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ABSTRACT

KEYWORDS

Social Skills Training (SST) is commonly used in psychiatric rehabilitation programs to improve social skills. It is especially effective
for people who have social difficulties related to mental illnesses or
developmental difficulties. Previous studies revealed several communication characteristics in Schizophrenia and Autism Spectrum
Disorder. However, a few pieces of research have been conducted in
natural conversational environments with computational features
since automatic capture and analysis are difficult in natural settings. Even if the natural data collection is difficult, the data clearly
have much better potential to identify the real communication
characteristics of people with mental difficulties and the interaction differences between participants and trainers. Therefore, we
collected a one-on-one SST multimodal dataset to investigate and
automatically capture natural characteristics expressed by people
who suffer from such mental difficulties as Schizophrenia or Autism
Spectrum Disorder. To validate the potential of the dataset, using
partially annotated data, we trained a classifier for Schizophrenia
and healthy control with audio-visual features. We achieved over
85% accuracy, precision, recall, and f1-score in the classification
task using only natural interaction data, instead of data captured
in the specific tasks designed for clinical assessments.

Social Skills Training, Schizophrenia, Autism Spectrum Disorder,
Audio-visual features
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1

INTRODUCTION

Social Skills Training (SST), which has been used in clinical populations for over 40 years, was developed based on conditioned
reflex therapy, psychotherapy by reciprocal inhibition, and social
learning theory [5, 20, 29]. SST improves the social skills that are
necessary for living socially at school or in company. SST can be
done with one trainer and one participant, or one trainer and several participants. In this paper, the target is one trainer and one
participant.
Figure 1 shows SST’s basic training flow. The trainer and the
participant decide objective skills and the goal of SST. Then, the
trainer demonstrates a good example of the skill/goal by acting out
the situation him/herself. After that, the participant imitates the
trainer’s example. Then, positive or negative feedback is given by
the trainer. Based on the feedback, the participant repeats his/her
performance and tries to improve it if it is recommended. Homework is also assigned to participants to apply the trained skills for
daily communication; this process is called generalization.
Although SST is a well-known rehabilitation program that is
frequently used in medical fields, the amount of research on the
computational analyses of SST interactions is limited [11, 25, 26].
However, we believe that computational analyses are required to
find objective and observable features for a more precise evaluation
of participants’ social skills because such evaluations remain heavily
subjective. Actually, these computational approaches can be applied
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Figure 1: SST Flowchart
Figure 2: Recording device map
not only for participants’ evaluations but those for trainers, too.
Currently, there is no concrete evaluation method exists to develop
managing skills for trainers. Therefore, they must be evaluated
by other trainers. However, the evaluation axes greatly vary from
trainer to trainer even if the evaluations are done by experienced
senior trainers. For better and more concrete evaluations, we have
been working on this topic in a series of our researches [19, 25, 26].
In this paper, as a next step, we collected human-to-human SST
data with subjects of Autism Spectrum Disorder (ASD), Schizophrenia (SZ), and healthy control. Moreover, we clarified the significant
features in SZ and ASD, which have never been captured or analyzed in natural interactive SST settings. We recorded the interactions with multimodal capture devices for precise analyses. Note
that we only executed the yellow part in Figure 1 to control the
scenario for our research purposes.

2

RELATED WORKS

Hoque et al. collected job interview data to develop an automated
virtual agent called MACH [11], which asks a variety of questions
with such interactive responses as nodding or mirroring smiles
followed by feedback. Throughout their research, they showed the
effectiveness of their interactive virtual agent and its feedback in
job interviews. Their team applied the method into the SST context
for elderly people and young people in their later works [1, 2].
Voleti et al. collected a dataset of three role-playing scenes
[28]. They collected 87 clinical subjects (44 bipolar-i disorder, 43
Schizophrenia or schizoaffective disorders) and 22 healthy controls
that participated in the SSPA tasks described by Patterson et al. [18].
They achieved 0.960 ROC scores just using text features. However,
non-verbal skills should be considered for fair evaluations.
Compared to previous researches by Hoque and Voleti and our
team, we targeted the identification of characteristic multimodal
features across SZ or ASD. Moreover, we collected the multimodal
data of the subjects and the trainers (conversational opponents),
including role-plays and feedback phases, to identify the significant
features of better trainers, which is currently unclear. Since this
study focuses on multimodal behaviors and interactions of humanhuman SST, we fixed most SST settings such as feedback strategies
across all sessions. Therefore, we won’t discuss method differences
between trainers or sessions.

3 DATASET
3.1 Setting
All of the data collection processes were approved by ethical committees in Nara Medical University and Nara Institute of Science
and Technology. At the beginning of the recording, we explained
the procedure to the participants and got informed consent.

Figure 2 shows the recording device map where P stands for
the participant, T stands for the trainer. We used three video cameras and two Azure Kinects (K in Figure 2) to capture subtle social
signal of the participants and the trainers. Due to the Covid-19
pandemic, we set transparent partitions between the participants
and the trainers to prevent infections. We placed two cameras diagonally to avoid light reflection from the partitions to capture facial
expressions. Another camera was placed in the center to capture
the entire picture. We used Kinects to capture body movements
with a pretrained pose estimator based on depth images [24].
To investigate the interaction differences between different types
of mental or developmental difficulty, we recruited ASD and SZ
sufferers and healthy control subjects. Although equalizing the
environments across all the recordings is preferred, our recordings
were done at three different places 1 to minimize participants’ mental workload. However, we paid much effort to equalize the other
environments as much as possible. Among many social skills, we
targeted four basic ones: listening, expressing positive or negative
feelings, refusing offers, and asking for favors. They are known as
the most fundamental skills defined by Bellack [6]. We also used
the same workflow and devices across every data collection.
We collected 49 pieces of the adult subjects’ data: 19 control
(10 male and 9 female. The average age was 28.42. The standard
deviation of the age was 3.95), 15 ASD (10 male and 6 female. The
average age was 26.50. The standard deviation of the age was 5.67),
and 15 SZ (7 male and 8 female. The average age was 32.07. The
standard deviation of the age was 8.82). We also collected 33 pieces
of children’s data for a better investigation of ASD. However, in this
paper, we mainly describe the adult subjects. All of the videos were
synchronized by a human annotator based on the handclap sign at
the beginning and the end of each role-play. All the utterances were
transcribed by a human annotator. In addition, we conducted another recording on eye-gaze differences with the same participants
on the same day for future research, omitted here due to space
limitations. Note that since every subject was a Japanese native
speaker, the target language was Japanese.

3.2

Clinical assessments

We gathered several evaluation metrics to clarify the characteristics
of the subjects. For this dataset, we collected the Face Emotion Identification Test (FEIT) [14], the Kikuchi’s Scale of Social Skills: 18
items (KiSS-18) [15], Singelis scales for Independent-Interdependent
self-construal (Singelis) [22], the second edition of the Social Responsiveness Scale (SRS-2) [7], the second edition of the Autism
Diagnostic Observation Schedule (ADOS-2) [16], the Japanese version of the Brief Assessment of Cognition in Schizophrenia (BACS-J)
1 Nara

Medical University Hospital, Heart-land Shigisan Clinic, and Nara Institute of
Science and Technology
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Table 1: Evaluation metrics
Group
FEIT
Kiss-18
Singelis
SRS-2
ADOS-2
BACS-J
PANSS

Table 2: Audio features

Control-adult

ASD-adult

Schizophrenia

✓
✓
✓
✓

✓
✓
✓
✓
✓
✓

✓
✓
✓

✓
✓

[13], and the Positive and Negative Syndrome Scale (PANSS) [12],
depending on each symptomatic group. Table 1 shows the correspondence between the metrics and the groups.
FEIT, which assesses the emotional perception of facial emotions,
includes the facial images in greyscale of 19 different people with
one of six emotions: happiness, sadness, anger, surprise, fear, and
shame. We included it since ASD struggle with emotion recognition
from facial images [9]. Kiss-18, which measures social skills levels,
is composed of 18 questions based on six social skill categories
defined by Goldstein [10]. This metric comprehensively measures
social skills. Singelis is constructed of 30 questions on a 7-point rating scale. It was developed to measure how people view themselves
to others. SRS-2 is an evaluation metric for the severity of social
impairment that is composed of 65 questions. Although SRS-2 was
originally designed to assess potential ASD sufferers, it can also
differentiate among a variety of mental difficulties. Since its effectiveness has been investigated with the challenged and the healthy,
it is suitable for evaluating healthy people as well [7]. ADOS-2
is a semi-structured assessment that includes several play-based
activities for collecting information related to communication, social interactions, and restricted and repetitive behaviors associated
with ASD. Since it doesn’t depend on any language levels, it can
be uniformly applied to kindergarten children and adults. BACSJ is a Japanese version of the Brief Assessment of Cognition in
Schizophrenia (BACS) that assesses the aspects of cognition found
to be most impaired and most strongly correlated with outcomes
in SZ patients. Since not only SZ but also ASD include cognitive
impairments, we also applied BACS-J to ASD subjects. PANSS is an
instrument for typological and dimensional assessment for SZ that
is composed of standardized 30 items. It provides a balanced representation of positive and negative symptoms. With these metrics,
we plan to identify the characteristic differences among the clinical
groups. Our annotator is currently compiling these metrics.
Since we tried a classification between SZ and control subjects in
section 4, we investigated the assessment score differences between
them. With the Mann-Whitney U rank test, we confirmed that there
weren’t significant differences (p>0.05) for Kiss-18, Singelis, and
FEIT with p-values 0.94, 0.16, and 0.39 respectively.

3.3

Subjective evaluations

Furthermore, we subjectively evaluated the social skills of participants and trainers by other experienced trainers by watching the
videos afterward. We evaluated the participant acts with the following seven components: eye contact, body direction and distance,

Feature name

Description

F0, F1, F2, F3 Mean
F0, F1, F2, F3 SD
F0 Min, Max
F0 range
F1, F2, F3 BW
F2/F1, F3/F1 Mean
F2/F1, F3/F1 SD
Int range
Int SD

Mean frequency of F0, F1, F2, F3
Standard deviation of F0, F1, F2, F3
Minimum and Maximum F0 frequency
Range (Max - Min) of F0
Average bandwidth of F1, F2, F3
Mean ratio of F2-F1 and F3-F1
Standard deviation of F2/F1 and F3/F1
Range (Max - Min) of intensities
Standard deviation of vocal intensity

facial expression, voice variation, clarity, fluency, social appropriateness for each task. In contrast, we evaluated the trainer acts
with the following four components: appropriateness of positive
feedbacks, suggestions for improvement, appropriate non-verbal
communication as a good example, appropriate verbal communication as a good example. Every component was evaluated with a
5-point Likert scale. Each video was evaluated by two evaluators.
To validate the evaluation scores’ reliability, we calculated Cohen’s quadratic kappa scores. The reliability was confirmed with
the kappa score of 0.84 across entire subjective evaluations. There
were no significant differences in kappa scores between different
SST tasks. On the other hand, healthy controls were comparably
lower than SZ, and SZ was lower than ASD. We believe this indicated that the variability of social skills levels of healthy controls
was more diverse than other groups. Similarly, the kappa score for
the evaluations on participants was lower than the one on trainers.

4

CLASSIFICATION OF SCHIZOPHRENIA
AND HEALTHY CONTROL

We validated the effectiveness of this dataset by training a classifier
using multimodal features. As an experimental study, we set the
adult control subjects and the adult SZ subjects as the classification
targets. Unfortunately, we couldn’t include the ASD subjects in this
validation since we haven’t finished the annotation yet.

4.1

Method

We used the random forest as the machine learning model. For its
input, we used audio-visual features calculated by existing software
and preprocessed the data with the following procedure. First, audio data were separated from the video data. Then, we separated
the data into several segments according to SST phases, such as
role-plays or feedbacks. For the audio data, next, we eliminated
unvoiced and overlapped voiced segments between the trainer and
the participant. After that, we concatenated non-overlapped voiced
segments. Since the several files were too short for accurate calculation, we eliminated audio files shorter than five seconds. Note that
we didn’t use body joint position since we have not found a way to
synchronize the data at the boundary point of SST phases yet.
We used Praat for the audio feature calculation and OpenFace
for the visual feature calculation [3, 4, 27]. Tables 2 and 3 show the
input features, where F0 indicates the fundamental frequency of
voiced segments, F1 to F3 indicate the first to the third formant of
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Table 3: Visual features

Table 4: Classification results

Feature name

Description

Feature

Accuracy

Precision

Recall

F1-score

Pose_[Rx,Ry,Rz]_std
Smile_ratio

Standard deviation of head rotation
around (X:pitch,Y:yaw,Z:roll) axis
Ratio of Smiling frames

A
V
A+V

0.868
0.382
0.804

0.902
0.476
0.823

0.872
0.488
0.851

0.887
0.422
0.836

AU01
AU02
AU04
AU05
AU06
AU07
AU09
AU10
AU12
AU15
AU17
AU20
AU23
AU25
AU26
AU28
AU45

inner-brow raiser
outer-brow raiser
brow lowerer
upper-lid raiser
cheek raiser
lid tightener
nose wrinkler
upper-lip raiser
lip-corner puller
lip-corner depressor
chin raiser
lip stretcher
lip tightener
lips parter
jaw dropper
lip sucker
blinker

voiced segments, AUXX indicates facial Action Unit (AU) which
is a component of each facial expression. Since the background
noise of the locations was different, perhaps the audio intensity
changed depending on the locations. Therefore, we didn’t include
the average, minimum, and maximum values of the intensity to
avoid the location differences, although the range and standard
deviation were included because they were potentially less affected.
Before being input into the model, all features were standardized
to have the mean of zero and the standard deviation of one. To
investigate which modality is dominant for this classification, we
set three different feature-set conditions: audio-only (A), visualonly (V), audio-visual (A+V). We trained the model ten times with
random parameters and averaged the results to get a final result.

4.2

Results and discussion

Table 4 shows the classification results. The highest F1-score was
0.887. In terms of modality differences, the audio-only features
showed the best performance across all the metrics. In contrast, the
visual-only features showed significantly lower performance than
the audio-only. The audio-visual features showed an average performance. These classification results indicated the importance of
audio features to differentiate two groups. Actually, prior research
reported vocal atypicalities in SZ [17]. Our classification results
with different modality-sets supported them.
Furthermore, we investigated the feature importances for the
classification with random forest. Table 5 shows the top-3 feature
importances for the best model (audio-only). F3 BW shows the
highest importance value with over double the value of the others. It
is acknowledged that wide formant bandwidth induces a significant
reduction of the vowel identification rate [8, 21, 23]. In fact, we

Table 5: Top-3 important features (audio-only)
Feature name

F3 BW

F2/F1 Mean

F1 BW

Importance

0.231

0.089

0.087

confirmed that the bandwidth of the SZ group was mostly wider
than the one of the control group by comparing each feature value.
Therefore, our result indicates the SZ group participants tend to
have less vowel intelligibility than the control group, which can be
a part of communication problems.

5

CONCLUSION AND FUTURE WORK

We explained our SST data collection including subjects with mental
or developmental difficulty and classification with audio-visual
features. Our classification demonstrated the usefulness of our
natural conversational SST dataset. Although researchers have tried
to classify SZ in limited experimental situations, our classification
with this natural dataset achieved reasonably high performance.
Toward an automated SST system, several challenges remain.
First, an analysis of the trainers’ behavior is necessary to achieve
effective feedbacks. Such an idea is meaningful not only to develop
better automated SST trainers but objectively measure trainers’
skills, which is still difficult. Second, further investigations are
needed of the characteristic features of SZ. For years, trainers clearly
recognize the existence of praecox feelings when they talk with SZ.
However, trainers couldn’t explain the feelings in detail because it
was ambiguous. We believe that our computational analyses will
provide answers to that question in the future.
As a limitation of our research, we couldn’t equalize relationships
between the trainers and the subjects. Since we couldn’t find any
other way to recruit participants with difficulties, we recruited them
from the hospitals at which the trainers were working. Therefore,
the trainers and the disordered subjects had relationships before the
recording, whereas the trainers and the control subjects didn’t have
since they were located through a subject recruiting service. Such
differences in locations and relationships are probably a limitation
of our current research. In addition, we recruited four male and
one female trainers for this research. Note that the results might be
affected by the imbalanced gender ratio of trainers.
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