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Abstract. The field of Socially Assistive Robot (SAR) tutoring has ex-
tensively explored both subjective and objective usability metrics for
seated tablet-based human-robot interactions. As SAR tutoring intro-
duces kinesthetic mixed reality environments where students can move
around and physically manipulate virtual objects, usability metrics for
such interactions need to be re-evaluated. This paper applies standard
usability metrics from seated 2D interactions to a kinesthetic mixed real-
ity environment and validates those metrics with post-interaction survey
data. Using data from a pilot study (n = 9) conducted with a mixed re-
ality SAR tutor, three commonly-used metrics of usability for seated 2D
tutoring interfaces were collected: performance, manipulation time,
and gaze. The strength of each usability metric was compared to sub-
jective survey-based scores measured with the System Usability Scale
(SUS). The results show that usability scores were correlated with the
gaze metric but not with the manipulation time or performance metrics.
The findings provide interesting implications for the design and evalua-
tion of kinesthetic mixed reality robot tutoring environments.
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1 Introduction

Socially Assistive Robot (SAR) tutoring has been extensively explored with a
variety of users and usability studies [17]. Such robot tutors often rely on human-
computer interfaces (e.g., tablets) to deliver content as well as increase the ob-
servability of the interaction without the need to rely on external sensors [3].
Consequently, usability studies in SAR tutoring typically focus on seated inter-
action and benefit from a reliable perceptual interface [3]. Advances in virtual,
augmented, and mixed reality human-robot interaction (VAM-HRI) have en-
abled kinesthetic mixed reality environments where students move around and
physically interact with coding blocks alongside a SAR tutor. Effective evaluation
? equal contribution
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of usability of these nascent 3D interfaces requires a re-evaluation of common
usability metrics employed in other tutoring environments.

Usability has been studied in various tutoring environments using subjective
and objective metrics. Subjective metrics include interview summaries [15] [19]
and various survey tools, typically using Likert scales [12], such as the commonly
used System Usability Scale (SUS), a 0-100 scale. Objective metrics include user
performance, manipulation time, and gaze [6][1]. SUS is used for evaluating both
on-line and in-person tutoring, while objective metrics are more commonly used
in on-line tutoring. In SAR tutors, observability is typically limited; this chal-
lenge is even greater in kinesthetic environments, where students move around.

VAM-HRI represents an opportunity for obtaining objective behavioral met-
rics by providing a data-rich observable 3D interaction environment. Augmented
reality head-mounted displays (ARHMDs), the common medium for VAM-HRI,
do not rely on external sensors and can dynamically change the displayed envi-
ronments [28]. This allows for synchronizing the robot tutor’s and world states,
simplifying on-line logging, and providing objective multimodal interaction data
for analyzing the interaction.

This work applied objective usability metrics commonly used in seated 2D
tutoring environments to data from a kinesthetic mixed reality environment pi-
lot study (n = 9) and validated those metrics with post-interaction SUS survey
data. Three different usability metrics were studied: 1) student performance via
problem-solving policies; 2) object manipulation time; and 3) gaze concentra-
tion. The metrics were recorded over a 20 minute interaction involving a SAR
tutor guiding a student through 7 coding exercises via a mixed reality visual
programming language MoveToCode [7]. The strength of each usability metric
was compared to subjective survey-based scores measured with the System Us-
ability Scale (SUS). The results show that usability scores were correlated with
the gaze metric but not with the manipulation time or performance metrics.
The findings provide interesting implications for the design and evaluation of
kinesthetic mixed reality robot tutoring environments.

2 Background and Related Work

2.1 Measuring Usability in Tutoring Systems

Usability, the ease of use and efficacy of a system [23], has been evaluated in
various tutoring systems, ranging from on-line intelligent tutoring systems (ITS)
to in-person SAR tutors. Across fields, usability is measured using qualitative
and quantitative metrics of subjective post-interaction interviews [21][13] and
self-report questionnaires [8] such as the System Usability Scale (SUS) [11].

In SAR tutor research, as well as in Web and interface-design, objective be-
havioral data are collected for usability analysis, such as eye gaze [16][2] and task
completion time[27][24][20][5]. Objective behavioral metrics mitigate forms of re-
porting bias found in questionnaires [14]. As a validation metric, objective find-
ings are often correlated with conclusions of post-interaction interviews, ques-
tionnaires, or study controls such as complexity of the interface [27][24][20][5].



Adapting Usability Metrics for Mixed Reality Robot Tutoring 3

Since a usable system has contributed to greater skill development [22], per-
formance is a common usability metric. By nature, performance is evaluated
differently based on tutoring environment. Clabaugh et al. measured math suc-
cess by number of correct answers [4]. Roscoe et al. measured writing success
based on a scaled essay score [22]. In the context of programming tutoring, be-
cause programming has been viewed as a multi-level problem-solving process, it
has been evaluated individually at every stage, from exploration to submission
[10]. Other techniques have evaluated programming solutions as a collection of
policies, correcting each component, such as variable definition or if-statements
[18].

This work explored applying objective usability metrics typically used in
seated tutoring environments in a novel context of a kinesthetic mixed reality
SAR tutor. The three metrics–manipulation time, and eye gaze–are compared
with a standard subjective usability metric.

2.2 Measuring Usability in SAR and Mixed Reality Robot Tutoring

Virtual, augmented, and mixed reality for human-robot interaction (VAM-HRI)
is a new and rapidly growing field of research [29]. Extending socially assistive
robotics (SAR) tutors to VAM-HRI promises to significantly enhance interac-
tivity as well as the collection of real-time user and usability data. SAR tutors
often rely on human-computer interfaces (e.g., tablets) to deliver content as well
as increase the observability of the interaction [3]. Objective behavioral data
collection is often hindered by the lack of reliable yet unencumbering and un-
intrusive sensors [12]. Mixed reality tutors can enhance the learning experience
by enabling a kinesthetic learning environment where students can move around
and physically manipulate virtual objects [26] [9]. Currently, SAR tutoring sys-
tems typically focus on seated interactions and benefit from tablet interfaces [3];
in contrast, kinesthetic SAR tutoring is much more dynamic and calls for new
usability metrics.

VAM provides a detailed, fully-controllable and observable interaction envi-
ronments where reliable user behavioral data can be collected. Augmented reality
head-mounted displays (ARHMDs), the common medium for VAM-HRI, readily
synchronize with the robot’s and world states, allowing for on-line logging [28].
Using augmented or mixed reality with a robot in the context of education is
not new [30][25][31], but usability analysis in previous works is limited to subjec-
tive metrics [30]. Thus, this work explores applying usability metrics commonly
used in seated 2D tutoring environemnts to the new context of kinesthetic mixed
reality environments via VAM-HRI with SAR.

3 Dataset

The dataset used in this work was from a within subjects (n = 9) pilot study
performed with a mixed reality visual programming language MoveToCode [7]
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(Fig. 1) in which a SAR tutor aimed to increase a student’s kinesthetic cu-
riosity (KC), a metric involving the multimodal measure of a student’s move-
ment and curiosity. In the interaction, students combined coding blocks (e.g.,
if-blocks, print-blocks) by grabbing, dragging, and snapping blocks together in
order to solve 7 beginner-level coding exercises. The acts of grabbing, dragging,
and snapping blocks are part of the manipulation time metric, described in
Sec. 4. Preset coding blocks were available to the participant at the beginning
of each exercise. Tasks focused on building syntactic skills for integer addition,
variable creation, and if-statements. The study and its results are under review
for publication elsewhere.

Fig. 1: MoveToCode (left) as seen by the participant through the Hololens 2.
Code block manipulation (right) with a participant grabbing the block and let-
ting it go to snap code blocks together.

The dataset includes 9 (2F,7M) of the 10 participants who were University
of Southern California students with age range 19-27 (x̄ = 22.8, σ = 2.9). Par-
ticipant 8 had two operating system crashes and was discarded from analysis.
Behavioral data were collected at 0.02 sec intervals (50Hz) totaling 180 min of
time series data yielding 540,000 rows. After the interaction, participants com-
pleted a ten-question questionnaire designed to measure individual SUS ratings.

This work examines the participants’ objective and subjective metrics of
usability. Specifically, it considers SUS survey results and the logged behavioral
data of policy-evaluation, object manipulation time, and gaze concentration,
described in the next section.

4 Usability Metrics

Since VAM-HRI for SAR tutoring is a nascent area, to understand usability
metrics for kinesthetic mixed reality tutoring contexts, we reviewed usability
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studies of programming tutors [18] and web interfaces [27], and chose three
commonly used reliable metrics: user performance, manipulation time, and gaze
concentration.

Student Performance via Problem-Solving Policies: We measured a
participant’s performance by counting the number of good and bad policies
created during a time frame. Introduced by Piech et al. [18], a policy is defined as
any group of two or more code blocks. For example, if the participant was tasked
with adding integer block 1 and integer block 2, a correct solution would include
combining the two integer blocks with an addition block. A Good Policy (GP )
for this task includes combining the integer block 1 with the addition block. A
Bad Policy (BP ) includes some other, incorrect step(s), such as combining the
integer block 3 and the addition block.

Manipulation Time: MT is defined as the amount of time it takes a par-
ticipant to grab a coding block and snap it to another block as can be seen in
Fig. 1. Snapping was defined as the action grabbing a code block, dragging it
to be in contact with another code block, and then releasing the currently held
block to snap it to the contacted block. A successful manipulation event was
logged from the time when an object was first grabbed (tgrab) to when an object
was snapped to another object (tsnap).

Gaze Concentration: GC is defined as the amount of time a participant
looked a 2D (x,y) pixel (i.e., cell) within the interaction space over a rolling time
window twGC . The interaction space, shown in Fig. 1, included the MoveToCode
interface and the physical robot tutor. The interaction space, measured in meters,
was a 4m x 2.25m grid, totalling 3,600 cells measuring 0.05m x 0.05m each. A
cell’s score increased by 0.01 every frame the participant looked at that cell
during twGC . The maximum cell score was capped at 1.

5 Results

5.1 Data Processing

All statistics were distributed between 0 and 1 using MinMax Scaling from
Python’s sklearn package (v0.24.2):

Xscaled = σx ∗ (Xmax −Xmin) +Xmin (1)

where Xscaled is the new value for a data point in column X. To reduce skew
of manipulation time (MT ) results, a max MT of 10 seconds was empirically
chosen, leaving 95.1% of the data. Any times over 10 seconds were adjusted to
10 seconds.

Not all participants completed all exercises; P5 failed to complete exercise
3 and P1,2,6,9 failed to complete exercise 6. This resulted in differently sized
datasets for the different participants.

We calculated post-interaction SUS scores for all participants based on a
10-question survey, as shown in Fig. 2 (x̄ = 53.06, x̃ = 55.0, σx = 17.2, CV =
32.8%).
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Fig. 2: SUS rating (0-100). The line indicates the median rating (x̃),

5.2 Unimodal Metric Analysis

We computed the variance and correlation of each metric to the SUS score (Fig.
2). A Levene’s test was used to identify significant (p < .05) variance of each
metric across participants, to signify the metric may distinguish different user
behavior. We used Spearman’s r correlation tests to validate the significance
(p < .05) of each metric. We report the correlation of variance (CV ) of each
metric for unitless comparisons between metrics relative to their dispersion.

Policy-Evaluation Results To evaluate user performance, we recorded total
Good Policies GP (x̄ = 24.125, σ = 11.243, CV = 46.6%) and total Bad Policies
BP (x̄ = 3.625, σ = 3.24, CV = 89.2%) per participant and per exercise (Fig.
3). A Pearson’s r test showed that there was no significant correlation between
the total GP and BP (rp(9) = 0.581, p = .100). A Levene’s test indicated un-
equal variances per participant over exercises for total GP (F = 6.72, p = .001)
yet no significant variance for total BP (F = 0.993, p = .439). This supports
that GP may be effective in helping to differentiate user behavior, whereas BP
may not be, due to its consistency across all participants. A Spearman’s r cor-
relation indicated no significant relationship between total GP and SUS score
(rs(9) = −0.369, p = .327), indicating total GP is not indicative of SUS score
when observed unimodally. A Spearman’s r correlation indicates no significant
relationship between total BP and SUS score (rs(9) = −0.340, p = .370), sup-
porting that total BP is not indicative of SUS score.

These findings show that neither of the user performance metrics (GP or BP)
alone were significant indicators of usability.

Manipulation Time Results To evaluate Manipulation Time MT , we
recorded average MT per participant (x̄ = 2.93s, σx = 0.76s, CV = 25.9%)
and per exercise (x̄ = 2.80s, σx = 0.57s, CV = 20.3%), as shown in Fig. 4. A
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Fig. 3: Good Policies (GP ) and Bad Policies(BP ) viewed per participant and
per interaction. Exercise 7 was free-play so there are no GP or BP recorded for
it.

Levene’s test indicated a significant variance among participant’s average MT
per exercise (W = 5.94, p < .0001), indicating MT is able to differentiate user
behavior. A Spearman’s r correlation indicated no significant correlation between
average MT and SUS score (rs(9) = 0.353, p = .351), indicating that average
MT is not indicative of SUS score.

As an additional MT metric, we also calculated σMT (x̄ = 3.51, σx =
0.816, CV = 23.2%). A Spearman’s r correlation also showed no significant cor-
relation between σMT and SUS score (rs(9) = −0.417, p = .263), indicating that
average σMT was not indicative of the SUS score.

These findings indicate that neither of the Manipulation Time (MT ) metrics
alone was a significant indicator of usability.

Eye Gaze Concentration Results To analyze eye gaze concentration GC,
we empirically set twGC to 10 seconds. High intensity cell reads (HR) were
defined as any cell with a value of 0.9 or higher, because 0.9 is over two standard
deviations (σGC = 0.306) away from the average (x̄ = 0.181).

To evaluate HR, we recorded the total HR per participant (x̄ = 153.44, σx =
23.733, CV = 15.4%) as shown in Fig. 5. A Levene’s test showed a significant
difference in variance among HR per time-step (F = 38.1, p < .0001), indicating
thatHRmay distinguish user behavior. A Spearman’s r correlation also indicates
a significant relationship between total HR and the SUS score (rs(9) = 0.77, p =
.014), supporting that total HR is indicative of SUS score.

As an additional metric of GC, we calculated σGC (x̄ = 23.42, σ =
14.22, CV = 15.4%), based on 2D coordinates of gaze, to represent how a par-
ticipant’s gaze traveled over a window. A Spearman’s r correlation showed no
significant relationship between σGC and the SUS score (rs(9) = 0.235, p = .542),
indicating that σGC is not indicative of SUS score.
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Fig. 4: Average Manipulation Time (MT ) per exercise and per participant. MT
records time between when a student chooses a coding block (e.g. if-statement,
integer block) and snaps it to another component. Refer to Sec. 4 for more detail.

These findings indicate that HR was a significant metric for usability,
whereas σGC was not.

Fig. 5: Total High Intensity Cell Reads (score > 0.9)HR per participant recorded
over a rolling time window twGC = 10. Cells are defined as any 2D pixel in the
interaction space. For more details, see Sec. 4.

6 Discussion

The results showed varying degrees of success when applying common usability
metrics in the context of kinesthetic mixed reality SAR tutoring. Per Spearman



Adapting Usability Metrics for Mixed Reality Robot Tutoring 9

r tests, HR was the only metric that correlated with our SUS scores (rs(9) =
0.77, p = .014) We hypothesize that this may be due to the varying sizes of our
datasets (SizeGP/BP = 289, SizeMT = 371, SizeHR = 12106); GP , BP , and
MT metrics yielded no significant results. The following insights can be drawn
from this work.

Gaze concentration is a useful usability metric in VAM-HRI tutoring. As
mentioned above, a Spearman r test revealed a significant (p < .05) correla-
tion between HR and SUS scores (rs(9) = 0.77, p = .014). A Pearson r test
confirmed this correlation between HR and SUS, demonstrating the linearity of
their correlation (rp(9) = 0.78, p = .011).

Performance analysis may need to be re-evaluated as a metric in VAM-HRI
tutoring. Policy-based evaluation yielded no correlation with SUS score(rs(9) =
−0.369, p = .327). The accuracy of these findings is questionable given a sig-
nificantly high CV (GP : 46.6%, BP : 89.2%) relative to that of HR (15.4%).
Performance-based metrics have been successfully used in 2D tutoring environ-
ments [18] and should be further explored for VAM-HRI tutoring. Given the nov-
elty of VAM-HRI for many users, we recommend using metrics of exploration,
such as kinesthetic curiosity [7], that have demonstrated ability to distinguish
participant behavior in VAM-HRI tutoring.

7 Conclusion

In summary, this work explored subjective and objective usability metrics typi-
cally used in seated 2D interactions in a kinesthetic mixed reality environment.
Over a 20 minute pilot study (n = 9) conducted with a mixed reality SAR tutor,
three commonly-used objective metrics of usability were collected–performance,
manipulation time, and gaze–and where then correlated with a commonly used
subjective metric System Usability Scale (SUS) metric. In the study, a mixed re-
ality SAR tutor guided students through 7 beginner-level programming exercises
via a mixed reality visual programming language MoveToCode [7] we developed.
Subjective SUS scores were correlated with the objective gaze metric but not
with the objective manipulation time or performance metrics. The findings serve
to inform the design and evaluation of kinesthetic mixed reality robot tutoring
environments.
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