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Abstract—The World Health Organization (WHO) has estab-
lished the Caregiver Skill Training (CST) program, designed to
empower families with children diagnosed with Autism Spectrum
Disorder the essential caregiving skills. The Joint Engagement
Rating Inventory (JERI) protocol evaluates participants’ engage-
ment levels within the CST initiative. Traditionally, rating the
Expressive Language Level and Use (EXLA) item in JERI relies on
retrospective video analysis conducted by qualified professionals,
thus incurring substantial labor costs. This study introduces a
multimodal behavioral signal-processing framework designed to
analyze both child and caregiver behaviors automatically, thereby
rating EXLA. Initially, raw audio and video signals are segmented
into concise intervals via voice activity detection, speaker diariza-
tion and speaker age classification, serving the dual purpose
of eliminating non-speech content and tagging each segment
with its respective speaker. Subsequently, we extract an array of
audio-visual features, encompassing our proposed interpretable,
hand-crafted textual features, end-to-end audio embeddings and
end-to-end video embeddings. Finally, these features are fused
at the feature level to train a linear regression model aimed at
predicting the EXLA scores. Our framework has been evaluated
on the largest in-the-wild database currently available under the
CST program. Experimental results indicate that the proposed
system achieves a Pearson Correlation Coefficient of 0.768 against
the expert ratings, evidencing promising performance comparable
to that of human experts.

Index Terms—Autism spectrum disorder, Expressive language,
Home intervention, Behavior signal processing
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I. INTRODUCTION

THE World Health Organization (WHO) has developed a
Caregiver Skill Training (CST) program [1] to provide a

family-centered intervention approach for families who have
children diagnosed with Autism Spectrum Disorder (ASD).
Evaluating participants’ engagement states help improve the
effectiveness of interventions, for which WHO has proposed
The Joint Engagement Rating Inventory WHO Adaptation
(JERI-WHO) scheme [2] as an evaluation guide. Expressive
Language Level and Use (EXLA) is an item of rating engage-
ment in JERI-WHO. It reflects a child’s language useability
of words, word combinations, and sentences by 7-level scores.
Raters who reach the standard globally are qualified to evaluate
engagement items according to JERI-WHO. It requires a lot of
human resources and time to train raters and rate new videos.
The scenarios of free-living activities in home interventions and
the multi-level scoring standards present significant challenges
for automated scoring.

In this study, we propose a Multimodal Behavior Signal
Processing Framework, following the JERI-WHO standard,
to automatically rate EXLA. We work on the JERI-WHO
Caregiver-Child Interaction (JERI-WHO-CCI) database, cur-
rently the largest database under the CST program. Our
framework comprises three modules. First, raw audio and
video signals are split into role-aware active time segments
by voice activity detection, speaker diarization and speaker
age classification, removing irrelevant time intervals as well as
labeling each audio segment with the corresponding speaker.
Then we extract end-to-end audio embeddings, end-to-end
video embeddings, and our proposed hand-crafted text features
by modified state-of-the-art behavior signal processing methods.
Finally, we fuse these features at the feature level and train a
linear regression model for predicting the EXLA scores.

The main contributions are summarized as follows:
(1) We design a computational framework to predict EXLA

scores from raw videos in free-living and in-the-wild scenarios.
The framework fuses hand-crafted interpretable audio behavior
features, end-to-end audio embeddings and end-to-end visual
action embeddings to describe children’s and caregivers’
behavior. Our method enhances analytical capabilities when
analyzing poor-quality audio-visual signals and provides a good
reflection of children’s performance.

(2) We propose a role-aware speech front-end module to
detect and segment children’s and caregivers’ speech in order
to analyze them separately and predict children’s EXLA.
We integrate robust speaker diarization and speaker age
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Fig. 1. Selective Machine Learning Methods Applied in ASD.ASD =
Autism Spectrum Disorder, ADOS = Autism Diagnostic Observation Schedule,
JERI = the Joint Engagement Rating Inventory, EXLA = the Expressive
Language Level and Use.

classi�cation methods to label audio segments with timestamps
and corresponding speaker ID more accurately when data are
not structured and not limited to a certain number of speakers.

(3) We introduce supplementary hand-crafted audio features
derived from the results of multiple speech front-end modules
to complement the primary audio core features de�ned in
the rating manual under the free-living scenarios. It not
only enhances interpretability but also outperforms end-to-end
features in EXLA rating where only limited in-domain data is
available. It could also assist medical doctors in comprehending
the automated assessment in a more meaningful way.

II. RELATED WORKS AND MOTIVATIONS

A. Related Works

In this section and Figure 1, we introduce analysis methods
of (1) ASD, (2) engagement: an aspect of ASD evaluation, and
(3) expressive language: an item of joint engagement.

1) ASD: In autism diagnosis and family intervention, it is
necessary for physicians to observe the child's responses in
terms of both auditory and visual information concurrently.
The behavior of caregivers also re�ect the performance of
children [3]–[5]. To systematically and quantitatively analyze a
child's behavior in auditory and visual settings, medical doctors
typically diagnose autism using rating scales. Symptom assess-
ment is diagnosed with the widely used Autism Diagnostic
Observation Schedule (ADOS) [6], DSM-5 [7] and CARS [8]
protocols. Ability assessment is mainly used for rehabilitation
intervention, with tools such as VB-MAPP [9] and CPEP-3
[10]. Rating scales requires professional skills, human resources
and sometimes additional experiments with children in person.
To enhance ef�ciency and objectiveness, researchers propose
different behavior signal processing techniques to predict the
rating scores and assist the assessment [11].

a) Unimodal Methods:include analyzing scales scores,
visual processing, speech processing, etc. Filtering a minimal
subset of items in scales by machine learning improves the
ef�ciency of ASD screening [12], [13]. Unimodal behavior
analyses usually study single modality signals, including eye

movement patterns [14]–[17], hand gestures in imitation tasks
[18], linguistic features [19], atypical prosody, stereotyped
idiosyncratic phrases [20], etc.

b) Multimodal Methods:mainly process behavior signals
under structured protocols or scenarios, which are designed to
quantify stimuli and subjects' responses and evaluate subjects'
development following scales. [21] analyzed audio and face of
infants after mothers' stimuli. Smartphone apps could capture
audio-visual data while providing visual motor integration
activities [22], [23]. Protocols in ADOS, including response
to name [24], [25], joint attention [26], social smile [27]
and Separation Anxiety [25], [28], were designed as semi-
structured experiments. Researchers generally proposed multi-
step machine-learning-based assessments and utilized pre-
trained models in a pipeline to handle the problem of lacking
in-domain data [28]. Overall, the analysis of behavioral data in
autism is categorized into three top-level experimental setups
in Figure 1. Well-structured and semi-structured experimental
setups typically require devices to be positioned at speci�c
angles and close distances to participants, restricting the scope
of activities. Free-structured setups allow activities without
prede�ned themes or procedures, an area that needs further
exploration.

2) Engagement:In the study of engagement, scholars have
introduced specialized databases [29]–[32] (detailed in Table I)
and analytical approaches. For short-duration video databases
[29], typical methods are end-to-end based. [33], [34] take
whole videos as input and use networks containing spatial
and temporal architectures to sense engagement levels. Pre-
trained modules are adopted to extract facial features due to
insuf�cient data. For long-duration video databases [30]–[32],
recent studies highlight two-stage methods because of lack-
ing subject-level in-domain labeled data. Two-stage methods
[35] involve utilizing intermediate features as a foundation
and deploying back-end models (e.g., linear regression) for
prediction. Intermediate features automatically extracted using
Behavior Signal Processing (BSP) models trained by out-of-
domain large-scale datasets (e.g., gaze extracted by OpenFace
[36]) help capture important behavior patterns.

3) Expressive Language:Expressive language serves as
a critical metric in developmental research, particularly con-
cerning engagement [2], ASD [37], [38], Down syndrome
[39], [40], and language delays [41]–[43]. Researchers mainly
employ three methodologies to assess expressive language
skills: norm-referenced instruments [6], [38], questionnaires
[40], [41], unconstrained language samples [44], [45].

Existing research highlights a strong correlation between
visual cues and vocal behaviors. In dialogues, unintentional and
intentional gestures [46]–[49], head motions, facial expressions
[47], lip movements and other movements [46] aid in speech
interpretation [50], especially for unique populations like chil-
dren with autism. After linguistic feature extraction, there are
two types of common computational back-end methods. One
[6] involves aggregating the scores based on a predetermined
scale. [51] identi�es language disorders by analyzing scores
from assessments provided by caregivers. Another one extracts
features from speech data and then employs machine learning
algorithms such as decision trees and linear regression for
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TABLE I
INFORMATION OF ENGAGEMENT DATABASES IN RELATED WORKS.

Database
Case

Number
Video

Length
Modal Perspective Objects Method Annotations

DAiSEE [29] 9068 5-60 seconds Video First-person Adult-computer End-to-end Four-level engagement labels

Noxi [30] 84 � 10 minutes Audio-video First-person Adult-adult Two-stage
Low-level social signals (e.g. gestures, smiles),

functional descriptors (e.g. turn-taking, dialogue acts)
and interaction descriptors (e.g.engagement, interest, and �uidity).

eHRI [31] 24 4-8 minutes Audio-video First-person Adult-computer Two-stageConnection events, visual smiles, head nods and transcribed speech
FUTURE
WORLDS

[32] 85 2-12 minutes
Software log,

video
First-person

Preadolescent-
computer

Two-stage
Posture, gesture, facial expression, eye gaze,

interaction trace logs, anddwell time
WHO-JERI 305 � 12 minutes Audio-video Third-person Child-adult Two-stage Seven-level engagement labels

predictive modeling [52], [53]. Here, speech features included
spectrogram features, prosody features, frequency, energy,
spectrum, atypical prosody transcripts and other embeddings
extracted from pre-trained models [19]–[21], [54]–[56].

Although these works utilize speech processing methods,
they did not fully explore the transcripts generated by an
automatic speech front-end and were not directly focusing
on in-the-wild EXLA score prediction. Predicting multi-level
expressive language scores with raw audio-visual data captured
in far-�eld third-person perspective remains unexplored.

B. Motivations

In our project, the aforementioned multi-step machine-
learning-based frameworks inspire us to address the problem
of lacking in-domain data. However, the methodologies and
data from previous works cannot be directly applied due
to several limitations and challenges: (1) Compared to end-
to-end approaches for engagement detection, we think it is
essential to study medically meaningful and interpretable
features further for expressive language modeling. (2) Existing
machine learning approaches for predicting expressive language
levels primarily rely on manually transcribed text from separate
close-talking microphones. We aim to automatically process
speech data recorded in one channel by a far-�eld iPad. (3)
Lacking in-domain data leads to insuf�cient domain adaptation
and degraded performance when �ne-tuning pre-trained end-
to-end models with our limited in-domain data.

The JERI-WHO program involves evaluating free-living in-
the-wild data. Three potential strategies are considered:

(1) Designing a pipeline to split the prediction into multiple
steps and then utilize existing large-scale datasets and pre-
trained models for analysis step by step. (2) Adding meaningful
supplementary features on top of automatically generated
transcripts to enhance the description of language expression
ability. (3) Utilizing complementary video information and
caregivers' behavior data to further enhance the performance.

III. D ATABASE DESCRIPTION

A. JERI-WHO Caregiver-child Interaction Database

1) Data Source:The JERI-WHO-CCI Database comes from
the Intervention effect of WHO-CST program on ASD study
(Registration number: ChiCTR2000035176). It is currently the
largest database under the CST program. It consists of multiple
family intervention videos taken at home using a hand-held

TABLE II
TOOLBOX CONTENT AND RELATED ACTIVIES

Toy Number Activity
Picture book 1 Telling stories
Animal model 8 Imagination
Sand hammer 4 Music games
Puppet 2 Imagination
Ball 2 Interactive games
Pen set, paper, painting templates 1 Painting
Cardboard box set 1 Stacking boxes

iPad. In the database, there are 305 videos from 179 children
with ASD and their caregivers.

2) Recording Protocol:Videos were taken during each home
visit. The recording scenes are shown in Figure 2(a)-(c). Both
audio and video were collected by iPads to prevent children
from being distracted by unfamiliar devices. During a recording,
a caregiver and a child sit face-to-face and play together.
Another person holds an iPad to record from approximately two
meters. The caregiver and the child can play with toys freely to
enhance children's social interaction skills. Caregivers primarily
focus on providing game support and engaging with children
in interactions. Their activities include following children's
interests, imitating children's appropriate behaviors, expanding
children's language, or demonstrating new skills [1].

The guidelines for shooting home intervention videos are
as follows: (1) Paticipants use toys in the toolbox to play. (2)
Each video is more than 12 minutes. (3) Children's faces and
hand gestures are recorded as much as possible. (4) Videos
capture caregivers' hands, faces and toys involved in games
as much as possible. (5) The person recording the video does
not participate in the interaction. (6) The person except for the
child and the caregiver cannot appear in the video recording.

3) Collected Data:All participants speak Mandarin. They
are from Guangdong province, China. The distribution of scores
for item EXLA, the gender and age distribution of children in
the database is shown in Figure 2(d)-(f). The ratio of boy-to-girl
is close to 4:1, which is similar to the common gender ratio of
ASD [57]. The JERI-WHO-CCI database aims to observe the
level of a child's communication skills and joint engagement.
Since videos are homemade, the original frame rate of each
video is not �xed, ranging from 30 to 60. All original videos are
downsampled to 18 FPS. Audios are recorded in one-channel
format and converted to 16 kHz sampling rate.

Every JERI item is rated from 1 to 7 by a quali�ed rater
who is con�dent in complying with the WHO standard. More
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