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Abstract

The rising prevalence of autism spectrum disorder, coupled with limited professional resources, highlights the urgency
of developing efficient diagnostic tools. While standardized assessments exist, identifying subtle communication deficits,
especially during multimodal interactions, remains time-consuming and prone to human error. To address this, we propose
an automated behavior analysis framework that aims to support clinicians by accurately detecting both verbal and non-verbal
communication markers. Specifically, we put forth a composite artificial intelligence framework that integrates various
deep learning algorithms to analyze information from body and hand poses, object detection, tracking and manipulation,
and speech. By combining these features with a rule-based system, we can identify events within the Autism Diagnostic
Observation Schedule second edition, Construction Task, where participants initiate requests. These requests can be verbal,
non-verbal or a combination of both resulting in multimodal interactions. Building on our prior work, this paper introduces
a smart glass technology component, integrating gaze and blinking analysis, which are challenging for clinicians to moni-
tor, given the multi-task nature of their role. These additions enable the detection of eye contact, a crucial social cue. Our
approach allows us to recognize gestures, identify hand object manipulations, detect eye contact, and understand the natural
language in clinician-participant interactions. We achieve 94% and 73% F-1 score, on verbal and non-verbal request detec-
tion, respectively, which may improve, as deep learning advances.
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Introduction of ASD is inherently challenging, as it demands significant

medical resources and can be time-consuming. One of the

Autism spectrum disorder (ASD) is a prevalent neurode-
velopmental condition, affecting approximately 1 in 36
children in the USA, with a global impact on about 1% of
the world’s population [1]. Accurate diagnosis and assess-
ment of ASD are crucial for timely intervention and sup-
port. However, identifying potential indicators or symptoms
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most complex aspects of ASD assessment lies in recogniz-
ing nuanced social communication behaviors, which often
manifest through verbal and non-verbal cues. The difficulty
in accurately identifying these behaviors highlights the need
for automated, reliable, and interpretable tools to support cli-
nicians, especially given the increasing prevalence of ASD
and the scarcity of specialized resources.

The integration of artificial intelligence (AI) methods
in behavior imaging [2—7] holds promise in automating
the analysis of participant behavior, potentially enhancing
efficiency and reducing the load on clinicians. However,
due to the complexity and variability of ASD behaviors
and the crucial need for interpretability, individual deep
learning (DL) methods, often characterized by their black
box nature, may not reliably provide accurate results. This
limitation underscores the relevance of Composite Al
(CAI). CAL, as defined by Gartner [8], refers to the fusion
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of various Al techniques, both data-driven and rule based,
to improve learning efficiency and broaden knowledge
representations. By integrating various DL methods from
different modalities with rules from a rule-based system
(RBS), CAI addresses the interpretability challenge asso-
ciated with DL models while leveraging domain-specific
knowledge.

In this paper, we extend a CAI approach from our previ-
ous work [9] to detect verbal and non-verbal requests made
by participants during semi-structured interactions, such
as those observed in the Autism Diagnostic Observation
Schedule second edition (ADOS-2). We introduce a novel
component utilizing smart glass technology, incorporating
gaze and blinking analysis to assess crucial social cues like
eye contact, which play a significant role in communication.

We analyze video recordings from ADOS-2 sessions,
recorded by both a wall-mounted camera and Tobii eye
glasses worn by clinicians. ADOS-2 enables the assess-
ment of autism levels across five modules, each designed
for specific age groups and speech fluency levels. Our study
focuses on Module 3, designed for verbally fluent children
and young adolescents aged 5—14. This module was selected
because effective analysis in this context requires partici-
pants with developed speech capabilities. Among the 14
tasks in Module 3, the Construction Task (CT) was chosen
as it involves instances where participants initiate both ver-
bal and non-verbal requests. A detailed description of the
CT can be found on the “Dataset” section.

Detecting these requests is relevant in the context of
autism diagnosis as effective communication is essential for
social interaction, and difficulties in this domain are typical
indicators of ASD. By analyzing how ASD individuals initi-
ate and respond to requests, clinicians can gain insights into
the subtle deficits in communication that characterize the
disorder. This task proves to be challenging to analyze, due
to the complexity of social interactions and the vast range of
communication signs, which involve both verbal elements

MULTIMODAL INPUT

FEATURES

(spoken language) and non-verbal aspects (such as gestures,
facial expressions, eye contact, and more).

To address these challenges, we propose a CAI frame-
work, that operates in a modular fashion. It consists of the
following three modules (see Fig. 1):

— Feature Extraction: Deep learning models from both
vision and speech modalities are used to extract features
from the environment, humans, and context.

— Episode Segmentation: uses rules to combine the features
in order to identify and separate different events.

— Activity Interpretation: uses information from specific
events of interest to classify different types of social cues.

This paper aims to demonstrate the capabilities of our
proposed CAI framework by analyzing and interpret-
ing complex social communication signs, both verbal and
non-verbal, within the context of an ASD standardized
test, ADOS-2. We emphasize the importance of gaze and
blinking as fundamental features that may characterize both
typically developing (TD) and autistic people during social
interactions. In this context, detecting such cues, as well
as interpreting situations where they may be absent or less
noticeable, is crucial.

Thus, our CAI framework aims to provide the following
benefits:

e Time efficiency: our modular framework automatically
detects events of interest, allowing clinicians to focus
on crucial moments rather than manually reviewing full
recording sessions. This targeted analysis may signifi-
cantly reduce the time required for ASD assessment.

e Supporting clinician decisions: Clinicians perform multi-
task roles, simultaneously observing, taking notes, and
interacting with patients, which may cause them to over-
look important signs. Our framework provides crucial
information about subtle communication cues, such as

Il. EPISODE
SEGMENTATION

Video

I. FEATURE
EXTRACTION

Audio

Environment + Human

!
o)

1. ACTIVITY ]

INTERPRETATION

.|||.|||||.|||.
- J \

Patient: “Hmm...| think some pieces are missing” j

Context 1

[ DETECTED SOCIAL CUES ]

Fig.1 An overview of our extended Composite Al framework v2.
(I) Features about the environment, human, and context are extracted
using different deep learning models; (II) features are combined using
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a set of rules from a rule-based system, to segment different events;
and (III) another set of rules is used for detecting social cues within
the events
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gaze and blinking, which are challenging for humans to
quantify. By offering comprehensive data, the system
may aid clinicians in making more informed diagnostic
decisions.

Related Work

Understanding and decoding the social behaviors of individ-
uals with ASD present unique challenges due to their atypi-
cal social interaction, communication and behavior patterns.
The severity and manifestation of autism symptoms vary sig-
nificantly among individuals, resulting in diverse behaviors.
A recent study [10] has underscored the complexity of social
interactions and the crucial role of face-to-face interaction,
highlighting the sensitivity of ASD individuals to social
presence and its impact on their cognitive processes. Non-
verbal cues like blinking and gaze are extensively researched
due to their essential role in behavior analysis during social
interactions, reflecting attention, focus, and engagement.
Manual tracking of these cues is challenging, underscoring
the need for automated methods.

Al methods [11-13] have shown promise in automating
behavior analysis, accelerating the process, enhancing effi-
ciency, and reducing clinician workload. Several studies [7,
14—17] utilize AI methods to detect verbal and non-verbal
cues, aiming to understand the complexities of social inter-
actions in individuals with autism. For instance, Celiktu-
tan et al. [18] analyzed non-verbal autistic behavior during
dyadic interactions using Al methods to extract individual
and interpersonal features, while Chi et al. [19] focused on
detecting distinct prosody patterns in speech recordings to
automatically identify autism. Similarly, recent research [7]
tracked voice, eye gaze, and facial expression features to
classify individuals as autistic or not.

Atypical blinking patterns, such as elevated blink rates,
have been linked with dopaminergic hyperactivity, provid-
ing insights into the neurobiological aspects of autism [20].
Additionally, deficits in temporal coordination of blinking
with speech pauses have been observed in individuals with
ASD [21]. Al methods for blinking analysis aim to quantify
patterns of attentional engagement in autistic children based
on facial orientation and blink rate. This study [22] reports
that overall, autistic children had a higher mean blink rate
compared to neurotypical children. Studies have shown that
people with autism tend to avoid direct eye contact [23] and
exhibit unconventional gaze patterns suggesting difficulties
in selecting socially relevant information for attention [24].
Al methods, such as LAEO-Net [25] and Gaze360 [26], have
been employed for estimating gaze and eye contact dynam-
ics, enabling differentiation of distinctive sub-groups based
on gaze behavior.

Our work applies deep learning models to extract vision
and speech-based features, which may contain relevant
information for characterizing both ASD and TD partici-
pants during social interactions. However, we refrain from
classifying or diagnosing participants, focusing instead on
detecting verbal and non-verbal cues to provide valuable
additional information for clinicians. Furthermore, unlike
existing approaches that analyze different features individu-
ally, our method integrates cues, such as blinking and gaze,
into a Composite Al framework. This framework combines
these features into modules along with rules, facilitating the
tracking of the decision-making process.

Methods
Dataset

To assess our CAI framework, a proprietary dataset from
RUSH Medical School, containing recordings of ADOS-2
sessions in English, was used. Informed consent and ethics
approval were obtained through the Rush University Medical
Center IRB. We focus on the Construction Task (CT) within
Module 3 for children and adolescents with fluent speech.
During the CT, clinicians guide participants through assem-
bling puzzle pieces within a given shape; clinicians deliber-
ately withhold certain pieces, prompting the participants to
request additional ones. Participants’ requests, whether ver-
bal or non-verbal, play a crucial role in behavior assessment
and may influence the evaluation of the task. The sessions
are recorded by two sources: a wall-mounted camera and
Tobii eye glasses worn by clinicians. The glasses provide
a direct view of the participant and eye tracking data of the
clinician. Each CT lasts approximately 2-3 min. The dataset
comprises 29 participants (see details on Table 1), with some
sessions discarded due to technical issues, resulting in 27 (20
ASD, 7 TD) usable Tobii videos.

Each session from the wall camera was manually anno-
tated by two students involved in the research, with uncertain
cases validated by two expert clinicians. Annotations include
the start and end times of participant requests, along with
the request type: verbal communication (spoken language),

Table 1 Details of participants, including sample size, gender, and
age information. ASD, autism spectrum disorder; TD, typically devel-

oping

Group Number of Number of Number of Age mean
participants males females (standard

deviation)

ASD 22 15 9.7 (+1.8)

D 7 4 3 8.6 (+1.7)

Total 29 19 10 9.4 (+1.8)
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non-verbal gestures (hand or arm gestures), grabbing (taking
puzzle pieces without a request), clinician (clinician pro-
vides puzzle pieces without participant request), or a com-
bination (i.e., requests: { “start”:[“00:01:20”, “00:02:51"’],
“end”:[*00:01:26”, “00:03:00], “type”:[“verbal”, “ges-
ture”]}). On average, each video session involves two
requests (see Table 2).

Composite Artificial Intelligence

Composite artificial intelligence (CAI) is an emerging para-
digm that combines data-driven approaches such as deep
learning and traditional ones such as rule-based systems. By
combining the strengths of both, CAI enhances model inter-
pretability and efficiency, making it particularly effective
for complex tasks like autism assessment, where domain-
specific knowledge and transparency are critical. This hybrid
approach provides interpretability, allowing one to track the
decision-making process of the system, which is essential
for building trust in Al, especially in fields like medicine.
Our CAI framework consists of three modules: Feature
Extraction, Episode Segmentation, and Activity Interpreta-
tion, each contributing to its robustness and effectiveness in
detecting social cues.

Feature Extraction

This module uses deep learning models from both vision
and speech modalities to capture diverse features that repre-
sent the environment, characterize the humans, and provide
context. Most models are pre-trained with frozen weights,
as they already perform well in our scenarios and due to the
lack of ground truth for tasks such as body pose, objects
detection and tracking, depth estimation, and more.

However, the hand pose and image segmentation models
performed sub-optimally, leading us to fine-tune these mod-
els with our dataset to enhance their effectiveness for these
specific tasks. Figure 2 shows all the models used.

Previous Features from Composite Al framework v1

In our initial work [9], we initiated the feature extraction pro-
cess by detecting and tracking people and objects, essential

for the Construction Task execution. Initially, YOLOvV7 [27]
was used for object detection. However, in this extended
version, we transitioned to YOLOv8X [28] for improved pre-
cision, with an image size of 640 X 640 x 3. The detection
confidence thresholds were set at 0.9 for class people and
0.25 for the table and book classes. Non-max suppression
was used with an IoU threshold of 0.45. For tracking, we use
ByteTrack [29], which provides a unique ID for each object
instance. We utilized the bytetrack_x_crowdhuman_mot20
model weights and set a bounding box match threshold of
0.8.

Bounding boxes though useful for spatial information
are insufficient for understanding behavior. Therefore, we
leverage 3D body pose estimation methods, which provide
keypoints of different body parts. We used a combination of
MeTRABs [30] and MediaPipe [31] methods, which con-
tains visibility scores, useful for overcoming occlusions.
For MeTRAbs we make use of the largest backbone Effi-
cientNetV2-L which outputs 24 joint keypoints in 2D and
3D. For MediaPipe [32] we use the model_complexity=2
for the most accurate model but with slower inference. For
the detection and tracking confidence, with use the default
values of 0.5.

While the aforementioned body pose methods do pro-
vide hand keypoints, those are noisy and are significantly
impacted by motion blur caused by the moving hands. Due
to the significance of hands for expressing social cues such
as hand gestures and their importance within the Construc-
tion Task for manipulating the puzzle pieces, the following
method was developed using the steps below:

1. Hand segmentation: Fine-tuning Mask R-CNN [33] to
segment hands

2. Body keypoints: Using Mediapipe keypoints to filter out
segmentation errors (eliminates non-hand instances)

3. Tracking: using a modified version of MiVOS [34] for
robust tracking, addressing occlusion issues

4. Hand keypoints: Use the segmented and tracked hands
from the previous steps to enhance MediaPipe hand pose
estimation [35]

For Mask R-CNN [33], we retain only predicted masks
with a confidence greater than the threshold of 0.9. In the

Table 2 Number of requests

. Group Verbal Ges Grab Comb. 1 Comb. 2 Clini To
by type per participant group. ture cian! tal
Comb.1: Verbal + Gesture
combination; Comb.2: ASD 30 1 7 3 1 6 48
Verbal + Grab combination ™ 6 0 2 3 1 2 14

Total 36 1 9 6 2 8 62

! “Clinician” type indicates instances where the participant did not make any request. The clinician either
attempted to prompt a request by asking if more pieces were needed or directly provided additional pieces.
Such instances were excluded from the participant’s evaluation
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Fig.2 Feature extraction module uses vision and speech models to
extract features about the environment, human, and context. Models
with frozen weights were trained on publicly available datasets, while

body pose component, we keep joints with a visibility score
higher than 0.7. A distance threshold of 40 pixels between
the center of predicted masks and the center of hand key-
points must be met to validate the masks. Tracking is then
applied with a propagation value of 6 frames backwards.
Finally, to obtain the 3D hand pose from MediaPipe Hands
[35], we keep keypoints with a visibility score of at least 0.5.

To understand hand-object manipulations, precise infor-
mation about the object is needed. Bounding boxes might
include unwanted regions, therefore, segmentation was used
to obtain the exact object size. Mask2Former [36] was fine-
tuned for the puzzle piece object of the Construction Task,
resulting in a robust method that can segment objects even if
partially occluded by the hands. We used 13 videos (around
40,000 frames) where the puzzle pieces were manually anno-
tated. We divided the data into 80% for training, 15% for
validation, and 5% for testing. We used the ResNet101 [37]
backbone, a batch size of 2, a maximum iteration of 5999,
and a learning rate of 0.000025. The model was trained on
2 x Titan RTX GPUs for 2 h. The total loss function com-
bines classification loss and mask loss, as shown in Eq. (1).
The A values are set to 2.0 according to [36].

cls

L= Lmask + )\clchls (1)

fine-tuned models were further trained on our ADOS-2 dataset. In
this extended version, additional models denoted by dark blue boxes
with red borders are introduced

The classification loss is from [36] and the mask loss is
calculated by adding binary cross-entropy loss and dice loss,
as shown in Eq. (2), with both 4., and.

Adice S€t to 5.0 according to [36].

L= }\ceLce + }\diCeLdice (2)

Finally, speech and dialogues, integral to social interac-
tions, were also incorporated into our previous version of
the framework. Initially, we used Whisper v2 [38] for speech
recognition, but now we transitioned to Whisper v3 due to
its smaller word error rate. However, as we need to identify
the participant’s request, we used TitaNet-L [39] for speaker
diarization, in order to distinguish between speakers.

For more details about the v1 features, please refer to our
prior work [9]. New added features are described in the next
subsections.

Participant Tracking via Face Detection, Age Estimation,
and Depth Estimation

In the ADOS-2 test, a clinician assesses a participant, often
accompanied by a parent. To analyze the participant’s behav-
ior in recorded sessions, it is essential to accurately identify
them amidst others.

@ Springer
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Our approach employs a multi-step process combining
three methods for effective participant tracking throughout
the session. Initially, we utilize the RetinaFace [40] face
detector to extract face bounding boxes from each frame.
Given that Module 3 typically involves the youngest indi-
vidual, we leverage MiVOLO [41] with default parameters
to estimate the age of each detected face. By consistently
selecting the youngest person over time, we achieve reliable
participant tracking.

However, the clinical setting often includes mirrors, lead-
ing to duplicate faces. To address this, we integrate depth
estimation using the MiDaS model [42]. Faces beyond a
specified distance threshold are excluded from tracking. The
threshold of 25 was determined empirically through trial
and error, considering that the depth associated with mirror
reflections typically falls within the range of 0 to 30 in the
gray-scale depth map.

This combination of methods proves to be a robust solu-
tion for seamlessly tracking the participant throughout the
session, even in the presence of varying ages and reflec-
tive surfaces. This demonstrates the effectiveness of our
approach in real-world scenarios.

Blink Detection

To enhance the feature extraction capabilities of the CAI
framework, we integrated BlinkLinMulT [43] for eye blink
detection, leveraging both low- and high-level features
from video sequences through linear complexity attention
mechanisms.

For precise eye landmark prediction, we utilized Media-
Pipe’s Face Mesh [44], a residual neural network adept at
predicting dense coordinates even with partial occlusion of
the face. These landmarks facilitated the cropping of eye
patches from face images detected by RetinaFace.

Subsequently, the eye aspect ratio (EAR) was computed
using MediaPipe Iris [45], which predicts the pupil center
and 4 points of the outer iris circle in 2D. Additional high-
level features were derived from iris diameters and distances
between the pupil and eyelid landmarks.

To capture head pose information, we employed
3DDFAvV2 [46], providing yaw, pitch, and roll angles
describing the head’s orientation. These features enabled
BlinkLinMulT to effectively address challenges posed by
diverse head poses and lighting conditions. We modified
some parameters of BlinkLinMulT to better fit our ADOS-2
dataset. The initial step involves head pose estimation, where
the predicted yaw angle guides the eye state recognition pro-
cess. Extreme yaw head poses may result in self-occlusion,
making one eye invisible due to the nose. To mitigate this,
if the predicted yaw angle exceeds a defined threshold (set
to 25° in our experiments), only the visible eye is utilized.
Conversely, if the yaw angle falls below the negative of the
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threshold, only the opposite eye is considered. When the yaw
angle falls within this threshold range, predictions from both
eyes contribute to the analysis.

BlinkLinMulT processes 0.5-s video clips by extracting
features from non-overlapping moving windows. Extracted
features are fed into the model to generate frame-wise esti-
mation logits. Mean logits are calculated to consolidate
information from both eyes. A sigmoid function is then
applied to these logits, and the results are thresholded to
determine binary eye states (open or closed). We set the eye
state threshold to 0.8 for our dataset, found to be most relia-
ble for Tobii video sessions. Consecutive frame-wise binary
eye state estimates are merged to identify blink events.

Gaze Estimation and Eye Contact

Gaze estimation is conducted using video recordings from
Tobii glasses worn by clinicians. This setup offers an opti-
mal view of the participant’s face, facilitating the determi-
nation of whether the participant is looking at the clinician.
Given that the clinicians wear Tobii glasses, equipped with
a camera, on their face, we determine if the participants are
looking at the clinicians by assessing whether they are look-
ing at the center of the camera lens.

In our extended framework, we utilize the L2CS-Net
method [47] to obtain the gaze pitch and yaw angles for
precise gaze estimation of each participant. Initially, the
face bounding box of the tracked participant, along with the
face landmarks and head pose obtained from the methods
described in the “Methods” section, is employed as pre-
processing steps.

For gaze assessment, default hyperparameters of L2CS-
Net are utilized to derive the gaze vector, represented by
yaw and pitch angles within a spherical coordinate system.
These angles are then transformed into pixel space to deter-
mine gaze orientation toward the clinician. The norm of the
gaze vector, representing gaze direction, is analyzed using a
threshold of 0.45 to ascertain if the participant is directing
attention toward the camera lens.

Gaze vector estimation is only required for the partici-
pant, as Tobii glasses provide gaze information about the
clinician. Equipped with infrared light sources near the eyes,
these glasses reflect light off the cornea and other eye com-
ponents, captured by eye-tracking cameras. As the wearer
shifts their eyes and focuses on various objects or points of
interest, the eye-tracking system consistently records data,
providing real-time information on the person's gaze coor-
dinates for every frame. In this case, to determine if the
clinician is looking at the participant, we estimate if the gaze
point (x, y) pixel values are within the bounding box of the
participant’s face.

Finally, employing this method, mutual eye contact
between the clinician and participant is identified when
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both parties are observed to be looking at each other,
based on the described methods above.

Combined Features: Synchronization

Each session in the dataset comprises two sources of
unsynchronized videos: one recorded by a wall-mounted
camera and another by a camera from the Tobii eye
glasses worn by the clinician. While annotations regard-
ing the participants’ verbal and non-verbal requests were
available for the wall camera, synchronizing the cor-
responding timestamps of requests in the Tobii camera
recordings necessitated temporal alignment. We employ
a dual synchronization approach comprising text-based
and audio-based methods.

The text-based synchronization attempts to match
text transcripts from the two sources, using the Whisper
large-v3 [38] automatic speech recognition (ASR) model.
Whisper transcribes the audio of each camera source and
provides sentence-level timestamps (i.e., when the sen-
tence started being spoken and when it ends). However,
due to differences in the audio quality of the two sources,
Whisper may transcribe the same sentence differently due
to noise. Therefore, in order to match the transcripts from
both camera sources accurately, word-level timestamps
were calculated by using the Montreal Forced Alignment
software [48]. With that, a word-wise match could be
made. Specifically, we try to match the longest sequence
of consecutive words transcribed in both sources.

While this method suffices for most recorded sessions,
significant noise in the audio signal from the Tobii cam-
era source occasionally leads to delays of up to 10 s in
synchronizing the two camera sources, which is subopti-
mal for request detection. To enhance temporal accuracy,
we refine transcript-based timestamps using a secondary
technique based on audio features. We conduct time-delay
analysis of the two audio signals by computing cross-
correlation of the normalized audio sources with varying
offsets.

Due to high levels of noise, the audio-based technique
on its own often fails to accurately determine the time
delay between the two signals. However, by limiting the
calculation to a narrow range of possible offsets around
the prediction of the transcript-based method, we could
successfully refine the time delay coming from the pre-
diction of the transcript-based method.

The combination of the two methods worked for most
videos, with the exception of three with extreme noise,
which were manually matched. Having the camera sources
synchronized, the features extracted from each source can
be combined and analyzed together (see Fig. 3).

Fig.3 Combined vision and speech features overlaid on images from
two synchronized cameras. On the left, body pose, object detection,
tracking, and segmentation are extracted from the wall-mounted cam-
era. On the right, the clinician’s gaze (blue dot), participant’s gaze
(red arrow), blinking, eye contact, and depth are extracted from the
Tobii camera. On the bottom, transcript and diarization from speech
are shown

Episode Segmentation

Episode segmentation identifies distinct events within the
input, combining visual and speech cues with a rule-based
system. It defines event intervals, including start and end
points. We define four episodic components (see Fig. 4):

e Start: Sets the beginning of the task when people are
present. Using the object features, it is denoted by
the moment when one or more puzzle pieces are first
placed on the table.

e Interaction: Identifies when people interact with each
other or with objects. Relies on both vision and audio
features such as hand pose, object detection/segmenta-
tion and speech. Using the hand and object features,
the interaction is identified when at least one hand
and one puzzle piece move together within the paper’s
region. This means that the participant has started to
interact with the puzzle. This episode also takes into
consideration the conversation that leads to the inter-
action, i.e., usually the participant starts engaging with
the puzzle after the clinician has finished the verbal
explanation of the task and/or has given explicit per-
mission to start.

e Transition: The most important episode is the transi-
tion/request event, which denotes a moment where a
social request is likely to happen. To identify it, we
use a combination of the different extracted features.
Specifically, we track the number of puzzle pieces,
introduction of new speech topics in the conversation,
shifts in gaze focus on persons or objects, and changes
in body posture. We assume that these changes often
lead to a request; thus, we mark these transitions as key
episodes to analyze.

e End: Indicates the end of an interaction. Task-specific
rules can be added to help determine when an inter-
action has ended. For our case, the end is identified

@ Springer
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Fig.4 Episode segmentation: given the previously extracted features
about the objects, people, and topic, rules specific to the task are used
to combine the features and detect events. Four generalized events
(start of the task, interaction, transition, and end of task) are defined.
During interaction events, participants engage either physically with

Table 3 Summary statistics of episode durations

Episode type Total Avg. number Avg. Std. dev. of
occur- of episodes per duration duration (s)
rences video (s)

Start 27 1.0 7.4 11.8

Interaction 74 2.7 18.4 17.6

Transition 47 1.7 55 39

End 27 1.0 48.3 235

once all the puzzle pieces are detected on top of the
paper and are not moving, or the clinician’s hands are
removing the pieces from the table.

The most relevant events are likely to occur between
the interaction and transition episodes because something
must trigger a change. Therefore, we constrain the detec-
tion of social cues (verbal and non-verbal) to these key
moments, enabling us to search for specific events within
a limited time frame and reduce false detections. Detailed
information about each episode can be found in Table 3.
Additionally, Fig. 5 illustrates the distribution of episode
durations.
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objects or verbally with people. Any observable change during these
interactions is saved as a key episode. We introduce gaze as one of
the new features that may show important changes. The task con-
cludes when the specified ending criteria are met

Activity Interpretation

With the analysis constrained to the “Transition/Request”
episode, we combine features using classifiers and rules to
detect verbal and non-verbal cues by recognizing gestures,
identifying different hand-object manipulations, estimating
eye contact and understanding natural language (see Fig. 6).
This process, termed “activity interpretation,” goes beyond
just detection. The integration of rules to govern the features
extracted from deep learning methods facilitates traceability
of reasoning processes, enables a clearer understanding of
decision-making mechanisms, and fosters human trust in the
AT’s outcomes. Clinicians can control the rules by adding
domain-specific knowledge.

Natural Language Understanding

In social interactions, humans converse with one another
and may need something from the other, which could be
the main purpose of the interaction. Thus, understanding
the person’s intention is crucial for effective communi-
cation. The previously extracted transcripts and speaker
diarization, are utilized to identify speakers and their
utterances. We employ a vocabulary of common request
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Fig. 5 Boxplot showing the
distribution of episode dura-

Box Plot of Episode Durations
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Fig.6 Activity interpretation: within the detected key episodes, we
analyze the scene by combining features using a set of updatable
rules and classifiers, in order to identify gestures, hand-object manip-

Eye Contact

ulations and understand the natural language of the conversations. We
incorporate new gaze and blink features for estimating eye contact
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words [“L,” “can,” “have,” “mind,” “if,” “piece,” “pieces,”
“Ileed,” “more’” “SOI’I’]C,” “please,” “0ne’” “tWO,” “thl‘ee,”
“four,” “want,” “ask,” “few,” “puzzle”] to recognize the

intent behind the communication, which, in our case, is
the request for more puzzle pieces.

Gesture Recognition

Detecting gestures is crucial, as they play a significant
role in conveying non-verbal cues during human interac-
tions and enable a deeper understanding of communica-
tion dynamics. We employ a combination of rules and
classifiers, such as MediaPipe Hand. >Gesture Recogni-
tion [35], to detect and analyze these gestures. Media-
Pipe classifies the following hand gestures: Closed fist,
Open palm, Pointing up, Thumbs down, Thumbs up,
Victory, and Love. Within the detected request episode,
typically between 2 and 6 s, we employ a 2-s window. If
MediaPipe gesture recognition classifies at least a num-
ber of frames equal to one second (i.e., 30 frames) in
the window as having a gesture, we consider the whole
2-s window as a single gesture. If gestures are the same
across different windows, we treat them as one gesture.
If the gestures differ, we use context from speech to
decide the most appropriate gesture. For instance, a par-
ticipant may verbally request for two pieces while show-
ing the number two with their fingers. In those cases,
we would select the “victory” label from MediaPipe’s
gestures. In the absence of context, we choose the ges-
ture with the most occurrences or the highest confidence
score. By recognizing these gestures, our system can
offer some insights into human communication, help-
ing to improve interactions and understanding of social
dynamics.

Hand-Object Manipulation

Hand-object interactions offer important context and
insights into an individual’s intentions and actions dur-
ing social interactions. We utilize the previously extracted
object detection, segmentation, and hand pose outputs to
identify and localize the objects and determine the hands’
position and orientation relative to these objects. For hand-
object manipulation, we focus on reaching and grabbing
motions. We set a proximity threshold, indicating the
distance between the hand’s center and the center of the
object within a specified radius. By evaluating hand and
finger movement, if the hand moves toward the object and
the relative distance between the thumb and other fingers
is changing, we mark it as a potential reaching out for
an object movement. Afterwards, if the object’s position

@ Springer

changes synchronously with hand and finger movement, a
grabbing motion is detected.

Eye Contact

Eye contact occurs when two individuals simultaneously
gaze into each other’s eyes or, for simplicity, face. We
investigate clinician-participant eye contact by integrating
Tobii Glasses’ clinician gaze and the previously extracted
participant gaze using L2CS method. By filtering frames
where both participant and clinician gaze directions align,
we pinpoint moments of mutual eye contact. This approach
provides information of interpersonal dynamics and non-
verbal communication cues through gaze behavior. Given
such details, it is possible to identify the following gaze pat-
tern types [49]:

e Share: the state where two agents are looking at the same
object or space

e Mutual: the state where two agents are having eye con-
tact, which is also commonly known as the state where
people are “looking at each other”

e Single: the state where the agent is looking at his/her
partner while the other is looking elsewhere

e Miss: the state where the agent is looking away while
being gazed at by his/her partner

e Void: the state where gazes of two agents do not form any
meaningful interaction

In this work, we focus on the Mutual gaze type, which
may potentially characterize both ASD and TD participants.

Results

Verbal and Non-verbal Request Detection During
the Construction Task of ADOS-2

After extracting the relevant features and identifying key
episodes, particularly the transition/request episode, we con-
strain the analysis to the duration of the episode, avoiding
false detections in unnecessary intervals. Multiple request
episodes may be detected per session, each typically pre-
ceded or followed by an interaction episode. Generally, a
detected request episode has a duration of 2—6 s. The detec-
tion is considered valid if the annotation of the actual request
interval, typically spanning 2 s, is within the 26 s interval
of the detected request. As the detection process of the activ-
ity recognition module is based on predefined rules rather
than trained models, all videos were used for evaluation.
Due to the small dataset size, we applied the same rule set
across all videos.
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Table 4 Confusion matrix of verbal requests. TP, true positive; TN,
true negative; FP, false positive; FN, false negative. The false nega-
tives are due to transcription errors from the Whisper ASR model

Actual request

Verbal request ~ No request
Predicted request ~ Verbal request ~ TP: 38 FP: 0
No request FN: 5 TN: 2

Table 5 Confusion matrix of gesture requests. TP, true positive; TN,
true negative; FP, false positive; FN, false negative. The false nega-
tives are due to MediaPipe’s inability to recognize gestures

Actual request

Gesture request  No request
Predicted request ~ Gesture request ~ TP: 4 FP: 0
No request FN: 3 TN: 23

Our CAI framework demonstrates the capability to
effectively detect both verbal and non-verbal requests. The
following evaluation metrics accuracy (ACC), precision
(PREC), recall (REC), and F-1 score given in Eqs. (3)—(6)
were used:

ACC = TP + TN &)

TP + TN + FP + FN

TP
PREC = ———
TP + FP @)
TP

REC= ——

TP + FN )

Fig.7 Comparison of verbal
requests between ground truth
(GT) and detection (Pred) for 29
different participant IDs

3| mmm Actual Requests

Number of Requests
© urul i
S
2
@ —_—
O
<5

Em Predicted Requests

Fl=2x PREC X REC ©)
PREC + REC

where TP is true positive, TN is true negative, FP is false
positive, and FN is false negative. Confusion matrices (see
Tables 4 and 5) comparing our method’s verbal and gesture
request detection against the annotated ground truth are pre-
sented. It is noteworthy that our proposed CAI framework
achieved zero false positives due to its episode segmenta-
tion module, which excludes regions of the input without
valuable information for detecting requests. This not only
reduces false detections but also minimizes computational
resource requirements. However, limitations in the feature
extraction process led to a few false negatives, which are
analyzed in detail in the “Discussion” section.

Figures 7 and 8 illustrate a comparison between the
ground truth and detected requests for each participant. The
following results were achieved for verbal request detection:
accuracy, 89%; precision, 100%; recall, 88%; F—1 score,
94%; and for gesture request detection, accuracy, 89%; preci-
sion, 100%; recall, 57%; F—1 score, 73%.

These results indicate that, with current technologies,
detecting non-verbal requests, precisely gestures, is more
challenging than detecting verbal requests.

While having a high accuracy (89%) for both verbal and
gesture requests, there is a notable difference in the preci-
sion (100%) and recall (57%) of the gesture detection, which
shows the difficulties of the model in recognizing complex
gestures, particularly those performed by ASD individuals.

In the “Discussion’ section, we elaborate on some of the
reasons why the system fails to detect certain requests, as
well as provide potential future solutions.

Verbal Requests

@ Springer
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Fig.8 Comparison of gesture
requests between ground truth
(GT) and detection (Pred) for 29
different participant IDs
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Gaze and Blinking Statistics

The analysis of gaze and blinking behaviors provides valu-
able insights into socio-communicative patterns of people.
In this subsection, we present the detected gaze, blinking and
eye contact events during intervals when participants, either
verbally or through gestures, requested additional puzzle
pieces. In our context, gaze events refer to instances when
participants looked at the clinician, regardless of whether the
clinician reciprocated the gaze. On the other hand, eye con-
tact events indicate mutual gaze, where both the participant
and the clinician looked at each other.

The analysis focuses on request intervals for the follow-
ing reasons:

e Faces of the participants are not consistently detected
throughout the full Construction Task (due to challenges
discussed in the “Discussion” section), making it unreli-
able for a comprehensive analysis. However, faces are
detectable in a majority of the request intervals; thus,
insights during such intervals can be derived.

e Making requests involves social interactions. By exam-
ining these intervals, we aim to better understand and
compare the social cues exhibited by ASD and TD par-

Table 6 Summary of gaze and blinking events during request inter-
vals when the face was visible. Total duration of detected faces (s)
[request ratio] indicates the total time a face was detected and [the
percentage relative to request duration]. Gaze duration [detected

Argo_ID

ticipants. This allows us to potentially uncover differences
in how these cues are expressed between the two groups.

To ensure a reliable analysis of gaze and blinking, a pre-
processing step was done, involving the exclusion of par-
ticipant data where the face was not detected or detected for
only a short period. Specifically, participants with a detected
face ratio lower than 0.5 were excluded from the analysis
due to the unreliability of drawing conclusions from limited
data. Consequently, 5 ASD participants were removed, leav-
ing the analysis with 16 ASD and 6 TD participants. For a
summarized overview of the gaze and blinking events during
the request intervals, see Table 6.

For gaze data, we analyzed and measured the total num-
ber and duration of participants’ gazes toward the clinician
during the Construction Task while making requests for
more puzzle pieces.

Figure 9a shows that 9 out of 16 ASD and 4 out of 6
TD participants gazed toward the clinician. An outlier can
be observed among the ASD participants, who gazed five
times toward the clinician, in comparison to the average of
one gaze exhibited by most of the other ASD participants.

Figure 9b presents the average gaze duration normal-
ized by the number of gazes. Notably, a TD participant

face ratio] indicates the total time spent looking at the clinician and
[the percentage relative to detected face duration]. Blink metrics are
described similarly

Group # # Total duration Total duration of
participants requests of requests (s) detected faces (s)

Total gazes
toward clini-

Total blinks Total blink duration

(s) [detected face

Total gaze duration
(s) [detected face

[request ratio] cian ratio] ratio]
ASD 21 35 130.0 82.1 [63%] 6.2 [8%] 13 1.2 [2%]
TD 6 12 45.0 35.1 [78%] 4.8 [14%)] 11 1.4 [4%)

@ Springer
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Fig.9 a Box plot for total number of gazes per group, alongside the
data points. Nine out of 16 ASD and 4 out of 6 TD participants were
gazing toward the clinician. An outlier can be observed among the
ASD participants. b Box plot for average gaze duration over num-
ber of gazes per group, alongside the data points. No outliers are
observed.

Total Number of Blinks during
Request Intervals per Group

Blink Durations per Blink
across ASD and TD Group
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Fig. 10 a Box plot for total number of blinks per group, alongside the
data points. Eight out of 16 ASD and 5 out of 6 TD participants were
blinking. An outlier can be observed among the ASD participants. b
Box plot for average blink duration over number of blinks per group,
alongside the data points. Outliers can be observed among the ASD
participants.

stands out as an outlier with a gaze duration of 1.50 s,
significantly larger than the median of 0.24 s.

Regarding blink data, we analyzed and measured the
total number and duration of blinks during the Construc-
tion Task while making requests for more puzzle pieces.
Figure 10a displays that 8 out of 16 ASD and 5 out of 6 TD
participants exhibited blinking. An outlier can be observed
among the ASD participants, who blinked four times, in
comparison to the average of approximately one blink by
the other ASD participants. Figure 10b presents the aver-
age blink duration normalized by the number of blinks.
The figure offers insights about the average duration of
each blink. Some outliers are observed within the ASD
participants. Due to reasons discussed in the “Discussion”

section, in some instances, the blink was detected in a sin-
gle frame, thus the duration is relatively short.

Considering the gaze information obtained from both
participants and the clinician, we also analyzed eye con-
tact events. The eye contact analysis is refined with blink
information. During blinking intervals, gaze vector estima-
tions may become inaccurate. Therefore, utilizing blinking
intervals allows us to filter out imprecise gaze estimations.

Due to the short interval periods of the requests, any
instance in which a participant and clinician looked at each
other is considered an eye contact, regardless of its dura-
tion. This approach ensures that even subtle instances of
eye contact are included in the analysis.

From our results, we observed that in almost all cases
where a participant directed their gaze toward the clini-
cian, it resulted in an eye contact event. This observation
can be attributed to the continuous monitoring and assess-
ment performed by the clinician during the task, leading
to consistent efforts to establish and maintain eye con-
tact. Consequently, the resulting boxplots for eye contact
closely resemble those for gaze.

The results, despite limitations such as intermittent face
detection and small intervals, indicate that gaze and blink-
ing events can be detected, providing valuable insights.

However, given the small sample size, we refrain from
drawing conclusive statements. Instead, we emphasize
characterizing each participant to offer additional infor-
mation that may be overlooked by clinicians.

The diverse gaze and blinking behaviors observed
among participants underscore the need to characterize
each individual in the assessment test, demonstrating a
deeper understanding of within-group variability and
identification of unique patterns, outliers, and potentially
essential markers for recognizing abnormal gaze and
blinking patterns.

This characterization can serve as a basis for personalized
assessments or treatments catering to the specific needs of
each participant.

Discussion
Verbal Requests

Our CAI framework uses speech features together with rules
to detect verbal requests. Transcripts and speaker diarization
information are used in combination with a dictionary of
common request words, which successfully detects 38 out
of 43 verbal requests, avoiding any false positives, mainly
due to the episodic approach used in our system.

However, the performance of verbal request detection
strongly depends on the accuracy of transcripts generated
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by Whisper. Using the most accurate Whisper model, it fails
to detect five requests due to the following reasons:

e Inaudible requests: One of the ASD participants barely
speaks or does so very quietly. Additionally, with a sub-
optimal audio quality, it becomes challenging for even a
state-of-the-art model such as Whisper to transcribe what
was said.

e Transcript errors: For a particular participant, Whisper
failed to transcribe the keywords “more,” “two,” which
are crucial for the request, by instead transcribing “or” and
“to.” Without such keywords, the vocabulary could not be
used to find their occurrences, in order to detect the request.

e Other factors: For the remaining cases, Whisper did
not transcribe the keywords, possibly due to fast-paced
speech or speech impairments. Such impairments can
occur, particularly with participants high in the autism
spectrum [50].

In the future, improving audio clarity through noise
reduction and speech amplification could enhance request
detection, particularly for low-volume speech. Additionally,
large language models (LLMs) could refine transcriptions by
correcting diarization [51] and keyword errors, as well as
potentially be used to detect verbal requests given the proper
context and prompt. Phoneme-based models may help rec-
ognize fast-paced speech and adapting ASR models to ASD-
specific speech patterns could further improve transcription
accuracy in clinical settings.

Non-verbal Requests: Gestures

Non-verbal communication, particularly through gestures,
is vital for human-to-human interaction.

While our CAI framework can detect various gestures,
challenges arise in specific instances. Figure 11 illustrates
instances where our CAI framework encountered difficulties
in detecting gestures, particularly among individuals with

Fig. 11 Examples of complex, pragmatic and context-dependent ges-
tures beyond the capabilities of our methods, thus not detected by our
CAI framework. a The participant is expressing the need for more
puzzle pieces and prepares to receive them, by combining “pointing”
and “palm out” gestures. b The participant is expressing the need for
two additional puzzle pieces on a specific position, by combining
“pointing” and “number two” gestures. ¢ The participant is express-
ing the need for more puzzle pieces and prepares to receive them, by
combining “pointing” and “palm out” gestures

@ Springer

ASD, who may express gestures with great variability and
with potential deficits [52].

Most challenges were due to combinations of gestures
resulting in complex and pragmatic gestures, making it
difficult for the system to detect them.Some gestures are
context-dependent, exceeding the capabilities of our lim-
ited set of rules combined with MediaPipe. Our system can
successfully detect the “number two” gesture and pointing
individually, but fails when an ASD participant combines
both gestures to indicate needing two puzzle pieces at a
specific location by pointing with two fingers. The unique
expression of the number two, upside down with minimal
distance between index and middle fingers, posed challenges
for detection (refer to Fig. 11b).

Other examples involve participants combining pointing
with a potential reaching out gesture, signaling a desire for
more puzzle pieces with an open hand to receive them (refer
to Figs. 10a and 11c).

In the future, expanding training data with ASD-specific
and diverse gestures, including combination and context-
dependent gestures, could enhance recognition accuracy.
Implementing multi-label classification would improve
detection of simultaneous gestures, while data augmentation
can help the model recognize gestures across different orien-
tations. Additionally, integrating temporal modeling could
enable better interpretation of dynamic gesture sequences,
making the system more responsive to nuanced communica-
tion cues.

Non-verbal Cues: Gaze, Blinking, and Eye Contact

Understanding non-verbal social cues offers insights into
individuals’ behaviors and internal states [20]. Manual track-
ing of these cues is challenging, and without invasive meth-
ods or specialized hardware, estimation becomes difficult.
In our study, Tobii eye glasses provided gaze information
for clinicians, and its camera feed was to estimate gaze and
blinking from participants.

During the Construction Task, participants were often
observed looking down while working on the puzzle, limit-
ing the visibility of their faces. Consequently, the number
of detected faces and subsequent blink and gaze estimations
were affected. The average pitch angle for both ASD and TD
groups indicated a downward head direction, further com-
plicating the detection process. The detected face ratio given
by the number of frames with a detected face confidence
score larger than 0.5, divided by total number of frames,
averaged around 61% for both groups throughout the entire
Construction Task.

Challenges also arose due to the Tobii camera’s fixed
position on the clinician’s face. In some instances, clini-
cians were not looking at the participant because of tak-
ing notes or picking up an object, and in other cases, the
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children might have been outside the camera’s field of
view. Furthermore, camera motion resulted in significant
blur, complicating the detection of faces and the estima-
tion of gaze and blink behavior.

Examining gaze behaviors, we observed considerable
variability among participants. Notably, the presence of
outliers in both the ASD and TD groups suggests that
individual differences play a significant role in socio-
communicative responses. One participant with ASD
exhibited an unusually high frequency of gazes toward
the clinician, which further shows the variability within
the spectrum of autism. Conversely, in the TD group, an
outlier with an extended gaze duration might signify a
particularly focused or expressive response. These outli-
ers highlight the diverse nature of social interactions and
the importance of considering individual tendencies when
interpreting gaze behaviors.

In terms of blinking, the presence of outliers lead us to
consider about the potential factors influencing blink pat-
terns. For instance, an ASD participant with a higher-than-
average blink frequency might be indicative of individual
variations in sensory processing or attention modulation
[20]. Understanding the underlying factors contributing
to these outliers is crucial for clinicians in contextualizing
socio-communicative behaviors.

Despite the limitations and challenges encountered, we
were able to detect gaze, blink, and eye contact events dur-
ing the short request intervals with high confidence. This is
promising for clinicians, as it allows us to capture relevant
social cues that may be missed during multitasking. Rec-
ognizing the potential impact on assessments, our focus is
on providing supplementary information to enhance the
diagnostic process rather than diagnosing ASD. However,
we acknowledge that the small sample size, with only 27
usable Tobii videos, limits the ability to draw statistically
significant conclusions, emphasizing the preliminary nature
of our observations. This small dataset may lead to an over-
representation or underrepresentation of certain behaviors or
request types, which could limit the model’s generalizability
across different populations.

Furthermore, the difference in the number of ASD (20
participants) versus TD (7 participants) participants in the
dataset could introduce biases in the detection of social cues,
potentially affecting the model’s ability to generalize across
different subgroups. Given these factors, we focused on char-
acterizing each participant individually, acknowledging the
significant variability within both the ASD and TD groups,
rather than comparing gaze and blinking behaviors between
these groups.

To mitigate these biases, future work will involve expand-
ing the dataset to include a more diverse and larger sam-
ple, which will help improve the model’s performance
and its ability to generalize across different demographics,

languages, and social contexts. We believe that such
advancements will enhance the robustness and applicability
of our CAI framework, ultimately providing a more reliable
tool for clinical use.

Conclusion

In summary, our framework presents a promising tool for
clinicians, rather than a standalone diagnostic solution. It
aims to assist in analyzing and understanding autism spec-
trum disorder (ASD) behaviors by offering detailed insights
into social interactions. By incorporating deep learning
algorithms and a rule-based system, our framework auto-
mates the analysis of the Construction Task of ADOS-2,
providing clinicians with enhanced insights into verbal
and non-verbal requests. Specifically, our CAI framework
enhances time efficiency by automatically detecting key
events, allowing clinicians to focus on critical moments
instead of manually reviewing entire sessions. Further-
more, it supports clinician decision-making by detecting
subtle communication cues like gaze and blinking, which
are difficult for clinicians to accurately quantify, ultimately
providing data that aids in making more informed diagnos-
tic decisions.

Our CAI framework has demonstrated robust perfor-
mance in detecting verbal requests, achieving a 94% F—1
score, with zero false positives and minimal false nega-
tives due to limitations of the Whisper model. However,
challenges arose in the detection of non-verbal requests,
particularly complex, pragmatic, and context-dependent
gestures performed by individuals with ASD, from which
the rule-based system and MediaPipe could not detect,
resulting in an F—1 score of 73%. The incorporation of
Tobii glasses as a novel camera source has allowed us
to estimate non-verbal cues such as gaze, blinking, and
eye contact. Examination of these cues reveals variability
among participants, with outliers suggesting that individual
differences play a significant role in socio-communicative
responses and underscore the importance of considering
individual tendencies when interpreting behaviors, paving
the way for more tailored and effective strategies in autism
research and support.

In the future, with an expanded dataset, exploring the
potential for classifiers or clustering methods may offer
insights into distinguishing between ASD and TD, based
on detected social cues. Our CAI framework as an ecologi-
cal solution holds promise for adoption in clinical environ-
ments, providing a more comprehensive understanding of
social interactions and behaviors during specific intervals
and automating processes which are rather manual and time
consuming.
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