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ABSTRACT

A significant amount of robotics research over the past decade
has shown that many children with autism spectrum disor-
ders (ASD) have a strong interest in robots and robot toys,
concluding that robots are potential tools for the therapy
of individuals with ASD. However, clinicians, who have the
authority to approve robots in ASD therapy, are not con-
vinced about the potential of robots. One major reason is
that the research in this domain does not have a strong fo-
cus on the efficacy of robots. Robots in ASD therapy are
end-user oriented technologies, the success of which depends
on their demonstrated efficacy in real settings. This paper
focuses on measuring the efficacy of robots in ASD therapy
and, based on the data from a feasibility study, shows that
the human-robot interaction (HRI) metrics commonly used
in this research domain might not be sufficient.

Categories and Subject Descriptors

H.3.4 [Systems and Software|: [Performance evaluation
(efficiency and effectiveness) ]; J.4 [Social and Behavioral
Sciences]|: [Psychology]

Keywords

Autism spectrum disorders (ASD), efficacy, robot, human-
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1. INTRODUCTION

Robotics research has demonstrated that many individ-
uals with ASD (IwASD) express elevated enthusiasm (e.g.
increase in attention [18], imitation ability [11], verbal utter-
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ances [17], social activities [29], etc.) while interacting with
robots. A comprehensive survey on this research is available
in [6, 27]. A long line of research is dedicated to the design
of robots with appropriate physical features [24], control ar-
chitectures [9], evaluation metrics [26], and HRI algorithms
[10] that can be used in ASD diagnosis and therapy. De-
spite these efforts, the targeted end-users of this technol-
ogy (IwASDs, their caregivers, and clinicians) are neither
aware nor convinced of the role of robots in ASD therapy
[8]. Recently, a number of systematic reviews and a meta-
analysis of the technology-based interventions for TwASDs
(which reviewed research articles published before Decem-
ber 2011) have concluded that the robot based studies with
IwASDs fail to meet a set of criteria commonly observed
to assess the outcome of an ASD therapy [13, 23]. The
problem lies in the fact that the vast majority of robotics
research in this domain shows the ‘likability’ of robots but
fails to demonstrate a robot’s efficacy in therapy and/or di-
agnosis of ASD [8, 18]. Accordingly, we are observing a
recent paradigm shift where more research is focusing on in-
vestigating the efficacy of robots in ASD therapy through
improved research design [4, 12, 16, 22, 28], investigation
of robots’ features and abilities [25], and increasing robots’
autonomy [5]. Defining appropriate efficacy metrics is one
of the fundamental components in investigating the efficacy
of robots in ASD therapy. There is, however, no report in
the existing literature on efficacy metrics for robots in ASD
therapy.

Efficacy metrics indicate how well a robot is producing
the intended therapeutic effect in an IwASD. A vast ma-
jority of robotics research in this domain uses some com-
mon HRI metrics (e.g. gaze direction, verbal/non-verbal
communication cues, affective responses, etc.) as a mea-
sure of a robot’s impact on an IwASD. We have recently
conducted a study to investigate whether it is clinically fea-
sible to teach a new skill to IwASDs through a robot [20].
During the study, a robot was used to teach a basic skill
of greeting someone in a socially acceptable manner to a
group of low-functioning IwASDs. We defined two metrics,
Skill execution and Prompt dependency, which measured
the efficacy of the robot-mediated therapy in achieving the
intended therapeutic goal. An analysis of the study out-



comes shows that a set of common HRI metrics (namely,
Gaze, Communication, and Affect) have no correlation with
these two efficacy metrics. This lack of correlation indicates
that the common HRI metrics may not be able to gauge the
efficacy of a robot in ASD therapy. To the best of our knowl-
edge, this is the first work that presents efficacy metrics for
robots in ASD therapy and provides a comparative analysis
of efficacy metrics with some common HRI metrics.

2. EFFICACY AND HRI METRICS

Any ASD therapy, in a clinical domain, operates with
some fundamental goals. In general, a therapy: 1) aims
to teach an IwASD a new behavior/skill or to eliminate a
problem behavior [30], 2) aims to improve the quality of life,
level of independence, health, and well-being of an IwASD
and help him/her integrate in the society in a better way [1],
and 3) when successful, should produce outcomes that last
[1]. It is expected that an IwASD will be able to execute
a behavior learned through the therapy independently, out-
side of the therapy setting, and with the people in his/her
everyday life. Clinicians use different metrics, on a case-
by-case basis, to monitor the progress made by an IwASD
and measure the overall outcome of a therapy. To establish
the efficacy of robots in this domain, a robot-mediated ASD
therapy should also operate with the same goals, and met-
rics should be defined to clearly indicate how the use of a
robot is linked to the positive outcome of a therapy.

As the core deficits of ASD are related to social behaviors
and communication abilities [3], robotics researchers histor-
ically focused on a set of social and communicative cues
directed by IwASDs toward robots to assess the quality of
IwASD-robot interaction. The most common HRI metrics
used in this case are Gaze (the duration or the number of
times an IwASD looked at the robot) [5, 18, 19, 26, 28, 29],
Communication (number of verbal/non-verbal communica-
tion with the robot, total number of words exchanged with
the robot, etc.) [17, 26, 29], Affect (being in an affec-
tive state or showing affective responses to the robot) [7,
9, 18, 24], Attention (focusing on the robot) [18, 19], Im-
itation (imitating a robot’s action or speech) [11, 19, 24],
and Proxemics (being in a close proximity of the robot)
[10]. Although these metrics perform well to demonstrate
the general enthusiasm expressed by an IwASD when (s)he
is around a robot, none of these studies provides a clear
indication of whether the participants (IwASDs) were actu-
ally able to learn the target behavior from the robot and
executed it independently, outside of the study setting.

Our recent study investigated whether a robot-mediated
ASD therapy can achieve some of the clinical goals of a
standard ASD therapy. We propose two efficacy metrics
to monitor the progress of our participants and the overall
outcome of the robot-mediated therapy: Skill execution
and Prompt dependency.

1. Skill execution, SE: A measure of the ability of a
participant to execute a target social skill (with the
robot and with other people, within and outside of the
therapy setting).

2. Prompt dependency, PD: A measure of a participant’s
ability to execute a target skill without the help of the
robot.

These two metrics, when analyzed together, indicate the ef-
ficacy of a robot in teaching a new skill to an IwASD. The

goal of the robot-mediated therapy is to maximize Skill
execution (ideally, SE = 100%) while minimizing Prompt
dependency (ideally, PD = 0). The trends of SE and PD
over the duration of a therapy provide important informa-
tion about the efficacy of a therapy. This paper shows that
some of the common HRI metrics listed in this section do
not show any meaningful correlation with these two efficacy
metrics.

3. A FEASIBILITY STUDY ON TEACHING
THROUGH A ROBOT

Single-subject research design has a unique value in autism
research [15]. Recent literature suggests that group-based
design, although considered as the gold-standard in clinical
research, might not be the only choice to prove the efficacy of
an ASD therapy [21]. We conducted a single-subject study
at the Crotched Mountain Rehabilitation Center (CMRC), a
special education school in New Hampshire, USA, to investi-
gate the feasibility of teaching a new skill to IwASDs through
a robot. The study was approved by the Institutional Re-
view Boards (IRB) of the University of Massachusetts Lowell
and CMRC. Informed consent from the parents or guardians
of the participants was collected before the study began.

3.1 Study Design

Based on a discussion with the clinicians at CMRC, we
identified the lack of social greetings as a common deficit
among many IwASDs attending the school. Accordingly,
the goal of the study was to teach the basic skill. A therapy
was designed to teach saying ‘Hi’ or ‘Hello’ in response to
a social greeting. The study was a single-subject, multiple
baseline type and followed the basic guidelines for single-
subject research design outlined in [15].

3.1.1 Participants

Two inclusion criteria were decided for the participants.
1. An individual diagnosed with any form of ASD.

2. An individual with ASD who, according to his/her
current therapists at the CMRC, has one or more of
the prerequisite abilities to initiate/respond to social
greetings but does not generally do so. The ability
to imitate, verbal ability, the physical ability of wav-
ing hands, etc. were considered a few of the prerequi-
sites to learn the skill of initiating/responding to social
greetings.

Five students from the school matched these inclusion crite-
ria and were recruited for the study. Due to space limitation,
results from three participants will be reported in this pa-
per. Participant demographics and diagnostic information
are presented in Table 1. All of the participants are male
which is consistent with the fact that ASD is more com-
mon among boys than girls [2]. Note that our participants
are mostly toward the lower end of the spectrum (generally,
1Q< 70), a less investigated population in robot-based ASD
research. Due to compromised cognitive abilities, all of our
participants, according to a school regulation, were required
to be accompanied by a professional caregiver at all times.
Accordingly, the caregiver was included in the therapy de-
sign. Informed consent from the caregivers was collected
before the study began.



Table 1: Participants’ Information
ID | Sex | Age Diagnostic information
(Yrs)
P1 | M 19

General diagnosis: Autism
Assessment tool: AAMR

Adaptive Behavior Scale - School
Score:Very poor - Average,

age equivalence range

3 Yrs -4 Yrs

General diagnosis: Classic Autism,
Mood disorder

Assessment tool: Adaptive Behavior
Scale - School (ABS-S:2)

Score: Age equivalence range

3 Yrs - 6 Yrs 3 Mos

General diagnosis: Autism
Assessment tool: Leiter International
Performance Scale, Verbal Behavior
Milestones Assessment and
Placement Program

1Q: 40

P2 | M 14

P3| M 13

3.1.2 Variables

A required feature of single-subject research design, among
many others, is that the dependent and independent vari-
ables should have operational definitions that clearly in-
dicate the performance pattern of participants and allow
valid interpretation of results [15]. The independent vari-
able in our study is the robot: whether the therapy delivered
through a robot can teach a target skill to the participants.
There are two dependent variables: Responsiveness to the
command (i.e. the frequency of positive response to social
greetings) and Prompt (i.e. the number of prompts provided
by the robot to generate a positive response). The depen-
dent variables are measured repeatedly before the robot-
mediated therapy begins (i.e. the baseline measurement
phase), during the therapy, and outside of the therapy set-
ting in order to identify the effect of the robot-mediated
therapy on the participants. The two efficacy metrics, Skill
execution and Prompt dependency, are directly linked to
these two dependent variables but provide a generalized way
to measure the outcome of other ASD interventions of sim-
ilar nature. The paper hypothesizes that these two metrics
provide clear indications about the efficacy of a robot in
teaching a skill to IwASDs and that the HRI metrics are
not sufficient to convey information about therapeutic ef-
fects. The dependent variables and the efficacy metrics will
be further discussed in Section 3.2.1.

3.1.3 Baseline measurement

Baseline measurement was performed on each participant
before his therapy began and continued until a stable pattern
was observed, for a minimum of three days. Each participant
went through a different duration of the baseline phase in
order to conform with the guidelines of multiple baseline
design [15]. During each day of the baseline phase for a
participant, one person familiar to the participant and one
unfamiliar person greeted him by saying “Hi [Name]” at two
different locations within the school at two different times of
the day. Waving hands and/or saying “Hi” or “Hello” (with
or without making eye-contact with the greeter) or any other
within-context verbal responses were considered as a correct
response. Ignoring the greeter or gazing at the greeter with
no further verbal/non-verbal expressions was considered as

Table 2: Overall Description of the Study

Participant | Baseline | No. of Duration | Genera-
D duration | therapy | of the lization
(days) sessions | therapy training
(days)
P1 3 19 9 No
P2 6 24 10 Yes
P3 9 10 6 No
For a pre-defined
number of times
Provid Give reward Session
(e.g. Bob! Say Hello) Incorrect Correct (e.g. Great job!) ends
response response

Figure 1: The structure of the ABA-based therapy
for teaching the behavior of social greetings

an incorrect response. The mean of the two responses in
one day makes one data point while analyzing the results.
Data from the baseline phase are shown in Fig. 4 and will
be further discussed in Section 4. Table 2 shows the baseline
duration of different participants.

3.1.4 The therapy

The therapy was designed in collaboration with a behav-
ioral scientist (the second author of this paper) who is an ex-
pert in autism research. The therapy follows the basic struc-
ture of applied behavior analysis (ABA), a widely accepted
method for behavioral intervention [14]. Any ABA-based
training follows a basic structure: Command or Discrimi-
native stimulus (S”) = Prompts (P) (if necessary) —
Reinforcement/Reward (R). Our therapy of teaching social
greetings follows the structure shown in Fig. 1. Two differ-
ent types of prompts are used to evoke the correct response
in the participants. The first type of prompt is modeling,
where the robot models the target behavior with the care-
giver of the participant. The second type is verbal instruc-
tion, where the robot verbally informs the participant the
correct way to respond to the command. If a participant cor-
rectly responds to a command, no prompt is delivered and
the robot provides reward for his correct response. Prompts
are delivered only in cases of no response or incorrect re-
sponse. The wverbal instruction prompt is delivered only if
the modeling prompt fails to elicit the correct response.

To facilitate learning, the process ‘Command or Discrim-
inative stimulus (S”) = Prompts (P) (if necessary) —
Reinforcement/Reward (R)’ is iterated for 3 to 5 times per
session, irrespective of correct or incorrect responses from
the participant. The robot starts each iteration by saying
“Let us practice saying ‘Hi’ again” in order to create a con-
text. The command and prompts are chosen to be simple
and easily understandable by the target population. An ex-
ample of a command is the robot saying ‘Hi [name of the
participant]’ as soon as he enters the therapy room. An
example of a verbal instruction prompt is the robot say-
ing ‘lname of the participant], say ‘Hi’ to me’. The robot
uses similar commands with the caregiver during a model-
ing prompt (e.g. the robot greets the caregiver by saying ‘Hi
[name of the caregiver]’, and the caregiver responds to this
greeting by waving hands and saying ‘Hi Blue’, as shown in
Figs 2(c) - 2(e)). The basic form of reinforcement/reward is
the robot appreciating the IwASD for his correct response.

A generalization phase is designed for participants who re-
spond well to the robot-mediated therapy. A two-step proce-
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Figure 2: (a) The humanoid robot ‘Blue’ (Aldebaran Robotics Inc.) (b) The robot-control interface (c-e)
The modeling prompt is helping the participant P1 (on the left) to gradually execute the correct behavior

dure is followed for generalization training. At the first step,
a triadic interaction is designed where the caregiver greets
the participant immediately after the participant’s positive
response to a robot’s greeting. This triadic interaction de-
sign (Robot — Participant + Caregiver) tries to exploit a
participant’s ‘intent to interact’ with the robot to generalize
the skill with the human (in this case, the caregiver). When
a participant performs well in this triadic interaction, the
second step of generalization is introduced where the robot
is removed from the scene. In this case, a dyadic interaction
is designed where the participant interacts with the robot
in the therapy room without the presence of the caregiver.
The caregiver waits outside of the therapy room and greets
the participant as soon as he comes out of the room.

3.1.5 Study protocol

The therapy was delivered through a humanoid robot from
Aldebaran Robotics (we named the robot ‘Blue’) (Fig. 2(a)).
The user-interface shown in Fig. 2(b) was designed to deliver
the therapy through the robot in a Wizard-of-Oz manner.
The study observed the following protocol:

1. For each participant, the therapy starts after he com-
pletes his baseline measurement.

2. Prior to the therapy beginning, each participant goes
through a 5 minute habituation session where the robot
interacts with the participant while showing its differ-
ent motor and sensing abilities.

3. Each therapy session lasts for 2 to 4 minutes and fol-
lows the procedure described in Section 3.1.4.

4. Only those participants who consistently perform well
with the robot in therapy sessions (high Skill ex-
ecution with no Prompt dependency for at least six
sessions in three consecutive days) are considered for
the generalization training.

5. Participants who do not show any sign of improvement
after 10 therapy sessions (e.g. no steady pattern in
SE and PD values, no increase in SE or decrease in PD
values, etc.) are discontinued from the study.

A brief summary of the study is provided in Table 2.
3.2 Data Collection and Coding

We collected video, audio, and images from all therapy
sessions. Two sets of behaviors of the participants were
coded from the video data: behaviors related to the two
efficacy metrics (SE and PD) and behaviors related to three
common HRI metrics that are relevant to this study.

3.2.1 Behaviors related to efficacy metrics

The two dependent variables of the study are considered
as the behaviors in this category and are defined as follows.

e Prompt: The participant is unable to correctly respond
to the command and the robot delivered one or both
of the two prompts to teach him the correct behav-
ior. This behavior is coded quantitatively by counting
the total number of prompts delivered in a session.
Prompt, inherently, is a component of a therapy and is
not provided or measured during the baseline phase.

e Responsiveness to the command: The participant waved
hand(s) or said “Hi” or “Hello” or any other words
within the context of social greetings to the robot or
human greeter. Gazing at the greeter without any
other verbal or non-verbal expressions is not consid-
ered a correct response. This behavior is coded quan-
titatively by counting the number of commands with
appropriate response. Responsiveness to the command
is also measured during the baseline phase.

The two efficacy metrics are calculated from these two be-
haviors as follows:

1. Skill execution, SE: The Responsiveness to the com-
mand expressed as a percentage of the total number
of commands delivered in a session.

__ Responsiveness to the command

SE Total Commands

X100% (1)

2. Prompt dependency, PD: The average number of prompts
required to generate one appropriate response in a
therapy session.

Prompt

PD = 2
Responsiveness to the command (2)

In the case Responsiveness to the command= 0 (which
implies SE = 0%),

PD = Prompt (3)

ASD therapies generally are time consuming processes where
achieving a therapeutic goal might require several months.
These two metrics provide a simple way to track the progress
of a participant during any ABA-based robot-mediated ther-
apy including the one presented in this paper. For example,

e Increasing trend of SE accompanied by a decreasing
trend of PD indicate a potential improvement of the
participant over time and a possible success of the ther-

apy.



Table 3: Cohen’s Kappa for Coded Behaviors

Behavior k (chance | s (chance not
corrected) | corrected)
Prompt 0.82 0.94
Responsiveness to | 0.92 0.97
the command
Gaze 0.80 0.90
Communication 0.76 0.91
Affect 0.64 0.80
Session number
12 3456 78 91011 12 1314 15 1617 18 19 20 21 22 23 24
P1 +. + * OF. % 0.+ # *+ ¥ # 0 + % +. 0
P2 o - -0000O0OO0COOCOOOOOOOOOOD + + + + + +
P3 o O (] o0 0 0 00 O
3 Positive emotional state
- Negative emotional state
0 Neutral emotional state

Figure 3: Emotional states of the participants

e Increasing trend of SE accompanied by an increasing
or constant PD indicate the requirement of adopting a
strategy to fade out the prompt while keeping the skill
intact.

e Decreasing trend of SE accompanied by a decreasing or
increasing trend of PD indicate that the current therapy
is not making any positive effect on the participant.

Note that, any other confounding variables that are active
during a therapy might alter the interpretations of SE and
PD and should be investigated carefully before drawing any
conclusion about the outcome of a robot-mediated therapy.

3.2.2 Behaviors related to common HRI metrics

There are three behaviors in this category which are gen-
erally considered as standard HRI metrics.

e Gaze: Participants look at the robot (Gaze at the robot)
or at the human caregiver (Gaze at the caregiver) dur-
ing a session. A participant’s interaction with his care-
giver (e.g. talking or playing) is considered as Gaze at
the caregiver. The behavior is coded quantitatively by
measuring its duration and is expressed as a percent-
age of the total duration of a session.

e Communication: The participant uses words to respond
to the robot or initiates a non-verbal communication
(e.g. touching the robot, pointing to the robot, etc.)
with the robot. Any words directed toward the robot
is considered as a form of communication. This behav-
ior is coded quantitatively by counting the number of
occurrences during a session and is expressed as occur-
rences per minute.

e Affect: Overall emotional state of the participant while
interacting with the robot during a therapy session.
The coders reported three emotional states qualita-
tively: positive, negative, and neutral. Example signs
of positive emotional state are the participant seemed
happy, was smiling, singing, joyfully talking to the
robot or the caregiver, etc. during a session. Exam-
ples signs of negative emotional state are the partic-
ipant seemed stressed, angry (e.g. screaming), sad,

non-focused, etc. during a session. Neutral emotional
state indicates a participant with no signs of positive
or negative emotion.

Based on these definitions, two people coded the behaviors
related to efficacy metrics and two people coded the be-
haviors related to HRI metrics, all independently. Cohen’s
Kappa was used to ensure inter-coder agreement for each
behavior and is listed in Table 3.

4. RESULTS AND ANALYSIS

This section provides an analysis of the coded behaviors
to 1) highlight the role of the two efficacy metrics in re-
porting the efficacy of the robot-mediated therapy, and 2)
shed light on the relationship between the two efficacy met-
rics and the three common HRI metrics (Gaze, Communi-
cation, and Affect). Visual analysis, a standard tool to
present results from single subject multiple baseline study
[15], is used to visually compare the responses of the par-
ticipants (in terms of SE and PD) during the baseline phase
and throughout the course of the robot-mediated therapy.
Fig. 4 presents the visual analysis of the study outcome.
Each participant’s baseline phase is staggered with his ther-
apy phase, to conform with the standard of wvisual analysis
in single subject design. As a result, session numbers in
Fig. 4 are marked as 1 to 20 (3 baseline sessions and 17
human-robot sessions) for P1, 1 to 30 (6 baseline sessions
and 24 human-robot sessions) for P2, and 1 to 10 (9 base-
line sessions and 10 human-robot sessions) for P3. Figs. 3,
5, 6, and 7 present the HRI metrics of the participants dur-
ing the human-robot therapy sessions (note that the session
numbers in these figures correspond to the human-robot ses-
sion only and hence, different from that shown in Fig. 4).
Pearson’s Correlation Coefficient (PCC) is used to measure
the statistical correlation between the HRI metrics and the
efficacy metrics. Table. 4 lists the PCCs between the two ef-
ficacy metrics (PD and SE) and the two quantitatively coded
HRI metrics (Gaze and Communication). The following sec-
tions will provide an individual analysis of results for each
participant.

4.1 Participant 1 (P1)

P1 received the robot-mediated therapy in 19 sessions.
Video and audio were not recorded in the first two sessions
due to technical problems. These two sessions are excluded
from the analysis (resulting in 17 robot-mediated sessions).
Fig. 5 shows the variation in Gaze and Communication HRI
metrics of P1 during the therapy sessions. P1 consistently
expressed more gazing preferences to the robot (on average,
49.9% of the time in a session) than to the caregiver (on aver-
age, 11.8% of the time in a session) and made some efforts to
communicate with the robot in 94% of the sessions. In 76%
of the sessions P1 was in a positive emotional state while
in the rest of the sessions he expressed neutral emotions (as
shown in Fig. 3). According to the common metrics of HRI,
these are considered as signs of positive impact of a robot
on an IwASD. However, in spite of all of these positive be-
haviors, P1 failed to meet the clinical goal of the study: he
could not learn to execute the target behavior of responding
socially to a greeting without the help of the robot.

As shown in Fig. 4, P1 generated some correct responses
in 33% of sessions during the baseline phase (baseline phase
did not involve prompting). But during the therapy, in 76%
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Figure 4: Outcome of the single subject multiple
baseline study with three participants

of the sessions P1 needed at least one prompt to appropri-
ately respond to one command while in sessions 6, 7,8 and
10 several prompts could not yield even one correct response.
Overall, the Skill execution of P1 did not follow any con-
sistent pattern during the therapy. In addition to that, P1’s
Prompt dependency did not show any decreasing trend over
time. The SE and PD values of P1 clearly show that he did
not make any progress with respect to learning to execute
the target skill without any help (i.e. the prompts) from the
robot. In other words, although P1 shows strong signs, ac-
cording to the three HRI metrics, that he is interested in the
robot, the robot was not able to teach him the target skill
through the 17 therapy sessions. This potential mismatch
is also revealed in the lack of correlation between the HRI
metrics and the efficacy metrics.

The Gaze (at the robot) metric has poor correlation (PCC
=0.23) with the SE and negative correlation with the PD
(PCC=-0.55). The Communication metric shows strong
correlation with the SE (PCC = 0.87). That is mostly be-
cause most of P1’s Communication with the robot was re-
lated to responding to the greeting commands of the robot.
The Communication metric, however, shows negative corre-
lation with the PD (PCC = —0.13).

Overall, analysis of Figs. 4, 3, and 5, and Table 4 re-
veals the fact that the three HRI metrics can not be used as
indicators of the robot’s efficacy in P1’s therapy.

4.2 Participant 2 (P2)

P2 is the only participant in this study who went through
the generalization training. P2 received the therapy in 24
sessions. Analysis of P2’s coded behaviors demonstrates an-
other case of potential mismatch between the information
conveyed through efficacy metrics and HRI metrics. Fig. 6
shows the variation in Gaze and Communication HRI met-
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Figure 5: HRI metrics of P1 in human-robot sessions
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Figure 6: HRI metrics of P2 in human-robot sessions

rics of P2 during the therapy. Similar to P1, P2 also showed
gazing preferences more toward the robot (on average 59%
of the time of a session) than to the caregiver (average is
2.2%) and made efforts to communicate with the robot in
every session. Unlike P1, P2 was in positive emotional state
in only 25% of the sessions and in 8% of the sessions he
expressed negative emotions. P2, however, as opposed to
P1, was able to achieve the clinical goal of this study by
learning to execute the social behavior outside of the ther-
apy setting. As shown in Fig. 4, P2 was not responding
consistently during the baseline phase (SE= 50% in 50% of
the sessions). But P2’s Skill execution quickly rose to
100% after the first therapy session and he maintained that
high score without any Prompt dependency for 11 consecu-
tive therapy sessions. The generalization training (triadic in-
teraction) started from session 18 (human-robot session 12)
as shown in Fig. 4 (note that therapy sessions are staggered
with the baseline phase). Last two sessions were dedicated
to the dyadic interaction. During the generalization train-
ing P2 needed only one prompt in Session 23 (human-robot
session 17) to execute the target skill. Steady high values
of SE and low values of PD clearly indicate P2’s success in
mastering the target skill from the robot. The HRI met-
rics, however, do not show any meaningful correlation with
the efficacy metrics. As indicated in Table 4, the Gaze (at
the robot) metric has very poor correlation with both of the
two efficacy metrics while the Communication metric shows
negative correlation with the two efficacy metrics. Overall,
although P2 learned to execute the skill from the robot and
P1 failed to do that, the HRI metrics do not convey any
information that can differentiate P2 from P1 with respect
to achieving the therapeutic goal of the study.

4.3 Participant 3 (P3)

P3 received the robot-mediated therapy in 10 sessions dur-
ing which he showed very high gazing preferences for the

Table 4: Correlation Between HRI Metrics and Ef-
ficacy Metrics: Pearson’s Correlation Coefficient
SE PD
P1 P2 P3 P1 P2 P3

Gaze (at Robot) | 0.23 | 0.04 0.11 | -0.55 | 0.12 0.11

Communication 0.87 | -0.01 | 0.64 | -0.13 | -0.21 | 0.63




robot (on average 71% of the time) than for the caregiver
(only 1.9% of the time), as shown in Fig. 7. P3’s gazing
preference to the robot is much higher than that of both
P1 and P2. P3 also maintained a neutral emotional state
throughout the therapy sessions. P3, however, showed min-
imal effort to communicate with the robot. Overall, HRI
metrics represent P3 as a participant who might have mod-
erate to no interest in the robot but certainly did not dislike
the robot. Efficacy metrics, however, represents P3 as a
participant completely unsuitable for robot-mediated inter-
ventions. As shown in Fig. 4, during the baseline phase P3
exhibited some correct responses (SE = 40% in 44% of the
baseline measurements) but as soon as the therapy started
his Skill execution drastically dropped to zero. Despite
several prompts P3 was completely unable to execute the
correct behavior in 90% of the sessions. Accordingly, we
concluded that P3 is the kind of participant who might not
be suitable for robot-mediated interventions. HRI metrics
convey a very little information for drawing such a conclu-
sion.

S. DISCUSSION AND CONCLUSION

Efficacy of robots is a factor which will determine whether
robots can actually be employed in clinical settings for ASD
therapy. Clinicians require measures to quickly identify how
well a robot is performing to achieve a planned therapeutic
goal. In this paper, we defined two such efficacy metrics,
Skill execution and Prompt dependency, as a measure of
a robot’s efficacy to teach a basic skill of social greetings to
three low-functioning IwASDs. Both of these metrics are
easy to calculate and involve monitoring of two easily ob-
servable behaviors of the participants. Results presented
in Section 4 show that these two metrics, when analyzed
together, created a highly informative picture of how well
different participants were performing over the course of the
study.

We also analyzed all therapy sessions with respect to three
common HRI metrics (Gaze, Communication, and Affect).
Our analysis shows that the HRI metrics performed well in
reporting the ‘likability’ of the robot to the participants.
For example, all of the participants showed stronger gazing
preference for the robot than for the caregiver and such pref-
erences did not die out over time, enabling us to safely rule
out the contribution of the novelty effect in this case. All
participants, within their limited verbal and cognitive abil-
ities, made efforts to communicate with the robot, and fi-
nally, the robot encountered negative emotions in only 3.9%
of the total 51 therapy sessions with three participants. All
of these indicate that the participants were not uncomfort-
able around the robot and might have enjoyed the robot’s
presence in many cases. This finding is completely in line
with the findings of previous research in this domain [6, 27].
However, a comparative analysis of the two sets of metrics
(HRI and efficacy) shows that HRI metrics were not able to
convey information about the efficacy of the robot in achiev-
ing the goal of the therapy. For example, between P1 and
P2, HRI metrics indicated P1 was more attracted to the
robot than P2 (both of them have approximately similar
scores for the Gaze and Communication metrics, but P1 ex-
pressed significantly more positive Affect around the robot
than P1). In reality, P2 was able to reach the clinical goal
of the study while P1 could not master the skill from the
robot. The efficacy metrics successfully conveyed this in-
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Figure 7: HRI metrics of P3 in human-robot sessions

formation. These are significant observations and indicate
the need of defining appropriate efficacy metrics for robot-
mediated ASD therapy. We understand that the sample size
of this study was small (n = 3) but single subject, multiple
baseline design mitigates the negative effect of small sample
size.

Another important consideration is the diagnostic condi-
tion of the participants. All of the participants in this study
were toward the lower end of the spectrum, a population
generally not discussed in the majority of robot-mediated
ASD research. This diagnostic condition might act as a
confounding variable to influence the uncorrelated patterns
of the HRI metrics and efficacy metrics that emerged from
this study. Further studies are required to investigate this
variable and is considered as a future work.
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