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Affect-sensitive human-robot interaction
(HRI) will allow the robot to vary its
behavior and respond to changes in the
subject’s mood and attentiveness. This
form of HRI can be applied to the treatment
of autism by having robots serve as social
skills mediators who can stimulate and
encourage conversation while monitoring
the subject through non-invasive sensors.

Successful HRI treatment of autism will
rely upon the user’s acceptance of the
robot. This study focused on initial
reactions to a NAO robot (Fig. 1) to
determine the most appropriate type of
motions and voice the robot should display
to be an affect-sensitive social skills aid.

Two text-to-speech voice options and two styles of motion were
tested in the following condition combinations:
• Condition A – Default NAO voice & smooth motions
• Condition B – Amazon Polly Justin voice & smooth motions
• Condition C – Default NAO voice & jerky motions
• Condition D – Amazon Polly Justin voice & jerky motions

The NAO default text-to-speech is similar to a robotic child’s
voice, and the Justin voice from Amazon Web Services, Polly, is
similar to a young boy’s voice. The jerky motions were defined from
how the robot tends to “jerk” into positions when transitioning. The
smooth motions were programmed with a short delay before each
motion to allow for smoother transitions with less jerking.

Using the Godspeed and RoSAS questionnaire data of the 17
subjects who had little to no experience with the NAO or robotics, a
T-test was used to determine statistically significant differences,
shown by p-values (<0.05) in Table 2. Table 3 shows the results of a
Friedman test and a Nemenyi post-hoc test to determine significant
relationships between all four conditions, where significance was
determined if the value was greater than 7.81 at α = 0.05.

The E4 wearable sensor collects data on six signals, and four were used for the
analysis of the user acceptance study: electrodermal activity (EDA), blood volume
pulse (BVP), skin temperature (SKT), and heart rate (HR). The E4 physiological data
is compiled and fed into a machine learning algorithm by the following process:
1. Raw E4 data converted to .csv file using a Jupyter function [3]
2. Condition start and end timestamps found using manual video analysis
3. Appropriate filters were used to divide tonic and phasic portions of EDA as well as

on the raw BVP signal
4. Segmented data into 20-second blocks
5. From each block, calculated 12 features [4]

a. EDA Tonic Mean, Standard Deviation
b. EDA Phasic Peak Rate, Max Amplitude, Mean Amplitude
c. BVP Peak Mean Amplitude, Max Amplitude
d. HR Mean, Standard Deviation
e. SKT Mean, Slope, Standard Deviation

6. Divide features by baseline (lowest-deviation 20-second block)
7. Normalize all feature segments between zero and one
8. Each E4 segment is labeled with the condition in which it was originally recorded
9. Segments are fed into a machine learning module to calculate results from five

separate algorithms:
a. Logistic Regression, Support Vector Machine, Decision Tree, Random Forest,

and Gradient Boosting

This study of initial user acceptance to the NAO robots provided
significant results to indicate that differences in voice type and
smoothness of motions during HRI provokes different physiological
responses among adults around college age. In future studies, these
results will help determine the most appropriate behaviors the NAO
robots should present (e.g., perceived as least provoking of
discomfort, most human-like, and safest) during affect-sensitive social
skills interventions with children diagnosed with autism spectrum
disorder.
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Condition A & B A & C A & D B & C B & D C & D

Perceived Safety 0.00412 0.00007 0.00475

Anthropomorphism 0.02832 0.00840

Awkward 0.04082 0.02181

Strange 0.01310 0.01705 0.01397 0.01806

Factor Ranking Test Value Significant Relationship
Perceived Safety B>A>D>C 19.5 B and C
Anthropomorphism B>A>D>C 9.54 B and C
Discomfort D>C>A>B 10.5 B and D

Model F1-score A F1-score B F1-score C F1-score D Accuracy 

Logistic Regression 0.34 0.25 0.26 0.34 0.29

Support Vector 
Machine

0.26 0.34 0.11 0.29 0.28

Decision Tree 0.59 0.53 0.62 0.33 0.53

Random Forest 0.68 0.66 0.65 0.63 0.65

Gradient Boosting 0.81 0.71 0.72 0.75 0.75

Figure 1. NAO Robot

The subjects wore an Empatica E4 sensor
(Fig. 2) on their wrist and were video
recorded. Subjects interacted with the robot
through a scripted conversation for all four
conditions, presented in a Latin Squares
sequence to account for order effects.
Between conditions, subjects completed the
Godspeed [1] and RoSAS [2] questionnaires
to assess their reaction to qualities of the
robot including factors that influenced
perceived safety, anthropomorphism, and
discomfort. The Godspeed survey rates factors on a scale from 1 to 5
[1]. The RoSAS survey rates factors on a scale from 1 to 7, with
1 = definitely not associated and 7 = definitely associated [2].

The user acceptance study was conducted with 38 college-age
adult subjects. All subjects were asked to rate their experience with
NAO robots. Of the 38 subjects, 17 responded as having little to no
experience with the NAO or robotics. This smaller group was 70.6%
female (12/17 subjects), and the average age was 22.1 years old
with a standard deviation of 3.93 years.

Figure 2. Empatica E4

Table 2. Godspeed and RoSAS Questionnaire T-test Results 

Table 3. Friedman and Nemenyi post-hoc Significant Relationship Results

After E4 data processing and analysis, an F1-score was calculated for each
algorithm and condition. The F1-score is a weighted average of precision and
recall, ranging from zero to one and calculates how well the algorithm can classify
the condition. A desirable model will be able to classify all conditions at a rate
better than chance; for a binary classification better than chance would be F1 > 0.5
in both categories. Accuracy represents the total number of correct predictions
over total number of predictions made by the machine learning analysis.

By the gradient boosting model, an accuracy of 0.81 was returned for a binary
classification of B vs D and 0.77 for B vs C. Accuracies were over 0.7 for all pairs
of conditions. The results for a four-way classification of all conditions, for a
desirable F1 > 0.25 for each condition, are shown in Table 1. Again, the gradient
boosting model produced the highest F1-scores and accuracy.

Table 1. Machine Learning Results 
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