTER

Selection End
Selection Start
s Timestamp

H .‘ ACTIVE POINTER @ GAZE
c

di

Selection End

Figure 1: (a) Formalization of a pointing trace as a time series
of 6 DoF ray-casts from selection-start to selection-end, using
a controller, hand, or eye gaze; (b) Illustration of hit point
variability; (c) Illustration of mean alignment distance.
selection trigger, similar to Wagner et al. [55]’s conceptualization. A
selection trigger should consist of at least a start and end event, for
example, controller button-down and button-up. A pointing process
can be defined as a sequence of pointer events from selection-start
at timestamp ?y to selection-end at timestamp t,—1 (Figure 1). For
the i*" pointer event: p; = (Px,i» Py,i» Pz,i) is the origin position of
the ray-cast; d; = (dx,i, dy,i, dz,i) is the direction of the ray-cast. To
simplify presentation, we also define the angle change from d; to d;
as A(d;, dj) and the Euclidean distance between 3D points p; and
pj as D(pi, pj). We define gaze, head, hand and finger movement
events captured from selection-start to selection-end as follows:

e Gaze Movement: Gy, ..., Gng_l,where G; = (pxg,i,pyg,i,ng,i,

dxg,i, dyg,i, dzg,i) is the 6 DoF gaze ray direction;

o Head Movement: Hy, ..., Hp;,—1, where H; = (px;,.i> Pyj,.i> Pzp,is
dxy,.i» Ay, i> dzy,,i) is the 6 DoF head ray direction;

e Palm Movement: Py, ..., Pp,,—1, where P; = (pxp,,-,pyp,i,pzp,i)
is the palm position;

o Index Fingertip Movement: f; jqy. -.-» fn- -Lidxs where f; 4y =

(pr,i,idX’pyf,i,idX’pi,i,idX) is the index fingertip position.

3.2 DPointer Measures

We formalize two measures for the active pointer movement in 3D
and on the 2D task plane.

Pointer Direction Variability. Pointer direction variability is
the cumulative change of pointing direction over the duration of se-
lection. Intuitively, this measure indicates how “jittery” the pointing
direction was during a selection.

n—1
Pointer Direction Variability = Z A(di-1,d;) € [0, 0)

i=1

Hit Point Variability. For the i'" pointer event, we define
Hit; = (xpit j» Ynit ;) as the position where the pointer ray-cast hits
the task plane, in the plane’s 2D coordinates (Figure 1b). Hit point
variability is the total distance of successive hit point movements
from selection-start to selection-end. Intuitively, this measure indi-
cates how “jittery” the pointer movement is on the task plane.

n-1
Hit Point Variability = Z D(Hit;—1, Hit;) € [0, o)

i=1
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3.3 Single Modality Measures

We formalize four measures for movement in each modality.

Gaze Direction Range. Gaze direction range is the angle be-
tween the two gaze directions that are farthest apart.

Gaze Direction Range = max
i,j€0,.ng—

) A(dg’i, dg,j)) € [0, 0)

Head Direction Range. Head direction range is the angle be-
tween the two head directions that are farthest apart.

Head Direction Range = max
I,j€0,....,np—

1A<dh,i,dh,j>) € [0.09)

Palm Position Drift. Palm position drift is the Euclidean dis-
tance between the palm positions at selection-start and selection-
end, indicating how far the user’s hand moved from where it started.

Palm Position Drift = D(Po, Pn,-1) € [0, o)

Index Fingertip Variability. Index fingertip variability is the
total distance covered by successive index fingertip movements
from selection-start to selection-end.

ng—1

Index Fingertip Variability = Z D(fi—1idx fiidx) € [0,00)

i=1

3.4 Alignment Measures

We formalize two measures for the alignment between modalities.

Mean Alignment Distance. Alignment distance is the average
distance between the active pointer hit point Hit; = (xp;t ;, Unit ;)
and the gaze hit point Hit] = (x]'jit]l., y}’lit’i) on the task plane. Fig-
ure 1c illustrates an example of alignment distance during pointing.

n-1

1
Mean Alignment Distance = — Z D(Hit;, Hit}) € [0, o)
n
i=0

Alignment-Adjusted Endpoint. Alignment-adjusted endpoint
is the 3D pointer position at the time when the active pointer and
gaze hit point locations are closest on the task plane. Intuitively,
this measure offers the pointer position when the active pointer
and the user eye gaze are the most “aligned”.

Alignment-Adjusted Endpoint =

(xi*, yi*, zi*) where i* = argmin D(Hit;, Hit})
i=0,...,n—1

In this work, we investigated a total of 31 measures, and selected
eight measures based on two criteria: (1) correlation with perfor-
mance and user experience ratings, and (2) conceptual clarity and
ease of interpretation. We first selected measures based on their
significance of correlations in our analyses with the full set of 31
measures (Appendix E); among measures exhibiting similar statisti-
cal significance, we then selected one measure for each modality to
avoid repetition yet retain high interpretability. For example, we
chose range of motion for gaze and head movements while using
finer-grained measures for pointer movements, and we chose palm
movements over average joint movements. We include formaliza-
tions of all 31 measures and their distributions and analyses in
Appendices A-E.
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Figure 2: The five techniques evaluated: Controller, Gaze-
Contr, Gaze-Pinch, Handray, and Ring. The dashed lines il-
lustrate the ray-cast used for pointing in each technique.

4 Study Method

We conducted a controlled lab study with 36 participants to as-
sess how well our measures characterize 3D pointing behaviors.
Unlike prior work that primarily compares techniques, we also
investigated the correlations between our measures and existing
pointing performance measures (speed, accuracy, throughput)
and user experience ratings (task load, perceived exertion, ease
of use/learning, comfort, sense of agency).

4.1 Experiment Conditions
4.1.1 Pointing Techniques. We chose five pointing techniques:

e Controller. The user points with the default controller ray
and selects targets using the controller button;

e Gaze-Contr. The user points with their gaze and selects
targets using the controller button;

e Gaze-Pinch. The user points with their gaze and selects
using a pinch gesture with the thumb and the index finger;

e Handray. The user points with a ray-cast emanating from
their palm and selects using a pinch gesture with the thumb
and the index finger;

e Ring. The user points with a ray-cast emanating from the
ring position (Figure 2) and selects by tapping their thumb
on the middle phalanx of the index finger (Figure 4b).

These techniques were selected to cover a range of different
modalities (gaze, hand, finger, controller) and selection triggers
(pinch, thumb-tap, button). They also enable pairwise comparisons
that isolate either the pointing modality or the selection trigger.
Furthermore, the techniques range from widely adopted controller-
based interaction to novel wearables, supporting assessment of the
measures’ applicability across various devices and techniques.

4.1.2  Target Configurations. We used spherical targets with two
target size conditions: small and large (5° and 10° diameters),
following prior work [14, 55]. Other factors (e.g., depth, shape) were
omitted due to fatigue observed in a pilot study including both size
and depth. As full counterbalancing was infeasible for a within-
subjects study with 36 participants and 10 conditions (5 Technique
X 2 Target Size), we used constrained randomization to generate 36
unique presentation orders, ensuring balanced distribution across
ordinal positions. Each technique appeared 5-9 times per position,
within +2 of the theoretical mean.

Kong et al.
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Figure 3: The five pointing techniques: user posture during
pointing (top), default state without target hit or selection
(middle), and state during target selection (bottom).

4.2 Existing Pointing Task Measures

We validate our measures by comparing them to existing pointing
task measures as below:

e Hit or Miss. We record whether each trial was a “hit,” mean-
ing that the pointing ray-cast collides with the target sphere
at both selection-start and selection-end;

e Task Load. We measure task load using the NASA-TLX
questionnaire [19, 20]. We record user self-reported physical
demand, mental demand, temporal demand, performance,
effort, and frustration, each from 0 to 10;

o Perceived Exertion. We measure perceived exertion using
the Borg CR-10 scale [8]. We record the user’s overall per-
ceived exertion as well as exertion in the eye, head and neck,
hand and finger, and arm, each from 0 to 10;

e Additional User Experience Ratings. We include addi-
tional measures taking inspiration from prior work [35],
including ease of use, ease of learning, overall comfort, and
sense of agency, each from 0 to 10.

4.3 Pointing Testbed

We developed a Unity testbed app that generates pointing targets
and records user behavior data. The application ran in Unity version
2022.3.38f1, on a high-end Windows 10 machine (2.7GHz Intel i7
CPU, 1.73GHz GeForce GTX 3070 GPU).

4.3.1 Eye Calibration. We used the Meta Quest Pro default eye
calibration, and validated calibration results through accuracy and
precision of gaze on 10 blinking cross-hair targets on a circle of 10
degrees radius around the center of the view.

4.3.2  Pointing Task. For each trial, the testbed generates a gray
target sphere (Figure 3) at a random position within +35° horizon-
tally and vertically from the center of view, at a fixed distance of
2 meters, a comfortable range within users’ view and reach [10].
Upon selection, a sound is played and the next target is generated
until the block ends. The testbed provides a yellow hover effect and
visualizes pointer ray-casts as red beams with a red cursor at the
hit point. Ray visualization is enabled for controller, hand, and ring,
but not gaze, following prior work [14], as it improves pointing
accuracy for hand/controller but can degrade gaze performance
due to cursor chasing [40].
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4.3.3  Pointing Techniques and User Behavior Tracking. We used
a Meta Quest Pro headset (1800 X 1920 px per eye, 90 Hz refresh
rate, 106° X 96° FoV) and a ring prototype (the ElectroRing [29]).
Gaze-Contr and Gaze-Pinch use the Meta OVRPlugin library for
gaze ray-casting, while Handray and Gaze-Pinch use the OVRHand
library for hand ray-casting and pinch detection. For the Ring tech-
nique, the ring (Figure 4a-b) is worn on the dominant index finger.
The ray-cast origin is computed from hand joints (OVRSkeleton)
as the midpoint of the index proximal phalanx, and its direction
from accumulated gyroscope motion, calibrated to a forward-facing
baseline (Figure 4c). Selection is triggered via thumb tap, detected
through electrode voltage changes [29]. The controller ray-cast
information was recorded at a 72 Hz sampling rate. Selection-start
and selection-end events with timestamps were also recorded. The
hand pointer 6 DoF ray-cast information was obtained through the
Meta OVRHand library and recorded at a 60 Hz sampling rate. Gaze
and head position and direction were obtained through the Meta
OVRPlugin library and recorded at a 72 Hz sampling rate.

3

Figure 4: (a) Ring hardware (ElectroRing [29]) with a 9-axis
IMU and embedded electrodes; (b) “thumb tap” gesture for
selection; (c) the ring pointing posture used during interac-
tion and calibration.

4.4 Participants

We recruited 36 participants using email solicitations. Participants
were 36.1 years old on average (SD = 12.6), including 14 women
and 22 men. Thirty-five participants were right-handed and one
participant was left-handed. On a scale of 0 to 10, participants
self-reported having moderate (M = 4.8,SD = 2.6) experience
with XR overall; for pointing techniques, participants self-reported
having moderate (M = 5.7, SD = 2.9) experience using controllers,
moderate (M = 4.3,SD = 3.3) experience using freehand gestures,
little to moderate experience (M = 3.2, SD = 3.6) using gaze, and
no or little experience (M = 0.5,SD = 1.7) using ring-based devices.

4.5 Procedure

Study sessions were conducted in person with IRB approval. Each
session consisted of five parts, one per technique, following the
same procedure. At the start of each part, participants completed eye
calibration on the headset by following blinking targets, aiming to
keep tracking error within 1.5°. For the Ring condition, participants
completed an additional calibration of pointing forward, holding
posture, performing a thumb tap, and aligning to the center of the
view (Figure 4c). Each Technique X Target Size condition included 5
practice and 40 test trials. After each block, participants verbally
reported responses to rating questions (Section 4.2).

4.6 Data Analysis

4.6.1 Preprocessing. We removed outlier trials with (1) no more
than two sensor data points or (2) excessively long duration (above

ICMI *26, October 05-09, 2026, Napoli, Italy

M + 25D, 0.93 seconds), likely due to sensor errors. We then com-
puted the eight measures for each valid trial. No additional smooth-
ing was applied beyond the library default to avoid eliminating
useful information from short sensor streams (96.1% trials had no
more than 20 sensor data points). We removed P27 from the addi-
tional ratings analysis as there was no variation in their ratings.

4.6.2 Pointing Throughput Calculations. To assess pointing perfor-
mance, we computed throughput (bits/s) [38]. We excluded trials
with movement amplitudes below A/2 [38], and regressed move-
ment time (MT) on effective index of difficulty (IDe), calculated
from effective amplitude (A.) and width (W,) [51]. As ray-cast inter-
actions lack 3D endpoints, we estimated W, using the observed error
rate [51]. Our study did not include predefined amplitude (A) by
target width (W) conditions, so we grouped trials via post hoc clus-
tering of amplitudes by median A, to form pseudo-conditions [13].
Together with target size, this produced four conditions, and thus
four (ID,, MT) pairs, per participant-technique pair.

4.6.3 Counterbalancing Verification. The active pointer measure
showed significant effects of Order ()(g N=13885 = 132.28,p < .01)

and Order x Technique ()(326’1\]:13885 = 281.73,p < .01). We there-
fore included Order as a covariate in comparisons across techniques.
In the adjusted model, the order effect remained statistically sig-
nificant (XS,N=13885 = 109.84,p < .01) but had a minimal effect
size (ryf, = 0.008), whereas the Technique effect was substantially
larger (XZ,N:BSSS = 20674.40, p < .01, r]f, = 0.600). This result sug-
gests that controlling for order revealed rather than masked true
technique differences. No significant order effects were found for
the user experience ratings (task load, perceived exertion, ease of
use/learning, comfort, sense of agency).

4.6.4 Statistical Analyses. To understand how the measure values
differ across Technique and Target Size, we ran linear mixed models
(LMMs) [17, 33] on each measure!, with Technique, Target Size, and
their interaction as fixed effects, Order as a covariate, and Participant
as a random effect. Trial was excluded from the random effects
as it contributed zero variance. We applied log transformations
to all dependent variables except the alignment measures, and
verified normality through examination of residuals. Significant
omnibus tests were followed by post hoc pairwise comparisons
with Holm’s correction [23]. To investigate the correlations of our
measures with pointing performance, we ran generalized linear
mixed models (GLMMs) [7] on the binomial trial Hit, using pointer
direction variability or endpoint type (with vs. without alignment
adjustment) as fixed effects, and Participant and Trial as random
effects. To investigate the correlations of our measures with user
experience, we used mixed ordinal logistic regression [21] on NASA-
TLX and additional user ratings, with each pointer measure? as a
fixed effect and Participant as a random effect. Borg CR-10 scores
were analyzed using LMMs with each pointer measure as a fixed
effect and Participant as a random effect>.

1 As the four target hit measures among the full set of 31 measures capture higher-level
outcomes rather than movement traces, we report descriptive statistics but exclude
them from inferential analyses.

2Measures were averaged per Technique X Target Size block, as ratings were collected
once per block.

3Borg CR-10 ratings were treated as continuous as they contained 0.5 values.
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Figure 5: Interaction plots (M + SD) showing gaze direction range, head direction range, palm position drift, index fingertip
variability, pointer direction variability, hit point variability, and mean alignment distance by Technique x Target Size.

5 Results

In this section, we present analysis results showing how the mea-
sures characterize pointing behavior. We compare measures across
techniques and target sizes, then present correlations between our
measures and existing performance and user experience measures.

5.1 Summary of Data

We collected 14112 trials of pointing data from the 36 participants,
and there were 13885 (98.4%) valid trials remaining after outlier
removal. The valid pointing trials had an average duration of 0.17
seconds (SD = 0.08), and contained an average of 12 data points in
the pointer traces (SD = 5). Overall, 12427 (89.5%) trials successfully
hit the target, while 1458 trials (10.5%) missed the target.

5.2 Comparing Different Pointing Techniques

Overall, Handray had the lowest pointer measure values across
all five techniques, followed by the two gaze-based techniques,
Gaze-Contr and Gaze-Pinch; Controller and Ring had slightly higher
pointer measure values, indicating overall more pointer movement
during a selection. Controller had the smallest standard deviation
of pointer measures, while Ring had the largest standard deviation,
indicating the amount of variation in user behavior. We found
significant effects of Technique, Target Size, and their interaction
on the measure values for most of our measures. We present the
full omnibus test results and distributions of all user ratings and all
measure values in Appendices D and E.

5.3 How Our Measures Characterize Pointing
Performance

In this section, we explore how our measures relate to pointing
accuracy and throughput.

Lower measure values (i.e., more “stable” pointing) are as-
sociated with higher pointing accuracy. We show the pointing
accuracy of each Technique and Target Size in Figure 6. Among
the five techniques, Controller had the highest pointing accuracy

overall, followed by Handray. The distribution of pointer direction
variability by accuracy (Figure 6b) also shows that pointer direc-
tion variability was negatively associated with accuracy, i.e., the
more “stable” the pointing was, the higher pointing accuracy was.
We found significant correlations between pointing accuracy and

pointer direction variability ()(12 N=13s85 = 038-1,p < .01).

Average Block Accuracy by Technique, TargetSize Pointer Dir Variability ~ Accuracy (Block Average)

TargetSize

y (
%

Average Block Accuracy (%)
80

Pointer Direction Variabilty (Degrees)

Controller  Gaze-Contr Gaze-Pinch  Handray ~ Ring 20 ) 60 80 100

a

Technique Accuracy (%)

Figure 6: (a) Interaction plot showing pointing accuracy (error
bar representing M + SD) of each Technique X Target Size; (b)
Distribution of pointer direction variability by accuracy. The
smaller the pointer measure was (i.e., the more “stable” the
pointing was), the higher pointing accuracy was.

However, techniques with higher measure values (i.e. less
“stable” pointing) exhibit better overall pointing performance.
In our throughput analysis, we obtained a total of 13018 move-
ment traces from the data, and there were 12988 (99.8%) valid tri-
als remaining after outlier removal. The Controller exhibited the
highest overall throughput (M = 2.49,SD = 0.51) across partic-
ipants; Gaze-Contr (M = 2.23,SD = 0.78) and Gaze-Pinch (M =
1.94,SD = 0.60) exhibited slightly lower throughput, followed by
Ring (M = 1.75,SD = 0.50); Handray exhibited the lowest through-
put among all five techniques (M = 1.34,SD = 0.27). ¢

“While we did not perform a statistical analysis on the correlation between through-
put and our measures due to the limited amount of throughput data available (one
throughput per participant-technique pair), the overall trend in throughput values is
in accordance with the pointer direction variability measure.
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Physical  Mental Temporal .

Demand  Demand Demand Performance Effort Frustration
Measure N df df  x? df »? df y? df »? df »?
Pointer Direction Variability 354 1 645" 1 520 1 — 1 14.62 ** 1 468" 1 14.02 **
Hit Point Variability 354 1 — 1 4.27* 1 — 1 12.93 ** 1 — 1 13.43 **
Mean Alignment Distance 200 1 274. 1 7757 1 — 12291 1 481" 1  6.88*

Table 2: Chi-square (y?) statistics for all significant (p < .05) and marginal (p < .10) effects of our measures on the NASA-TLX
task load measures. Significance indicators: . p < .10, *p < .05, **p < .01.

Eye Head and Neck  Hand and Finger Arm
Measure N df X 7712, df X r]f, df  x? 1712, df 5 r)lz,
Gaze Direction Range 354 1 641"  0.02 1 - - 1 613" 002 1 - -
Head Direction Range 354 1 - — 1 658" 0.02 1 — - 1 - -
Palm Position Drift 210 1 - — 1 372. 002 1 542" 0.03 1 451* 0.02
Index Fingertip Variability 210 1 1496 0.08 1 7.00™ 0.04 1 - - 1 319. 0.02

Table 3: Chi-square (y?) statistics and effect size (r]f,) for all significant (p < .05) and marginal (p < .10) effects of our measures
on the Borg CR-10 perceived exertion measures. Significance indicators: . p < .10, *p < .05, **p < .01.

Ease of Use Ease of Learning Comfort Sense of Agency
Measure N df y? df x* df x? df x*
Pointer Direction Variability 343 1 1577 1 — 1 1213 1 12.04 **
Hit Point Variability 343 1 12.76 ™ 1 — 1 8.84™ 1 13.60 **
Mean Alignment Distance 203 1 1064 1 7.79* 1 - 1 692

Table 4: Chi-square (x?) statistics for all significant (p < .05) effects of our measures on the additional user experience ratings.

Significance indicators: *p < .05, **p < .01.

Using alignment-adjusted endpoints improves pointing ac-
curacy. We computed the overall hit rate before and after using the
alignment-adjusted endpoint for Controller, Handray, and Ring, the
three techniques that did not use gaze as the pointer. The overall
hit rate increased from 91.8% to 93.6% after using the alignment-
adjusted endpoint to determine hit or miss. Among the 8170 trials,
196 trials changed from miss to hit, 52 trials changed from hit to
miss, while 7922 trials remained unchanged. We found significant
correlations between the Endpoint Type and the binary trial-level
hit or miss (XiN:8170 =19.96,p < .01).

5.4 How Our Measures Characterize Pointing
User Experience

In Section 5.2, we discussed overall trends of correlations between
measure values and user ratings through the plot visualizations.
In this section, we present how these measures characterize user
experience by showing inferential analyses results on how they
are correlated with the NASA-TLX task load measures, Borg CR-10
scale for perceived exertion, and additional user experience ratings
of ease of use/learning, comfort, and sense of agency.

5.4.1 How Our Measures Reflect Task Load. We found significant
correlations between our pointer measures and all six NASA-TLX
task load measures except temporal demand. The correlations be-
tween our measures and the NASA-TLX task load measures are
presented in Table 2. Specifically, lower pointer measure values
were associated with higher task load—taking pointer direction
variability and physical demand as an example (Figure 7), Handray
had the lowest pointer direction variability (M = 0.01,SD = 0.03)
(i.e., smallest amount of movement) yet the highest physical demand

(M = 3.5,SD = 1.8) among the five techniques; in contrast, Con-
troller had the highest pointer direction variability (M = 0.04,SD =
0.02) (i.e., largest amount of movement), yet the lowest physical
demand (M = 2.4,SD = 1.9).

Physical Demand by Technique, TargetSize

Pointer Dir Variability by Technique, TargetSize

TargetSize Targetsize

- large 1 smal
smal large

Pointer Dir Variabilty (Degrees)
Physical Demand

Controller  Gaze-Contr Gaze-Pinch  Handray Ring Controller  Gaze-Contr Gaze-Pinch  Handray  Ring

Technique Technique

Figure 7: Interaction plots showing pointer direction vari-
ability and physical demand (error bar representing M + SD)
by Technique and Target Size. The trends in the plot show
that pointer direction variability and physical demand were
generally negatively correlated.

5.4.2  How Our Measures Reflect Perceived Exertion. We found
significant correlations between our measures and Borg CR-10
measures for perceived exertion. We present all significant (p < .05)
and marginal (p < .10) correlations between our measures and
perceived exertion in the eye, head and neck, hand and finger, and
arm in Table 3. Specifically, lower measure values were associated
with higher perceived exertion—taking gaze direction range and eye
exertion as an example, Gaze-Contr and Gaze-Pinch had the lowest
gaze direction range (M = 0.02, SD = 0.04 and M = 0.02, SD = 0.03)
among the five techniques, and the highest eye exertion (M =
3.1,SD = 2.3 and M = 3.1,SD = 2.2) (Figure 8).
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Gaze Dir Range by Technique, TargetSize Eye Exertion by Technique, TargetSize
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Figure 8: Interaction plots showing gaze direction range and
perceived eye exertion (error bar representing M + SD) by
Technique and Target Size. The trends in the plot show that
gaze direction range and perceived eye exertion were gener-
ally negatively correlated.

5.4.3 How Our Measures Reflect Additional User Experience
Ratings. We found significant correlations between our measures
and other user experience ratings including ease of use, ease of
learning, comfort, and sense of agency. All significant (p < .05) cor-
relations between our measures and the user experience ratings are
presented in Table 4. Similar to task load measures, lower measure
values (i.e., smaller amount of movements) were associated with
degraded user experience—lower ease of use/learning, less comfort,
and less sense of agency.

6 Discussion

6.1 Characterizing Performance and User
Experience

In Section 5.4, we showed the correlations between our measures
and existing pointing task measures. We demonstrated that our
measures could effectively characterize pointing speed, accuracy,
throughput, task load, perceived exertion, ease of use/learning, com-
fort, and sense of agency. Note that our measures do not require
always-on sensor streaming, and only rely on a very small seg-
ment of sensor data between selection-start and selection-end—this
makes our measures lightweight and suitable for runtime usage.

6.2 Findings
In this section, we discuss implications of our analysis results, and
how we might understand pointing experiences through the lens
of these measures.

Speed has a larger effect on overall performance than ac-
curacy for the five techniques we evaluated. In Section 5.3, we
found that techniques with lower measure values (i.e., more “stable”
pointing) exhibited higher accuracy but lower throughput. This
suggests that speed had a larger effect on overall performance than
accuracy across the five techniques we evaluated. One possible
explanation is the additional effort required for precise 3D pointing,
which often involves holding the pointer steady—in contrast to
mouse- or touch-based 2D input, which is easier to control.

Higher tolerance for less “stable” pointing improves the
pointing user experience. In Section 5.3 and 5.4, we found that
higher measure values (i.e., less “stable” pointing) were associated
with lower task load, reduced fatigue, and better overall user experi-
ence. This highlights a key difference between 2D and 3D pointing:

Kong et al.

prior work on 2D pointing shows that less pointer movement cor-
responds to better fine motor control and performance—for touch-
based systems, for example, a “perfect touch” would have zero drift
[30, 31]. However, when it comes to 3D pointing, such “perfect”
selections are much harder to achieve. Thus, unlike 2D pointing,
our results suggest that greater tolerance for less “stable” pointing
improves the user experience in 3D.

Lower latency and higher sampling rate might be more im-
portant than sensing accuracy for 3D pointing. It is important
to note that the five techniques rely on different sensing systems,
ranging from accelerometer and gyroscope to camera-based hand
and gaze tracking.” While this may affect comparability, sensor
characteristics are also integral to user experience. For example,
participants described Handray as “laggy,” requiring extra time to
confirm target hover (P20), and reported feeling more in control
when pointers “actually followed the movement” (P23). Our find-
ings suggest that when trading off sensing accuracy and latency,
techniques with slightly lower accuracy but lower latency may be
preferable to those with higher accuracy but higher latency.

Different modalities don’t work in isolation during 3D point-
ing. In Section 5.4.2, we found correlations not only within modal-
ities (e.g., gaze direction range and eye exertion), but also across
modalities. For example, gaze direction range was correlated with
hand and finger exertion; mean alignment distance was correlated
with task load. These results suggest that increased load in one
modality may affect others. For instance, users may closely moni-
tor hand ray-cast movements while controlling them, increasing
eye exertion. Additionally, improved pointing accuracy with the
alignment-adjusted endpoint measure (Section 5.3) further high-
lights the importance of coordination across modalities.

6.3 Design Implications

We include a summary of how pointing performance and user
experience are associated with high and low measure values, i.e.,
the amount of movement during 3D pointing in Table 5. Overall,
allowing for more movements during the “click” leads to better
performance and user experience.

Measure Performance User Experience Ratings
Value Accuracy Speed Throughput Task Load Exertion Additional
High Low High * High * Low * Low * High *
Low High * Low Low High High Low

Table 5: Pointing performance and user experience associated
with high and low measure values, i.e., the amount of move-
ment during 3D pointing. * indicates which option means
“better” performance or user experience.

Our findings suggest that: (1) 3D pointing techniques should im-
prove tolerance for less “stable” pointing; (2) 3D pointing techniques
should prioritize movement speed over pointing accuracy; (3) sensing
techniques for 3D pointing should prioritize latency over sensing
accuracy; (4) 3D pointing interactions should consider coordination
among different modalities.

5 Handray operates at a lower sampling rate (60 Hz) than controller-, gaze-, and ring-
based techniques (72 Hz), resulting in less captured movement and potentially con-
tributing to observed differences in performance and user experience.
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6.4 Limitations and Future Work

Our experiment evaluated only spherical targets of varying sizes
on vertical task planes in front of the user. Future work could ex-
plore additional configurations, including target depth, shape, plane
orientation, and larger angles from the center of view. While our
measures could potentially be generalizable to other 3D pointing
scenarios, e.g., augmented reality (AR) or mixed reality (MR), we
validated them only in fully virtual environments; extending the
evaluation to AR and MR is an important agenda for future work.

Our measure computation is dependent on sensor capabilities
and detection algorithms. For example, hand movement capture
relied on joint data from Meta OVRHand and OVRSkeleton, and
our testbed used the default eye and hand tracking of the Meta
Quest Pro. Tracking accuracy could be improved with specialized
eye-tracking (e.g., Tobii Glasses) or motion-tracking systems (e.g.,
OptiTrack), which may influence targeting performance [15, 56].
Inherent differences in sensing techniques and tracking modalities
may also limit the extent to which observed differences can be at-
tributed to the input techniques themselves. Additionally, prior user
experience with input modalities (e.g., controllers) may introduce
bias, and future work could examine its relationship with task load.

Finally, we focused on pointing selection tasks in a controlled
lab setting. Extending these measures to other interactions (e.g.,
object manipulation) and evaluating them in real-world contexts is
an important direction, as practical tasks may involve concurrent
use of modalities (e.g., gaze for browsing and selection), potentially
increasing fatigue over time. For future work, field experiments
with real-world tasks and validation with independent datasets are
required to understand 3D pointing.

7 Conclusion

In this work, we presented eight pointing measures that character-
ize what happens during 3D pointing selection, covering pointer
movements, user behavior in single modalities, and alignment be-
tween modalities. To validate these measures, we ran a study to
collect pointing selection data with 36 participants and 5 differ-
ent pointing techniques: Controller, Gaze-Contr, Gaze-Pinch, Han-
dray, and Ring. Our analyses showed that our measures effectively
characterized pointing speed, accuracy, throughput, task load, per-
ceived exertion, ease of use/learning, comfort, and sense of agency.
We found an association of less “stable” pointing with improved
performance and user experience. We also found that using the
alignment-adjusted measure improved the pointing performance.
Our findings suggest that 3D pointing should prioritize speed over
accuracy, improve tolerance for less stable pointing, and consider
coordination between modalities.

Safe and Responsible Innovation Statement. The study was
approved by the IRB and conducted in accordance with the or-
ganization’s privacy and ethical guidelines. All study data were
de-identified. The experiment was designed to minimize participant
discomfort potentially caused by extended headset use.
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Full List of Measures We Explored

A.1 Target-Agnostic Measures

First, we formalize target-agnostic measures focusing on the move-
ment traces themselves regardless of the target. These measures
were inspired by target-agnostic metrics for characterizing touch
behavior on 2D touchscreens [30, 31], aiming to cover modalities
relevant to 3D pointing. For the hand-based measures, in particular,
both overall movement such as palm positions and individual joint
movements are considered to capture user behavior at different
levels of granularity.

A.l1

Active Pointer Measures. Let n be the total number of pointer

events captured from selection-start to selection-end, inclusive. A
pointing process can be defined as a sequence of pointer event

Eo, ..

., En—1, where selection-start is Ey and selection-end is E,;—1.

Then, for the i*" pointer event:

® pi = (Px,i» Py,i» Pz,i) is the origin position of the ray-cast;
e d; = (dx,i,dy,,dz,;) is the direction of the ray-cast;
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o If available, (x;, y;, z;) is the position of the pointer 3D loca-
tion;
e 1; is the event’s timestamp.
We define the angle change from d; to dj as A(d;, d;) and the
Euclidean distance between 3D points p; and p; as D(p;, p;).

Pointer Direction Drift. Pointer direction drift is the angle be-
tween the pointer ray-cast directions at selection-start and selection-
end. Intuitively, this measure indicates how far away a pointer
direction finished from where it started.

Pointer Direction Drift = A(dy, dp—1) € [0, o)

Pointer Direction Variability. Pointer direction variability is
the cumulative change of pointing direction over the duration of se-
lection. Intuitively, this measure indicates how “jittery” the pointing
direction was during a selection.

n-—1
Pointer Direction Variability = Z A(di-1,d;) € [0, 00)
i=1

Pointer Direction Range. Pointer direction range is the angle
between the two pointing directions that are farthest apart. Intu-
itively, this measure indicates the range of directions the pointing
ray-cast covered throughout the selection.

i,j€0,....n

Pointer Direction Range = ( _ max lA(d,-,dj)) € [0, c0)

A.1.2  User Behavior Measures for Specific Modalities. We define
gaze, head, hand and finger movement events captured from pointer
down to pointer up as follows.

e Gaze Movement: G, ..., G, -1, where G; = (pg,i.dg,i) =
(ny,i,Pyg,i, Pzgis dxg,i, dyg,i, dzg,i) is the 6 DoF gaze ray di-
rection, and p!’],i = (p'xg, 1, p"yg.1,p’ 24, 1) is the 3D gaze
point;

e Head Movement: Hy, ..., Hy, -1, where H; = (pp;, dp;) =
(Pxpais Pypis Pzpis Axpis Ayp,,i» dzp,i) i the 6 DoF head ray di-
rection;

e Palm Position Movement: Py, ..., Pnp_l,where P; = (pxp,i,pyp,i,pzp,i)

is the 3D palm position;
e Finger Joint Movement: Fy, ..., F,,f,l, where

fio Pxy,i0 Pyp.i0 Pz4,i0

fia Pxpii Pysit Pz
F={ . |= . . .

im—1 xpibm—=1  Pyrim-1 Pzpim-1

and m is the number of joints in a hand skeleton captured.
Specifically, ﬁ,idx = (pr,i,idX)ny,i,idxapi,i,idx) is the i-th
position of the index fingertip during the movement.

Gaze Direction Drift. Gaze direction drift is the angle between
the gaze ray-cast directions at selection-start and selection-end.

Gaze Direction Drift = A(dg,0, dg,n,—1) € [0, c0)
Gaze Direction Variability. Gaze direction variability is the
cumulative change of gaze direction over the duration of selection.
ng—1
Gaze Direction Variability = Z A(dg,i-1,dg,i) € [0, 0)
i=1
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Gaze Direction Range. Gaze direction range is the angle be-
tween the two gaze directions that are farthest apart.

Gaze Direction Range = max  A(dg,,dgj)| € [0,00)
i,j€0,...ng—1
Gaze Point Drift. Gaze point drift is the Euclidean distance
between the gaze 3D points at selection-start and selection-end.

Gaze Point Drift = D(P;,O’P;,ng—l) € [0,00)

Gaze Point Variability. Gaze point variability is the total Eu-
clidean distance of successive gaze point movements over the dura-
tion of selection.

ng—1
Gaze Point Variability = Z D(p;’i_l,p;!i) € [0, c0)
i=1

Gaze Point Range. Gaze point range is the Euclidean distance
between the two gaze points that are farthest apart.

Gaze Point Range = max D(p’ ., p. ;)] € [0, 00
g (UE max (PyiPy,;) | € [0,0)

Head Direction Drift. Head direction drift is the angle between
the head directions at selection-start and selection-end.

Head Direction Drift = A(dp,g, dp ), —1) € [0, 00)

Head Direction Variability. Head direction variability is the
cumulative change of head direction over the duration of selection;

np—1
Head Direction Variability = Z A(dpi-1,dp;) € [0,00)

i=1

Head Direction Range. Head direction range is the angle be-
tween the two head directions that are farthest apart.

Head Direction Range = ( ~ max A(dh’,-,dh’j)) € [0, )
i,j€0,...,np—1

Palm Position Drift. Palm position drift is the Euclidean dis-

tance between the palm positions at selection-start and selection-

end. Intuitively, this measure indicates how far away the user’s

hand moved from where it started.

Palm Position Drift = D(Py, Pn,-1) € [0, o)

Palm Position Variability. Palm position variability is the total
distance covered by successive palm movements from selection-
start to selection-end. Intuitively, this measure indicates how jit-
tery” one’s hand is during the selection.

np—1
Palm Position Variability = Z D(P;-1,P;) € [0,00)
i=1
Palm Position Range. Palm position range is the Euclidean
distance between the most distant two palm positions. Intuitively,
this measure indicates the spatial range of the palm position during
selection.

Palm Position Range = ( max  D(P;, Pj)) € [0, 0)
i,j€0,.n,—1
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Index Fingertip Drift. Index fingertip drift is the Euclidean
distance between index fingertips at selection-start and selection-
end;

Index Fingertip Drift = D(f; jax fnffl,idx) € [0, o)

Index Fingertip Variability. Index fingertip variability is the
total distance covered by successive index fingertip movements
from selection-start to selection-end;

ng—1
Index Fingertip Variability = Z D(fi-1.idx fiidx) € [0,00)
i=1
Index Fingertip Range. Index fingertip range is the Euclidean
distance between the most distant two index fingertip positions.

Index Fingertip Range = ( max  D(f; idx,fjidx)) € [0, 00)
i,]EO,...,nf—l ’ ’

Average Hand Joint Drift. Average hand joint drift is the av-
erage Euclidean distance between each hand joint positions at
selection-start and selection-end, across all hand joints.

-1
1 m
Average Hand Joint Drift = — " D(fyk, fu,—1.k) € [0,00)
m k=0 !

Average Hand Joint Variability. Average hand joint variability
is the average total distance covered by successive movements of
each hand joint from selection-start to selection-end, across all
hand joints.

m-1nf-1

1
Average Hand Joint Variability = p” Z Z D(fi—1k fix) € [0,00)
k=0 i=1

Average Hand Joint Range. Average hand joint range is the
average Euclidean distance between the most distant two positions
of each hand joint during the trace, across all hand joints.

1 m-—1
Average Hand Joint Range = — Z ( max  D(fi. f; k)) € [0, c0)
m =1 ’ ’

i,j€0,...,n
k=0 \*

A.2 Target-Aware Measures

With knowledge of the target size and position, our measures also
look into whether the pointer ray hits the target and the movement
traces of the hit points with both the target object and the task
plane. The target-aware measures were inspired by MacKenzie et
al’s accuracy measures characterizing what happens during mouse
pointing on 2D graphical Uls [39], and extended to characterize
pointer interactions with 3D targets and 2D task planes, as well as
alignment between multiple modalities.

A.2.1 Task Plane Definition. When a user is interacting with menu
items or 2D UI components on a flat plane in the 3D space, the
task plane is the 2D plane containing the UI components; when
the target becomes a 3D object and there is no explicit 2D task
plane for the pointing task, our measures consider both the flat
surface the user is facing where the target center resides and the
cylindrical surface around the user (i.e. around the head-corrected
world coordinate y-axis) as potential task planes.

Kong et al.

A.2.2 Target Hit Measures. For the ith pointer event, I; is 1 when
the pointer ray-cast hits the target object and 0 when it doesn’t.
Similarly, for the it" gaze event (when gaze is not used as the active
pointer), I is 1 when the gaze ray hits the target object and 0 when
it doesn’t.

Target Hit Ratio. Target hit ratio is the percentage of pointer
events that hit the target.
n—-1r.
i=

o li

%
Target Hit Ratio = X 100%

Target Focus Ratio. Target focus ratio is the percentage of gaze
rays that hit the target.
n—1 1y
i=0 i

Zi=0 i

Target Focus Ratio = X 100%

Target Re-Entry. Target re-entry is defined as the number of
times the active pointer enters the target.

Focus Re-Entry. Focus re-entry is defined as the number of
times the gaze ray enters the target.

A.2.3 Task Plane Hit Measures. For the it" pointer event, Hit; =
(Xhit,i» Ynit,;) is the position where the pointer ray-cast hits the
task plane, in the task plane 2D coordinates. Similarly, for the ith
gaze event (when gaze is not used as the active pointer), Hit; =
(xllﬂt,i’ y]’m’i) is the position where the gaze ray hits the task plane,
in the task plane 2D coordinates. We define the hit point measures
characterizing pointer movement on the 2D task plane as below.

Hit Point Drift. Hit point drift is the Euclidean distance between
the pointer ray-cast hit point with the task plane at selection-start
and selection-end, in the task plane 2D coordinates.

Hit Point Drift = D(Hito, Hit,,_1) € [0, 00)

Hit Point Variability. Hit point variability is the total distance
covered by successive hit point movements from selection-start to
selection-end, in the task plane 2D coordinates.

n-—1
Hit Point Variability = Z D(Hit;_1, Hit;) € [0, o0)
i=1

Hit Point Range. Hit point range is the Euclidean distance
between the two most distant hit points, in the task plane 2D coor-
dinates.

Hit Point Range = ( ~max D(Hit;, Hitj)) € [0, 0)
1,j€0,...,n—1

A.2.4  Alignment Measures. The target-aware measures also look

into how well different modalities coordinate in a pointing gesture,

for example, the alignment between the controller or hand ray-cast

and the gaze ray.

Mean Alignment Distance. Alignment distance is the average
distance between the active pointer hit point and the gaze hit point
on the task plane.

n-1

1
Mean Alignment Distance = — Z D(Hit;, Hit}) € [0, o)
n
i=0
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Alignment Distance Deviation. Alignment distance deviation
is the standard deviation of the distance between the active pointer
hit point and the gaze hit point on the task plane, where pap is the
mean alignment distance.

n-1

1
Alignment Distance Deviation = 4| — Z [D(Hit;, Hit}) - papl? € [0, )
n

i=0

Alignment-Adjusted Endpoint. Alignment-adjusted endpoint
is the position of the 3D pointer location where the active pointer
and gaze hit point locations are closest on the task plane.

Alignment-Adjusted Endpoint =

(xi*, yi*, zi*) where i* = argmin D(Hit;, Hit})

i=0,...,n—1

A.3 Measure Collection and Evaluation

For each trial, we collected the active pointer directions, gaze posi-
tions and directions, head positions and directions, hand and finger
joint positions, and target size and position, using the testbed (Sec-
tion 4.3). The 31 measures were then calculated from the collected
trials, and analyzed using methods described in Section 4.6.4. Note
that while more than 8 measures exhibited significant effects as
shown in Appendix E, we selected a representative subset by remov-
ing measures that captured similar aspects of the same modality
and showed similar significance patterns, in order to maintain in-
terpretability and avoid repetition.

B Interaction Plots for Task Load, Perceived
Exertion, and Additional User Ratings

In Figures 9-11, we plot the mean and standard deviation of each
rating question (NASA-TLX, Borg CR-10, and other user experience
questions) by Technique and Target Size.

C Interaction Plots for All Measures

In Figures 12-18, we plot the mean and standard deviation of each
measure by Technique and Target Size.

Physical Demand by Tochnique, TagetSize

Tomporal Demand by Tochniqus, TargetSize

Frustration by Technique, Targetsizs

Figure 9: Interaction plots showing NASA-TLX task load rat-
ings (error bar representing M + SD) of Technique x Target
Size.
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Overall Parcved Excrton by Techniqus, Targetsize Head and Nock Excrtion by Technia

]
Figure 10: Interaction plots showing Borg CR-10 perceived
exertion ratings (error bar representing M + SD) of Technique

X Target Size.

Ease of Use by Technique, TargetSize Ease of Learning by Technique, TargetSize

‘Comfort by Technique, Targetsize ‘Sense of Agency by Technique, TargetSize

Figure 11: Interaction plots showing additional user experi-
ence ratings (error bar representing M + SD) of Technique X
Target Size.

D Full Omnibus Test Results Comparing the
Measures Across Techniques

We present the y2-statistics of the omnibus tests for our selected
measures in Table 7. Alignment-adjusted endpoint is omitted from
the comparison because it is a 3D vector rather than a scalar mea-
sure. We omit the full pairwise comparison results here due to the
large number of combinations.

E Full Analysis Results of All 31 Measures

Table 6 shows all significant effects of Technique, Target Size, and
their interaction on each measure. Table 8 shows correlations be-
tween each NASA-TLX task load measure and each measure. Table 9
shows correlations between Borg CR-10 perceived exertion scores
and each measure. Table 10 shows correlations between additional
user experience ratings and each measure. As the initial analyses

Figure 12: Interaction plots showing active pointer measures
(error bar representing M + SD) of Technique X Target Size.
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of the hit point measures yielded the same results for the flat and
cylindrical task planes, we conducted the remaining analyses using
only the flat task plane.

(Gaze Dir Dift by Technique, TargetSize

(Gaze DirVarabity by Techniaus, TargstSize

‘Gaze Dir Range by Techniaue, TargetSize

g;q g-
g~ 8.
i i
i- -

(Gaze Point et by Techniaue, TargetSize (Gaze Point Variabilty by Techniqus, TargetSize Gaze Point Range by Techniaue, TargetSize

Figure 13: Interaction plots showing gaze measures (error bar
representing M + SD) of Technique X Target Size.

Head Di Varably by Techniaue, TargetSize Head Dir Range by Technique, TargetSize

=FF

%

Paim Positon Varabily by Technique, Tagetsize Paim Position Range by Techniaue, Targetsize

o H
gl ’gg
i i
g S
f 3 H

Figure 14: Interaction plots showing head and palm position
measures (error bar representing M + SD) of Technique x
Target Size.

‘Average Hand Jont Drit by Technique, TargetSize

Average Hand Jont Variabily by Technique, TargetSize ‘Average Hand Jint Range by Technique, TargetSize

g
- ragmss . ragmse o
g 8

Index Fingerti Drft by Techniqus, TargtSize Index Fingertip Variailty by Technique, TargetSize Index Fingertip Rang by Tochnique, TargetSize
3 o 2 o
s s g

Figure 15: Interaction plots showing finger joint measures
(error bar representing M + SD) of Technique X Target Size.
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Target Hit Ratio by Technique, TargetSize Target Focus Ratio by Technique, TargetSizo.

- - Targatsize.
iz iz
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Targt R-Enty b Tochqu, Targtize Focus Ro-Eny by Tochius, Targesin
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Figure 16: Interaction plots showing target hit and re-entry
measures (error bar representing M + SD) of Technique X
Target Size.

it Point Varibilty (Fat Task Plane) by Techrniaue, HitPoint Range (FatTask Plane) by Techniaue, TargetSize

1 ]
= H
1 zs
iz
HitPoin Dift (CylinricalTask Plane) by Technique, TargetSize HitPoint Varabity (Cylindrical Task Plane) by Techniaue, TargeSize Wit Point Range (Cylindrical Task Plane) by Techniaue, TargtSize

Figure 17: Interaction plots showing task plane hit point
measures (error bar representing M + SD) of Technique x
Target Size.

Alignmant Distance Average (Flat Task Plane) by Technique, TargetSize  Alignment Distance St Dov (Flat Task Plane) by Techniqus, TargetSize

g

[ ——

Alignment Distance Average (Cylindrical) by Technique, TargetSize Alignment Distance Std Dev (Cylindrical) by Tochnique, TargeSize

Aigmant etane Avrsg (Cycscal

Figure 18: Interaction plots showing eye and pointer align-
ment measures (error bar representing M + SD) of Technique
X Target Size.
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Technique Target Size Technique x Target Size
2
Measure N df x? r;f, df x? 17?, df x? 5
Active Pointer Measures
Pointer Direction Drift 13885 4 6075.30 ** 0.310 1 383.95*  0.030 4 36.12 %% 0.003
Pointer Direction Variability 13885 4 20674.40 **  0.600 1 378.37 " 0.030 4 112.51**  0.008
Pointer Direction Range 13885 4 12710.90 **  0.480 1 451.32** 0.030 4 74.74 ** 0.005
Eye Movement Measures
Gaze Direction Drift 13885 4 23446 0.020 1 119.77** 0.008 4  — —
Gaze Point Drift 13885 4 242.34 " 0.020 1 125.81*  0.009 4 - -
Gaze Direction Variability 13885 4 23749 0.020 1  36.06* 0.002 4 10.01~ 0.001
Gaze Point Variability 13885 4  247.12* 0.020 1  40.25* 0.003 4 — —
Gaze Direction Range 13885 4  265.03 0.020 1 101.13**  0.007 4 — —
Gaze Point Range 13885 4  273.14* 0.020 1 106.56 ** 0.008 4  — -
Head Movement Measures
Head Direction Drift 13885 4 318.32** 0.020 1 64.98 ** 0.005 4 12.89 0.001
Head Direction Variability 13885 4 281.59 ** 0.020 1 47.78 ** 0.003 4 15.77 ** 0.001
Head Direction Range 13885 4 323.09 ** 0.020 1 74.21** 0.005 4 14.22 0.001
Hand Movement Measures
Palm Position Drift 8095 2 314.59 ** 0.040 1 — - 2 15.87 ** 0.002
Palm Position Variability 8095 2 489.32 ** 0.060 1 — - 2 28.90 ** 0.004
Palm Position Range 8095 2 428.47 ** 0.050 1 — - 2 23.50 ** 0.003
Avg Hand Joint Drift 8095 2 889.99 ** 0.100 1 — - 2 63.59 ** 0.008
Avg Hand Joint Variability 8095 2 1835.53 ** 0.190 1 469~ 0.005 2 54.18 ** 0.007
Avg Hand Joint Range 8095 2 1470.84 ** 0.150 1 494~ 0.008 2 70.73 ** 0.009
Index Fingertip Drift 8095 2 4466.30 ** 0.360 1 14.50 ** 0.003 2 69.71** 0.009
Index Fingertip Variability 8095 2 9412.21 ** 0.540 1 12.72 % 0.004 2 73.93 ** 0.009
Index Fingertip Range 8095 2 8024.82 ** 0.500 1 18.19 ** 0.004 2 92.41** 0.010
Task Plane Hit Point Measures
Hit Point Drift (Flat) 13885 4 4700.39 ** 0.250 1 39347 ** 0.030 4 36.43 ** 0.003
Hit Point Drift (Cylindrical) 13885 4 4489.84 ** 0.240 1 390.90 **  0.030 4 36.86 ** 0.003
Hit Point Variability (Flat) 13885 4 15718.37 **  0.530 1 382.87 **  0.030 4 111.18 **  0.008
Hit Point Variability (Cylindrical) 13885 4 15446.31 **  0.530 1 382.23 " 0.030 4 113.09 **  0.008
Hit Point Range (Flat) 13885 4 9868.16 ** 0410 1 457.25**  0.030 4 73.43 ** 0.005
Hit Point Range (Cylindrical) 13885 4 9549.05 ** 0410 1 456.75** 0.030 4 75.23 ** 0.005
Alignment Measures
Mean Alignment Distance 8170 2 82.40 ** 0.010 1 31.43 0.001 2 20.53 ** 0.003
Alignment Distance Deviation 8170 2 206.99 ** 0.020 1 91.54 ** 0.010 2 21.77 ** 0.003

Table 6: Chi-square (y?) statistics of all significant (p < .05) effects of Technique, Target Size, and their interaction on each
measure. Significance indicators: *p < .05, “*p < .01.
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Technique Target Size Technique x Target Size

Measure N df x? ryf, df x? 1712, df x* 77121

Gaze Direction Range 13885 4  265.03* 0.020 1 101.13**  0.007 4 — —

Head Direction Range 13885 4 323.09 ** 0.020 1 74.21**  0.005 4 14.22 ** 0.001
Palm Position Drift 8095 2 314.59 ** 0.040 1 - - 2 15.87 ** 0.002
Index Fingertip Variability 8095 2 9412.21**  0.540 1 12.72** 0.004 2 73.93 ** 0.009
Pointer Direction Variability 13885 4  20674.40 " 0.600 1 378.37** 0.030 4  112.51* 0.008
Hit Point Variability 13885 4 15718.37** 0.530 1 382.87** 0.030 4 111.18 **  0.008
Mean Alignment Distance 8170 2 82.40 ** 0.010 1 31.43*  0.001 2 20.53 ** 0.003

Table 7: Chi-square (y?) statistics of all significant (p < .05) effects of Technique, Target Size, and their interaction on each
measure. Significance indicators: *p < .05, **p < .01.

Physical  Mental Temporal .
Demand  Demand Demand Performance Effort Frustration
Measure N df y? df x* df x? df x? df y? df x*
Active Pointer Measures
Pointer Direction Drift 354 1 439" 1 376. 1 — 1 11.93 ** 1 469" 1 9.69 **
Pointer Direction Variability 354 1 645" 1 520 1 — 1 1462 1 468" 1 14.02**
Pointer Direction Range 354 1 485* 1 434" 1 — 1 13.35** 1 436" 1 11.71**
Task Plane Hit Point Measures
Hit Point Drift 354 1 - 1 2.77 . 1 - 1 9.54 ** 1 — 1 8.38 **
Hit Point Variability 354 1 - 1 4.27* 1 - 1 12.93 ** 1 — 1 13.43 **
Hit Point Range 354 1 - 1 3.35. 1 - 1 11.21** 1 — 1 10.67 **
Alignment Measures
Mean Alignment Distance 200 1 274. 1 7757 1 — 1 2291 1 481" 1 688
Alignment Distance Deviation 210 1 - 1 586" 1 - 1 5.96 * 1 563 1 9.12*

Table 8: Chi-square ()?) statistics for all significant (p < .05) and marginal (p < .10) effects of our measures on the NASA-TLX
task load measures. Significance indicators: .p < .10, *p < .05, **p < .01.



Quantifying 3D Pointing: Characterizing What Happens During Pointing Selection in Virtual Reality ICMI 26, October 05-09, 2026, Napoli, Italy

Eye Head and Neck Hand and Finger Arm
Measure N df y mydf X modf X mydf X A
Eye Movement Measures
Gaze Direction Drift 354 1 814 0.020 1 - - 1 5.61% 0.020 1 — -
Gaze Direction Variability 354 1 3.17. 0.009 1 — - 1 7.63*  0.020 1 — -
Gaze Direction Range 354 1 641* 0.020 1 — - 1 613~ 0.020 1 — -
Head Movement Measures
Head Direction Drift 354 1 — — 1 682" 0020 1 — — 1 - -
Head Direction Variability 354 1 - — 1 5.57* 0.020 1 - — 1 - -
Head Direction Range 354 1 - — 1 6.58* 0.020 1 - — 1 — -
Hand Movement Measures
Palm Position Drift 210 1 — — 1 3.72. 0.020 1 5.42* 0.030 1 451" 0.020
Palm Position Variability 210 1 - — 1 6.99 **  0.040 1 7.26 ** 0.040 1 3.04. 0.010
Palm Position Range 210 1 - - 1 591* 0.030 1 6.04* 0.030 1 3.17. 0.020
Avg Hand Joint Drift 210 1 3.60 . 0.020 1 5.98* 0.030 1 2.86 . 0.010 1 - -
Avg Hand Joint Variability 210 1 9.23 ** 0.050 1 8.19™ 0.040 1 - - 1 - -
Avg Hand Joint Range 200 1 669 0030 1 711" 0.040 1 — — 1 - -
Index Fingertip Drift 210 1 10.78** 0.060 1  3.72. 0.020 1 — — 1 411”7 0.020
Index Fingertip Variability 210 1 14.96 **  0.080 1 7.00 ** 0.040 1 - — 1 3.19. 0.020
Index Fingertip Range 210 1 13.01 ™ 0.070 1 516* 0.030 1 - - 1 467 % 0.020
Alignment Measures
Mean Alignment Distance 210 1 985 0050 1 — - 1 3400 0.160 1  26.58* 0.130
Alignment Distance Deviation 210 1 10.95* 0.060 1  — - 1 4892* 0220 1  3494™ 0.190

Table 9: Chi-square (y?) statistics for all significant (p < .05) and marginal (p < .10) effects of our measures on the Borg CR-10
perceived exertion measures. Significance indicators: . p < .10, *p < .05, **p < .01.

Ease of Use Ease of Learning Comfort Sense of Agency
Measure N df ¥ df x* df x? df x?
Active Pointer Measures
Pointer Direction Drift 343 1 12.62 ™ 1 — 1 9.26 ** 1 9.04 **
Pointer Direction Variability 343 1 1577 1 - 1 1213 1 12.04 **
Pointer Direction Range 343 1 1412 1 — 1 10.63 ™ 1 10.71 **
Task Plane Hit Point Measures
Hit Point Drift 343 1 8.77 ** 1 — 1 5.29 % 1 10.02 **
Hit Point Variability 343 1 12.76 ** 1 — 1 8.84 ** 1 13.60 **
Hit Point Range 343 1 1054 ™ 1 — 1 6.79 ** 1 12.00 **
Alignment Measures
Mean Alignment Distance 203 1 10.64™ 1 7.79* 1 — 1 692*
Alignment Distance Deviation 203 1  19.04* 1 — 1 4067 1 1588*

Table 10: Chi-square (y?) statistics for all significant (p < .05) effects of our measures on the additional user experience ratings.
Significance indicators: *p < .05, **p < .01.
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