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Abstract. The ability to establish and sustain eye contact is a prerequi-
site for effective communication. Unfortunately, eye contact is difficult to
preserve in remote collaboration that relies on videoconferencing, mixed
reality, or virtual reality technologies. Before proceeding with the design
of remote collaboration systems that provide adequate eye contact, an
important preliminary question is how good does eye contact have to be
for a remote collaborator to not feel that their interlocutor is not making
eye contact. This paper presents a two-alternative forced choice (2AFC)
study with N = 139 participants that measured the lateral detection
threshold for lack of eye contact. The findings suggest that a person sit-
ting in front of a laptop has to have a fixation point within 1.5cm (or
1.43°) of the laptop’s video camera for their remote interlocutor to not
perceive the lack of eye contact.
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1 Introduction

Advances in technology have made real-time remote collaboration ubiquitous.
The appearance and voice of each user is acquired, transmitted, and rendered
in real time, abstracting away geographic distances. Cameras have sufficient
resolution, networks have sufficient bandwidth, and computers have sufficient
processing power to enable effective real time collaboration across continents.
Such remote collaboration is now used routinely in many domains, including
education [7,21], healthcare [14,29], and social connectedness [4,10].

Remote collaboration solutions differ through how participants are
acquired [8]. One option is to acquire participants in 3D, which has the advan-
tages of allowing the viewer to perceive their remote collaborator with accurate
depth cues, of integrating the remote participant seamlessly into the viewer’s
physical surroundings or into a collaborative virtual environment with fine grain
depth compositing, and of allowing the viewer to change the viewpoint from
where they see their remote collaborator [26]. The main challenge of the app-
roach is that it is difficult to acquire a person in 3D in real time and with
sufficient color and geometry resolution to allow for a realistic rendering at the
remote sites [25]. Another option is to acquire the participants in 2D, with a
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conventional video camera. The advantages are acquisition simplicity—most lap-
tops, tablets, and phones do have a user-facing videocamera—and visualization
realism. The challenges of remote collaboration based on 2D acquisition are the
lack of depth cues, the difficulty of seamless integration into 3D physical or vir-
tual environments, the limited range of viewpoints from where the 2D acquired
participant can be seen, and the difficulty of supporting eye contact between a
participant and their remote interlocutor.

Most remote collaboration is conducted through videoconferencing. Video-
conferencing is the simplest form of 2D remote collaboration, where each par-
ticipant sees a real time video of each of the remote participants. Videoconfer-
encing ignores all challenges enumerated above. A participant does not see the
remote participants in 3D, the remote participants are not integrated into the
3D physical space surrounding the local participant or in a collaborative 3D vir-
tual environment, and participants do not make eye contact with one another.
Whereas the shortcomings stemming from the lack of 3D data are palatable
for many remote collaboration applications, the lack of eye contact is a funda-
mental limitation of videoconferencing that greatly reduces the effectiveness of
remote collaboration [24]. Without eye contact, a participant is likely to find it
harder to follow what their interlocutor says, the conversation turns to a series
of monologues as opposed to a dialogue, and participants disengage [2].

(2a) ‘ (2b)

Fig. 1. Frames from pairs of videos like the ones shown to participants in our study.
For the first pair (top), the offsets for 7a and 1b are 0cm and 7 cm, respectively. For
the second pair (bottom), the offsets for 2a and 2b are 1cm and 0cm, respectively.

Consider the scenario when participant A and participant B engage in video-
conferencing, each using their laptop. If A looks on their laptop at the eyes of B,
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then A looks away from their laptop’s webcam, and therefore A’s video does not
provide eye contact to B. For B to feel that A is looking at them, A would have to
look at their webcam, which, of course, precludes A from seeing B. While there
have been attempts to remedy the lack of eye contact in videoconferencing, prior
work has not answered reliably the important first question of how good we are
at detecting the lack of eye contact. In other words, what is the threshold above
which eye contact in videoconferencing is detected by participants? Estimating
this threshold would provide a target to any approach aimed at addressing the
issue of eye contact in videoconferencing and in remote collaboration in general.

In this paper we present a study (N = 139) that measured the detection
threshold for lack of eye contact in video conferencing. The study was approved
by our institution’s ethics board, i.e., the Institutional Review Board (IRB).
The study follows a two alternative forced choice (2AFC) design, which is the
golden standard for psycho-physical detection threshold studies. A participant
is shown pairs of videos of a potential remote interlocutor, one at the time, and
is asked which of the two videos had better eye contact. In one of the videos
the interlocutor looks straight at their camera, and in the other the interlocutor
looks away from their camera, by various offsets. Figure 1 shows frames from two
pairs of videos. Whereas it is straightforward to choose 1a over 1b as the frame
with better eye contact, choosing between 2a and 2b is harder.

2 Prior Work
2.1 The Lack of Eye Contact Problem

The problem of lack of “mutual gaze” in video conferencing has been noted for a
long time [28]. The recent pandemic that disrupted all aspects of our lives and
had us heavily rely on video conferencing triggered an intense research interest
in video conference effectiveness and lack thereof [9]. Although eye contact is
used sparingly in normal conversations, being able to establish eye contact when
needed is essential for communication. For example, eye contact has been shown
to influence problem solving and to facilitate conceptual understanding [18§].
Full gaze awareness is the ability to know at what someone is looking, and is an
important component when considering the necessities of utilizing videoconfer-
encing platforms. Mutual gaze is the occurrence of two people making direct eye
contact with each other. It is often difficult to achieve both full gaze awareness
and mutual gaze in videoconferencing environments, due to the vertical discrep-
ancy between the camera and the facial image that causes offset eye contact to
be made [22].

2.2 Attempts to Address the Eye Contact Problem

Many solutions have been proposed to alleviate the problem of lack of eye contact
in video conferencing, but none have found widespread use. Videoconferencing
proceeds by and large without trying to address the problem. One solution is
to rely on the user of the videoconferencing system to learn when their remote
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interlocutors are looking at them [12]. The user calibrates the various focus
points and remembers which view direction the remote interlocutor assumes
when they are looking at the user. The result is of course just the most indirect
of eye contacts, and what is learned becomes obsolete when the videoconfer-
encing participants—or the videoconferencing system itself-rearrange where each
participant is displayed. Another simple solution is to rotate the plane on which
the video is displayed to place the head of the viewer on the view direction axis
of the person in the video [17]. The shortcoming is that the method lacks the
benefit of the 3D geometry of the person’s head, so the video becomes the video
of a video projected on a slanted plane, and not the video of someone talking
into the camera.

Neural networks rival humans in detecting eye contact [6], but neural network
gaze manipulation is still primarily an offline process, unsuitable for real-time
remote collaboration [11]. Neural networks have indeed achieved real time per-
formance only by limiting the gaze redirection to the eyeballs, i.e., excluding the
face [15]. However, real-time 3D gaze redirection continues to rely on modeling
and re-rendering [13]. The work aimed at addressing the lack of eye contact is
orthogonal to ours. Our focus is to measure the lack of eye contact detection
thresholds, which informs any and all approaches for addressing the lack of eye
contact.

Beyond videoconferencing, eye contact has long been, and continues to be,
an important design concern in collaborative mixed reality [1,3]. Compared to
videoconferencing, collaborative mixed reality has the advantage of greater flexi-
bility in placing the visualization of the remote collaborator, as well as the benefit
of a richer representation of the remote collaborator, which often includes 3D
data. One study examined the effectiveness of a remote collaborative system
where some participants are seated at a traditional computer, whereas another
participant was in a mixed reality environment where the other collaborators
were virtually placed around a table. One of the main benefits to the participant
in the mixed reality environment was the ability to better perceive nonverbal
cues, including natural gaze cues [3|. This highlights the importance of convey-
ing eye contact correctly in collaborative XR systems, and our study gathers
important preliminary data informing the design of such systems. Our work,
conducted in the context of videoconferencing, does inform all remote collabo-
ration approaches regarding eye contact requirements.

2.3 Lack of Eye Contact Detectability

Prior research on eye contact sensitivity is limited. One study examined four
setups for video tele-consultation to find, unsurprisingly, that a 7° eye gaze
angle yielded better perceived eye contact than a 14° angle [27]. Some studies
relied on rendered stimuli based on virtual 3D head models, and others on video
stimuli. A dense exploration of the gaze directions space was conducted with the
help of a virtual 3D head, which was aimed away from the study participant with
increasing angular offsets [20]; the study found that the cone of gaze directions
from which a person feels looked at subtends 8.3° in the lateral direction. A
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subsequent study, also relying on a virtual 3D head, found that the region of
perceived eye contact is symmetrical in all directions, except for a slight 0.5°
asymmetry downwards, and that it is 6.8° wide [23].

Sensitivity to eye contact was measured with video stimuli in a study that
used eight directions, i.e., every 45° [5], and fixation offsets between 0° and 5°
in all directions except for downwards, which was between 0° and 15°, with 1°
increments. More than half of the participants perceived eye contact when the
offset was approximately 1°, except for the downward direction, where the offset
was 7°. This substantial asymmetry, which was not replicated by the later study
of Van der Pol [23], prompted a second replication study that found that the
sensitivity to eye contact is 1.2° horizontally and 1.7° vertically.

Another study was performed where the recorded subject focused their gaze
on different offsets, and respondents were asked for a series of still-frame screen-
shots if the subject was looking directly into the camera. This study found that in
order for respondents to achieve 75% accuracy, an offset of around 2.7° laterally
was required. [19]

2.4 Anchoring Our Work Into Prior Work

Building on this prior work, our study contributes novel insights on eye contact
sensitivity. First, prior work [5,19,20,23| employs an experimental design that
relies on yes-no questions, e.g., “Do you feel looked at, yes or no?” or “Do you
feel like the person is making eye contact, yes or no?”. Such a design, sometimes
called a pseudo 2AFC design, is more prone to bias than a true 2AFC design.
For example, instead of answering the question whether the person in the video
is making eye contact, participants might answer the question “Do you feel like
the eye contact is good enough?”, which depends on individual preference. On
the other hand, in a true 2AFC design a participant will not choose the offset
option over the no offset option just because they find it acceptable. In another
example, a participant in a light detection study might truthfully answer “no”
when presented with a dim light stimulus, although if that same stimulus were
presented paired with a stimulus with no light at all, the participant might still
be able to choose the dimmer stimulus reliably.

Similarly, in a pseudo 2AFC design, the order in which the videos are pre-
sented has a much larger impact, as the participant will likely end up rating
later videos that they are presented with relative to the videos that they had
already seen up until that point. In other words, in a pseudo 2AFC design, the
participant’s standards can change throughout the experiment due to the sub-
jectivity of the question, whereas in a true 2AFC study such as ours, the user
will always only be considering whether each offset video has more or less direct
eye contact than the video it is paired with (where the video subject is looking
directly at the camera). This leads to far less variance in each users’ responses,
resulting in more accurate results compared to prior works.
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Our study employs a 2AFC design, which is the best design for threshold
detection studies. Eye contact detection is a quick task that allows many repeti-
tions per participant as needed to investigate a wide range of offsets, so a 2AFC
design is possible and should be used, unlike, for example, in the case of gain
detection threshold studies for redirected walking in virtual reality.

A second way in which our study is complementary to prior work is that we
investigate lack of eye contact detection thresholds not in a laboratory setting,
with stimuli recorded with a camera at the height of the user and with fixation
points on the vertical plane [5,20,23|, but rather in the realistic setting of a
remote collaborator seated in front of their laptop, with the laptop screen angled
as desired, and with fixation points around the laptop’s webcam, which provides
application validity.

3 Study

In order to fulfill the need for a detectability threshold at which individuals are
able to notice a lack of eye contact, we performed an experiment to measure
response rates in order to calculate such a threshold. Our study was approved
by our IRB. The IRB protocol number will be included in the non-anonymous
version of this paper.

3.1 Methods

Study Design. Our study follows a two-alternative forced choice (2AFC)
design. As detailed in Sect. 2, the 2AFC design is the best known design for
detection threshold measurement, as it less prone to bias compared to the yes-
no question (i.e., “pseudo 2AFC”) design employed in prior work [5,19,20,23].
We show participants pairs of short videos, each three seconds in duration.
For each pair, in one video the person in the video is looking straight at the
camera, and in the other video they are looking at a point that is offset with
respect to the camera (Fig. 1). All video pairs have one video with no offset, and
one with an offset in the 0 cm—10 cm range. The two videos of a pair are shown
one at the time, in random order. After the participant has seen both videos of a
pair, they are asked which video had better eye contact: the first or the second.
The detection threshold is measured as the offset for which the average correct
response rate is 75%, i.e., half way between chance (50%) and perfect (100%).
The focus of this study was limited to examining the detectability threshold of
horizontal offsets. Part of the justification for this was to limit participant fatigue,
as just the addition of examining vertical offsets would double the number of
trials that each participant would be asked to undergo. Increased participant
fatigue would likely lead to less accurate results and potentially a lower rate of
users completing the entire study. An alternative method would be to divide the
participants into subgroups which are each asked to undergo trials on only one
direction, but this would incur further shortcomings, such as reduced number of
participants per direction, and the possibility of each subgroup being imbalanced
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in terms of eye dominance or vision ability. Focusing on fewer directions also
allows for greater granularity and range in the offsets presented to users, whereas
prior studies presented far fewer videos to participants in the horizontal direction
than our study, such as [5] which for the horizontal direction only operated on a
range of 0° to 5°, with a granularity of 1° between videos, whereas our study had
approximately double the granularity and range, leading to far more accurate
results.

Focusing on the detectability of the horizontal thresholds is also logical since,
during video conferencing, users are more likely to have windows of other inter-
locutors located on the left or right sides of their screens (meaning that their
own gaze will be offset as they focus on the window of the other interlocutor).
Furthermore, prior research has indicated that humans are more sensitive to
detecting horizontal offsets than they are to detecting vertical offsets.

Participants. Our study had N = 139 participants from our university’s com-
munity. Based on the demographics data we have collected, 37.4% of participants
were female, 61.9% were male, and 0.72% checked the “prefer not to disclose”
option. Furthermore, 84.2% of participants were in the 18-25 age range, 14.4%
were in the 26-35 range, and 1.44% were in the over 35 range. Finally, 12.2%
of participants indicated that they use videoconferencing daily, 48.2% use it at
least once a week, 26.6% use it at least once a month, 12.2% use it at least once
a year, and 0.72% had never used it. Participants were not screened for color
vision deficiency, but the subject of the video has dark irises, so color vision
deficiency should be less impactful than otherwise.

Stimuli. We recorded videos in a typical video conferencing setting, with the
same person seated in front of their laptop. Each video was 3s long and the
person was asked to say the same line: “Hi, my name is <name>". The videos
differed through the person’s fixation point, i.e., the point where they looked
when the video was recorded. We recorded 21 videos, one with a fixation point
at the laptop’s webcam, i.e., an offset of 0cm, the next with a fixation point
0.5cm to the right, the next with a fixation point of 1.0 cm to the right of the
laptop’s webcam, and so on, with the last video having a fixation point of 10.0 cm
to the right of the laptop webcam (Fig.2). The 21 videos were then mirrored
left-right in software to create 21 left offset videos. Note that the 0cm offset
video was also mirrored to avoid lighting differences with the left offset images.
The procedure created 42 videos that were shown to participants according to
the following procedure.

Mirroring the videos from a single direction was done for consistency, as
any minor asymmetries in the video subject’s face, lighting, dominant eye, or
environment could impact the viewer’s perception of eye contact. These variables
should be kept constant since we are only concerned with how the change in offset
affect’s the viewer’s perception of eye contact, to reduce bias.

Also for consistency, the videos were all recorded by a single individual (an
author of the study, to ensure accuracy of offset). There are many variables
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Fig. 2. Back lateral image of the setup used for the recording of the video stimuli.

of an individual’s appearance (ethnicity, race, gender, age, glasses, etc.) which
may affect a participant’s ability to compare eye contact between two videos,
and varying any of these attributes between videos would lead to inconsisten-
cies in the users’ selections, and attempting to cover enough variations of these
attributes so as to not weaken the study would require an intractable number
of participants to adjust for the variability between which variation they were
presented with.

Since this variable could not be removed, it should be noted that the subject
of the video wears glasses, as do 63.7% of individuals in the USA and over 4
billion people across the globe, meaning that it is meaningfully representative
for the subject to have glasses.

Experimental Procedure. The study was run online, through Qualtrics. First
a participant was prompted for demographics data and then the participant was
shown pairs of videos and asked to choose the video with the better eye contact.
The study took approximately 10—15 min per participant. Each participant was
compensated with a cash gift card worth the equivalent of $5.

Each participant was presented with 42 pairs of videos, covering all possi-
ble left and right offsets. The left offset pairs were shown together, as were the
right offset pairs. Compared to alternating left and right pairs, our approach of
showing videos of the same type of offset in block translates to less variability
between consecutive pairs. This in turn helps participants detect lack of eye con-
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tact, and it results in more conservative detection thresholds. Some participants
saw the left-offset videos first, and some last, in counterbalanced fashion. For
each type of offset, left or right, the 21 pairs covered all 21 offsets, from 0cm to
10 cm, with 0.5 cm increment, with one of the two videos being the 0 cm video.
The offsets were shown out of order, in counterbalanced fashion. After each pair,
the participant was asked to identify the video with the better eye contact. The
participant had to provide an answer to move on to the next pair.

Data Collection. In addition to the demographics data, we recorded for each
participant and for each pair of videos shown to them whether the participant
identified correctly the video with better eye contact. This amounts to 42 bits of
data per participant. For the two video pairs, one left and one right, where both
videos were the 0 cm offset video, the accuracy was defined as being 50%, since
the two stimuli are perceptually indifferentiable, so the respondent is choosing at
random between the two videos. This definition is consistent with 2AFC studies,
where the point at which the stimuli can not be differentiated is defined to have
an accuracy of 50%.

Data Analysis. We analyzed the data in three steps.

In a first step we computed the correct answer rate for each offset as a percent-
age. The correct answer rate for an offset is defined as the number participants
who answered correctly for that offset over the total number of participants. This
first step yields 21 data points for the left offsets, and 21 for the right offsets.
Each 2D data point is defined by an offset and the correct answer rate at that
offset.

In a second step we fit a sigmoid psychometric function to the 21 left offset
data points, and one to the 21 right offset data points, using a least squares
optimization. The sigmoid function, whose use is standard practice in 2AFC
experiments, is given in Eq. 1.

S(z,a, 8,7, A) = 0.5+ (0.5 — \) (1> (1)
1+e7 7
Here, x is the function’s variable, i.e., the offset, and «, 3,y and A are param-
eters set by the fitting process. We use ~ to distinguish between the left and the
right offset sigmoids. We choose the left offsets to be negative, i.e., from 0cm to
-10cm, and the right offsets to be positive, i.e., from 0cm to 10 cm. Therefore
the left sigmoid decreases as the offset increases in algebraic sense from -10cm
to 0 cm, and v = 1. The right sigmoid increases as the offset increases from 0 cm
to 10cm, and v = —1. o, 0 and A are set through the least squares optimization.
a controls the lateral shift, 3 controls the lateral scale, and -y controls the maxi-
mum value, as data is unlikely to have a perfect response rate of 100%, even for
large offsets.
In a third step, each of the two sigmoids was intersected with the y = 75%
line to estimate the left offset and right offset detection thresholds.
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Lack of Eye Contact Detection Threshold Computation
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Fig. 3. Experimental data (dots), psychometric sigmoid functions fitted to the experi-
mental data (curves), and detection thresholds (d;, d,), for both left (green) and right
(blue) eye contact offsets. A data point (z,y) gives the correct response rate y at off-
set x. The detection thresholds are computed by intersecting each sigmoid with the
y = 75% line. (Color figure online)

3.2 Results and Discussion

The experimental data is shown in Fig. 3. For small offsets, the correct response
rate is close to chance behavior, i.e., 50%. For large offsets, participants identify
the video with the better contact reliably, i.e., with correct response rates over
90%. Even for the largest offsets, the correct response rate is not 100%, which
we explain as participants forgetting, or remembering incorrectly, which video
had no eye contact offset.

The least squares optimization yields the following parameters (see Eq.1)
for the left offset sigmoid: A\; = 0.0863, a; = 1.25, §; = 0.449. The detection
threshold d; is 1.44 cm, or 1.38°. The fitting error is 0.0348, or 3.48%, which yields
a detection threshold confidence interval of [1.441cm, 1.447cm] or [1.376°,1.381°].

For the right offset sigmoid, the fitted parameter values are: A, = 0.101, «, =
1.24, (B, = 0.458. The detection threshold d, is 1.47cm, or 1.40°. The fitting
error is 0.0447, or 4.47%, which yields a detection threshold confidence interval
of [1.468 c¢m, 1.477 cm] or [1.401°,1.411°].

These offset thresholds above which participants can reliably detect lack of
eye contact are small. This is in line with some prior work, which also find
detection thresholds in the 1° range [5], though it differs from other prior work
which found a lateral detection threshold of 2.7° [19], for which we provide a
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potential explanation of difference in methodology (pseudo 2AFC for that study
as opposed to true 2AFC for ours), as well as sample size (N = 56 for that
study as opposed to N = 139 for ours). The small detection thresholds imply
demanding targets for procedures aimed at remedying the lack of eye contact.

We have also estimated detection thresholds for the various sub-populations
of our study. The results are shown in Table1l. The detection thresholds do
not change much with gender or age. The only sub-population for which the
thresholds are substantially different from those of the overall population is the
sub-population of participants who use videoconferencing daily. For these par-
ticipants the detection thresholds are much smaller, which is plausible since
frequent users of videoconferencing technology might also have grown better at
telling when their remote interlocutor is making eye contact, and when they are
not. However, there are only 17 participants in this category, which is a rela-
tively small number. Furthermore, the fitting error is also larger than for other
categories, so additional experiments have to be conducted to confirm whether
frequent users of videoconferencing technology do indeed have lower detection
thresholds for lack of eye contact.

Table 1. Fitting error € and detection threshold d in cm and in degrees, for both
left (subscript 1) and right (subscript r) offsets, for the various sub-populations of our
study.

Sub-populationle;[%]le, [%]\di [cm]ld, [em]ld; [°] |dr [°]
Female 4.12 [5.75 |—-1.56 [1.85 —1.49]1.77
Male 3.96 5.56 [—1.34 |1.42 —1.28/1.35
Age 18-25 3.47 14.52 1—1.45 |1.45 —1.38/1.39
Age >25 6.63 6.99 1—-1.39 [1.55 |—1.33/1.48
Daily 7.89 18.59 1-0.83 [0.53 1-0.79/0.51
Weekly 3.27 5.80 |—-1.51 [1.01 —1.44/0.96
Monthly 6.03 4.99 |—-1.64 1.86 —1.56/1.78
Yearly /Never |5.11 [6.99 |—1.30 [1.41 —1.25/1.34

4 Conclusion, Limitations and Future Work

We have conducted a study for measuring lack of eye contact detection thresholds
in a typical videoconferencing scenario with a remote participant seated in front
of their laptop and being acquired by the laptop’s videocamera. We have used a
2AFC design which is robust to bias in participant answers. We have collected
data from a large number of participants (N = 139), which has resulted in
a robust estimation of the detection thresholds, with small fitting errors. The
results show that the user has to look within approximately 1.5cm of their
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laptop videocamera for their collaborator to not detect the lack of eye contact.
At 60cm this translates to a stringent 1.5°. Our work informs the design of
remote collaboration systems, whether based on videoconferencing or on other
approaches, such as mixed or virtual reality, to make video sprites or avatars of
remote collaborators convey eye contact adequately.

One limitation of our study is that most data points are for offsets that are
well above the detection threshold. Indeed, for offsets with an absolute value
of 3 or above, the detection rate is already quite large. A finer determination
of the detection thresholds would require more data points in the Ocm to 3 cm
range. This is difficult to achieve with the current experimental apparatus, as
it is difficult to record videos focusing on fixation points on a scale with 0.1 cm
increments. Future work could look into implementing the fixation point as a
dot moving on the laptop screen, which it can do with pixel or sub-pixel accu-
racy, providing a finer grain sampling of the offset range. As always, participant
fatigue, which can manifest itself through mechanical answers, is a concern that
competes with the potential benefits brought by more trials with finer offset
differences.

Another limitation of our study is that we focused exclusively on left-right
offsets, to minimize participant fatigue. Most laptops have their integrated web-
cam placed at the top of their screen, so users do not look above the camera
when they look at the screen. Future studies could investigate detection thresh-
olds for a downward offset, although, as prior work as shown, we are much better
at detecting lateral offsets than downward offsets. This means that the lateral
offset detection thresholds found in our study are a conservative estimate of the
detection thresholds for downward offsets.

Finally, our study was performed using only a single actor in the presented
video. While this was done for the sake of consistency between videos, this does
lead to the limitation that this could impede generalizability, as certain physical
characteristics (e.g. gender, race, eye color and size, facial structure, etc.) may
influence a viewer’s perception of eye contact. Ideally, more studies would be
done in the future to verify that our measured thresholds are consistent across
multiple demographics.

The lack of eye contact detection thresholds will be especially useful in
informing the design of extended reality systems. Consider, for example, the
scenario of remote lecture attendance, where the instructor wears an XR head-
set to see remote students rendered into the empty seats of a classroom [16].
Each remote student is seated in front of their laptop and is acquired by the
laptop’s webcam. The thresholds will inform on the quality of the eye contact
perceived by the instructor and also on the amount the remote student video
sprites have to be rotated to sustain eye contact, based on the classroom empty
seat that accommodates each remote student.

It is plausible that our society’s reliance on remote collaboration will only
continue to increase. In order to satisfy this demand, and to make remote col-
laboration more effective, future work could propose and test computer screen
designs that extend the display function with an acquisition function. A sim-
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ple such display could integrate camera islands between the display pixels, and
videoconferencing software could place each remote collaborator’s video at one
such camera island. This way, when collaborator A looks on screen at remote
collaborator B, A will also direct their gaze towards the camera that acquires
A for B, conveying to B that A is making eye contact with them. One chal-
lenge is that each participant will be acquired multiple times, once for each of
their collaborators, which leads to a proliferation of video streams that have to
be transmitted. As camera miniaturization continues to advance, the islands of
“dead pixels” will continue to shrink, with the acquisition function not coming
at the cost of a diminished display function.
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