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Abstract 

Background The COVID-19 pandemic has caused an unprecedented need for accessible health care services 
and significantly accelerated the development processes of telehealth tools for autism spectrum disorder (ASD) early 
screening and diagnosis. This study aimed to examine the feasibility and utility of a time-efficient telehealth tool com-
bining a structured snack time assessment activity and a novel behaviour coding scheme for identifying ASD.

Methods A total of 134 1–6-year-old individuals with ASD (age in months: mean = 51.3, SD = 13.1) and 134 age- 
and sex-matched typically developing individuals (TD) (age in months: mean = 54, SD = 9.44) completed a 1-min snack 
time interaction assessment with examiners. The recorded videos were then coded by trained coders for 17 ASD-
related behaviours; the beginning and end points and the form and function of each behaviour were recorded, which 
took 10–15 min. Coded details were transformed into 62 indicators representing the count, duration, rate, and propor-
tion of those behaviours.

Results Twenty indicators with good reliability were selected for group difference, univariate and multivariate 
analyses. Fifteen behaviour indicators differed significantly between the ASD and TD groups and remained significant 
after Bonferroni correction, including the children’s response to the examiner’s initiation, eye gaze, pointing, facial 
expressions, vocalization and verbalization, and giving behaviours. Five indicators were included in the final prediction 
model: total counts of eye gaze, counts of standard pointing divided by the total counts of pointing, counts of appro-
priate facial expressions, counts of socially oriented vocalizations and verbalizations divided by the total counts 
of vocalizations and verbalizations, and counts of children using giving behaviours to respond to the examiner’s 
initiations divided by the total counts of the examiner’s initiation of snack requisitions. The ROC curve revealed a good 
prediction performance with an area under the curve (AUC) of 0.955, a sensitivity of 92.5% and a specificity of 84.3%.

Conclusion Our results suggest that the snack activity-based ASD telehealth approach shows promise in primary 
health care settings for early ASD screening.
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Introduction
Autism spectrum disorder (ASD) is a neurodevelopmen-
tal condition characterized by core social communication 
features and restricted, repetitive sensory–motor behav-
iours [1]. The prevalence of ASD has increased in recent 
decades and is currently estimated to be 1/44 in devel-
oped countries [2]. ASD substantially burdens individu-
als, families, and society [3]. Early identification enables 
children with ASD to access early intervention, which is 
crucial for them to obtain optimal long-term outcomes 
[4, 5]. However, there are often significant delays between 
parents’ initial concerns about their child’s development 
and a formal autism spectrum disorder (ASD) diagnosis. 
While the diagnosis of ASD becomes stable as early as 
14 months old [6], the global mean age of ASD diagno-
sis is over 40 months [7]. One major barrier to diagnostic 
delay is related to the inadequate availability and sensi-
tivity of early screening tools for ASD, leading to limited 
usage of these tools in primary health care settings in 
low- and middle-income countries (LMICs) [8]. There-
fore, there is a pressing need to develop cost-effective 
clinical ASD screening tools, especially for use in under-
resourced settings in LMICs.

One promising avenue for addressing the urgent global 
need for the early identification of ASD is employing 
telehealth evaluations to shorten the waiting time for 
clinical appointments and remove geographic barriers. 
The COVID-19 pandemic has sparked enhanced enthu-
siasm for developing flexible remote ASD screening and 
diagnostic tools, adding to the existing prepandemic 
telehealth repertoire [9]. A recent review summarized 
10 screening and 7 diagnostic approaches using tele-
medicine technology for ASD [10]. In addition to some 
online questionnaire applications [11, 12], video-based 
approaches are used in three different settings: 1) a 
trained provider or examiner interacts with the child in 
one location with a remote clinician observing and cod-
ing in real-time [13, 14]; 2) the caregivers are trained 
and complete the assessment activities with the child at 
home and upload the recorded videos for further coding 
[15, 16]; and 3) clinicians make video appointments with 
the family to conduct diagnostic evaluations remotely 
[17, 18]. Although these telehealth approaches for ASD 
screening and diagnosis seem promising for extensive 
use in clinical and research services, some concerns arise 
when considering whether these tools will significantly 
address time delays in accessing ASD evaluation and 
diagnostic services, especially for families in LMICs.

The first concern regarding existing ASD telemedi-
cine screening and diagnostic tools is whether these 
approaches can alleviate the problem of limited ASD 
specialist capacity due to ever-increasing needs. Expe-
rienced ASD specialists are essential for telemedicine 

tools that require remote real-time communications 
to make meaningful and accurate observations and rat-
ings for children’s behaviours [14, 17], which is even 
more challenging than in-person evaluations [19]. Other 
approaches that involve coding children’s behaviours in 
recorded videos also have stringent educational and clini-
cal eligibility requirements for coders [15]. These require-
ments show the equal importance of specialized training 
in ASD telehealth applications. Some telehealth tools may 
not be applicable in LMICs due to the requirements of 
ADOS-2 or ADI-R administrators [13, 18]. The time cost 
is also an issue; for example, providers reported that the 
duration of a telemedicine visit could be as long as 3 h for 
a family [17], and some applications need coders to watch 
a 1-h home video to give feedback [20]. Considering 
these limitations, it is questionable whether the existing 
telemedicine approaches can effectively shorten the wait-
ing time for families to access formal ASD evaluations 
and diagnoses. The second concern is about caregiver-
mediated assessment, either in real-time or in recorded 
videos. While this approach resolves geographic barri-
ers, other related problems, including enormous efforts 
in training caregivers, possible low fidelity in assessment 
administration and recorded video, potential practice 
effects for children, and extra tasks for caregivers, may 
discourage the expanded use of caregiver-mediated tel-
ehealth tools [21, 22]. The final concern is considerations 
for data structure in the era of big data. Almost all behav-
iour rating methods in existing ASD telehealth tools use 
Likert scales, relying on the rater’s overall observation 
and impression of the child to form scores. However, this 
type of categorical dataset does not allow the machine to 
learn what a targeted autistic behaviour is and achieve 
automatic behaviour recognition in the future with accu-
mulating database, which would help mitigate the ever-
increasing workload for clinician [23].

Given the concerns regarding existing telehealth 
approaches for ASD screening and diagnosis, it is impor-
tant to find alternatives to facilitate clinicians in accu-
rately diagnosing ASD with less time and effort in the 
consulting room, especially in LMICs. Training and 
supervising practitioners with less experience in admin-
istering assessments and coding children’s behaviours is 
an option. Structured and short assessments are more 
friendly to examiners. Furthermore, training local prac-
titioners instead of caregivers can address geographic 
barriers and prevent other associated problems. Regard-
ing behaviour measurement, coding behaviours instead 
of symptoms may lower the eligibility requirements for 
coders and provide a sound feeding database for auto-
matic behaviour recognition through machine learning 
[24, 25]. To enable children at risk of ASD to present a 
wide range of autistic behaviours within a short time with 
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an examiner, the most common daily activities must be 
used for social interaction contexts, such as snack time 
and playtime. Since children typically show strong moti-
vations for their favourite food, snack time is a good 
opportunity to observe children’s social interaction, 
communication behaviours towards snack holders, and 
potential sensory and motor behaviours and stereotypes 
[26, 27].

At snack time, when presented with choices of snacks, 
children are motivated to spontaneously display eye con-
tact, vocalization, pointing, facial expressions, and other 
requesting behaviours as communication methods to 
reach out for the preferred food [27]. Snack time also 
provides a good opportunity to observe children’s giv-
ing and sharing behaviours under social pressure, such 
as when the examiner shows interest in the children’s 
snack. Children’s responses to the examiner’s social ini-
tiations are also indicators of reciprocal social interaction 
behaviours [28]. Several validated ASD screening and 
diagnostic tools incorporate snack time activities in their 
assessments with different administration instructions, 
such as ADOS-2 [29], the Screening Tool for Autism in 
Two-Year-Olds (STAT) [30], and a telehealth diagnos-
tic application, the Naturalistic Observation Diagnostic 
Assessment (NODA) [16].

In the current study, a set of structured snack time 
activities with a novel behaviour coding scheme was 
developed as a telehealth approach for identifying chil-
dren with ASD aged 1–6 years old. The snack time activi-
ties can be administered within 1  min by an examiner 
with relatively limited clinical training, and the recorded 
video is coded by a coder, a process that takes 10–15 min. 
The new behaviour coding scheme enables the record-
ing of the beginning and ending time points of each tar-
geted behaviour on the video timeline and the form and 
function of the behaviour. The coded data are then con-
verted into a numerical dataset for further analysis. This 

study was conducted to establish a cost-effective method 
for the early identification of ASD, especially in LMICs, 
through the development of a time-saving telehealth 
approach.

The present study aimed to (1) explore the feasibil-
ity of an ASD telehealth approach combining structured 
snack time interaction activities administered by exam-
iners with limited clinical training and behaviour coding 
by trained coders; (2) examine whether this approach 
can detect behavioural differences between children 
with ASD and typically developing children, such as eye-
contact, vocalization, pointing, requesting, facial expres-
sions, giving, responsiveness, atypical sensory and motor 
behaviours, and repetitive and repeated behaviours; (3) 
evaluate the reliability and validity of the tool; and (4) 
investigate a potential clinical prediction model to dis-
tinguish children aged 1–6 years with and without ASD 
using behavioural indicators from our approach.

Methods
Participants
A total of 436 participants were recruited from January 
2022 to August 2022, including 153 individuals with ASD 
and 283 typically developing individuals (TD). Propensity 
score matching (PSM) was employed to obtain an age- 
and sex-matched sample, yielding a total of 268 included 
participants, 134 per group (see Table  1 for detailed 
demographic information before and after PSM). The 
ASD group was recruited from the outpatient clinic at 
Peking University Sixth Hospital and ASD early interven-
tion centres, and the TD group was enrolled from kinder-
garten classes. The inclusion criteria for the ASD group 
were children who were 1–6 years old, had a diagnosis of 
ASD that was clinically established by experienced child 
and adolescent psychiatrists following the Diagnostic and 
Statistical Manual of Mental Disorders, 5th ed (DSM-5) 
[31], had no physical or neurological diseases, and did 

Table 1 Demographics before and after propensity score matching

†  Significant difference (p < 0.05*, p < 0.01**, p < 0.001***) between both groups by two-tailed T-test for continuous variables and by chi-square analysis for categorical 
variable

Before PMS After PMS

TD ASD t/χ2 sig.† TD ASD t/χ2 sig.†

(N = 283) (N = 153) (N = 134) (N = 134)

Age in month
 Mean (SD) 58.1 (10.7) 48.5 (14.5)  < 0.001*** 54.0 (9.44) 51.3 (13.1)  = 0.053

 Median [Min, Max] 58.0 [33.0, 78.0] 48.0 [14.0, 82.0] 53.0 [34.0, 75.0] 50.0 [14.0, 82.0]

Sex
 Female 130 (45.9%) 23 (15.0%)  < 0.001*** 24 (17.9%) 23 (17.2%)  = 1

 Male 153 (54.1%) 130 (85.0%) 110 (82.1%) 111 (82.8%)
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not take any psychotropic medication before participat-
ing in the study. The inclusion criteria for the TD group 
were children who were 1–6 years old and had no psychi-
atric, physical, or neurological disorders.

Data acquisition
Clinical diagnosis
All participants first underwent clinical assessments with 
senior child and adolescent psychiatrists to confirm their 
diagnoses using best-estimate clinical diagnoses accord-
ing to the DSM-5.

Snack time administration and video recording
The snack time assessment scheme was developed by 
three senior child and adolescent psychiatrists with 
over 14 years of clinical experience (J.L., Y.G., and X.L.) 
through clinical experiences and a thorough literature 
review.

Each participant completed a 1-min standard snack 
time assessment activity administered by a trained exam-
iner. The purpose of this activity is to create a familiar 
social context for children to show social interaction and 
communication behaviours, where structured initiations 
from examiners function as social cues. For video record-
ing, examiners needed to start and stop recording before 
and after the assessment. The length of each video was 
required to be 50–80 s. The setting for the administration 
was a medium-sized, quiet, and clean room in the hospi-
tal, ASD early intervention centre, or kindergarten.

Behaviour coding and data conversion
The behaviour coding system was developed by three 
clinical experts (J.L., Y.G., and X.L.) through clinical 
experience and a thorough literature review. To develop 
the coding scheme, 17 behaviours were first identi-
fied as ASD-related behaviours that children might dis-
play at snack time based on the three clinicians’ clinical 
experiences and the literature review (see Table S1 for 
behaviour coding list). The 17 behaviours covered social 
interaction and communication behaviours and restricted 
and repetitive behaviours (RRB). A behaviour coding 
plan was then created to record the duration, form, and 
function of behaviours present in the video. The duration 
of the behaviour was recorded by marking the starting 
and ending points of the behaviour on the video time-
line, and multiple behaviour cooccurrences were identi-
fied through timeline overlapping. The form and function 
of the behaviour were recorded to distinguish different 
behaviour features, for example, socially oriented verbali-
zation and nonsocially oriented verbalization. The cod-
ing option of each behaviour was specified in the coding 
guide to make the coding process transparent and repeat-
able (see Table S1 for the behaviour coding guide). The 

17 behaviours were then converted and expanded to 62 
numerical behaviour indicators, including counts, dura-
tion, ratio, and rate (see Table S2 for a total of 62 behav-
iour indicators).

The trained coders coded the 17 behaviours in the 
snack time videos while blind to the children’s diagnostic 
status. The coded data were then translated into behav-
iour indicators for the data analysis.

Data reliability
The data reliability of this study was threefold: test–retest 
reliability, inter-examiner reliability, and inter-coder reli-
ability. Sixty participants were recruited for test–retest 
reliability, and the test–retest interval was 7–15  days 
(mean = 11). Sixty-one participants were included for 
inter-examiner reliability, and inter-examiner assess-
ments were conducted on the same day. Thirty partici-
pants were randomly selected for inter-coder reliability 
by three independent coders. Test–retest reliability, inter-
examiner reliability, and inter-coder reliability were 
calculated for 62 behaviour indicators using intraclass 
correlation coefficients (ICCs).

To prioritize the reliability of the statistical analysis 
results, only indicators with ICCs of test–retest reliabil-
ity, inter-examiner reliability, and inter-coder reliability 
all greater than 0.4 (indicating good reliability) were 
included in the next statistical analyses [32].

Data analysis
R (version 4.2.1) and Python (version 3.10.6) were used 
for the statistical analysis. The Shapiro‒Wilk test was 
used to test whether the variables were normally distrib-
uted. The behavioural indicators were first examined for 
the significance of group differences using the Mann‒
Whitney U test for nonnormal distribution or two-tailed 
t tests for normal distribution, and Bonferroni correc-
tion was used for multiple comparison correction. The 
behaviour indicators were also included in the univari-
ate logistic regression analysis to determine how many 
behaviour indicators would be included in the stepwise 
logistic regression to construct the prediction model. 
The stepwise logistic regression method was also used to 
minimize the multicollinearity among variables [33]. The 
odds ratio (OR) and 95% confidence intervals (95% CIs) 
for each indicator selected in the final prediction model 
were further calculated. Discrimination of the predic-
tion model was assessed using the area under the curve 
(AUC), and a calibration curve was drawn to estimate 
the consistency between the probabilities predicted by 
the model and the observed probabilities. In addition, 
the Hosmer‒Lemeshow goodness-of-fit test was also 
employed to evaluate the predictive performance of the 
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model. Internal validation was performed using the boot-
strapping method with 1000 resamples.

Results
Indicator selection
Only indicators with ICCs of test–retest reliability, inter-
examiner reliability, and inter-coder reliability greater 
than 0.4 were included in the next statistical analyses to 
prioritize the reliability of the statistical analysis results, 
leaving 22 behaviour indicators (see reliability results in 
Table S3). Two indicators (PT2: total counts of standard 
pointing with coordinated gaze to object; PT3: counts 
of standard pointing with coordinated gaze to object 
divided by the total counts of pointing with coordi-
nated gaze to object) were added back because of good 
test–retest reliability and inter-examiner reliability but 
unavailable ICC for inter-examiner reliability. Logi-
cal repetition was checked for the rest of the indicators. 
Because the length of the video was relatively fixed, indi-
cators of total counts were retained (EC1: total counts of 
eye gaze; EC5: counts of eye gaze coordinated with facial 
expression, vocalization, or gesture; VO1: total counts of 
vocalizations and verbalizations; VO4: counts of socially 
oriented vocalizations and verbalizations), and indicators 
of rate were excluded (EC2: counts of eye gaze divided 
by the video length; EC6: counts of eye gaze coordinated 
with facial expression, vocalization, or gesture divided by 
the video length; VO2: counts of vocalizations and ver-
balizations divided by the video length; VO5: counts of 
vocalizations and verbalizations with social intentions 
divided by the video length). Finally, 20 indicators were 
included in the statistical analyses (Table 2).

Significance tests of behaviour indicators between the ASD 
and TD groups
Significance tests between the ASD and TD groups 
showed that a total of 15 out of 20 behaviour indicators 
achieved a significance level of p < 0.05, and all passed 
Bonferroni correction (adjusted p < 0.05; adjusted p was 
calculated by multiplying the uncorrected p value by 
20) (Table S2). The behaviour indicators that remained 
significant after Bonferroni correction were RE1 (pro-
portion of times children respond to the examiner’s 
initiation), EC1 (total counts of eye gaze), EC3 (total 
duration of eye gaze), EC5 (counts of eye gaze coordi-
nated with facial expression, vocalization, or gesture), 
PT2 (total counts of standard pointing with coordi-
nated gaze to object), PT3 (counts of standard point-
ing with coordinated gaze to object divided by the total 
counts of pointing with coordinated gaze to object), 
FE2 (total counts of appropriate facial expressions), 
FE3 (counts of appropriate facial expressions divided 
by the total counts of facial expressions), FE4 (counts of 

basic facial expressions), VO1 (total counts of vocaliza-
tions and verbalizations), VO4 (counts of socially ori-
ented vocalizations and verbalizations), VO7 (counts 
of socially oriented vocalizations and verbalizations 
divided by the total counts of vocalizations and ver-
balizations), GV1 (total counts of giving behaviours), 
GV3 (counts of children using giving behaviours to 
respond to the examiner’s initiations), and GV4 (counts 
of children using giving behaviours to respond to the 
examiner’s initiations divided by the total counts of the 
examiner’s initiation of snack requisitions).

Univariate and multivariate analysis
Univariate logistic regression analysis showed that 15 
out of 20 behaviour indicators achieved a significance 
level of p < 0.05 (Table  2), and those indicators were 
included in the stepwise logistic regression to construct 
the prediction model. The final prediction model con-
sisted of 5 behaviour indicators (Table  2 and Fig.  1): 
EC1 (total counts of eye gaze) (OR 0.784, 95% CI 
0.684 ~ 0.885, p < 0.001), PT3 (counts of standard point-
ing with coordinated gaze to object divided by the total 
counts of pointing with coordinated gaze to object) 
(OR 0.012, 95% CI 0.001 ~ 0.072, p < 0.001), FE2 (total 
counts of appropriate facial expressions) (OR 0.675, 
95% CI 0.466 ~ 0.92, p = 0.023), VO7 (counts of socially 
oriented vocalizations and verbalizations divided by the 
total counts of vocalizations and verbalizations) (OR 
1.286, 95% CI 1.162 ~ 1.446, p < 0.001), and GV4 (counts 
of children using giving behaviours to respond to the 
examiner’s initiations divided by the total counts of the 
examiner’s initiation of snack requisitions) (OR 0.025, 
95% CI 0.006 ~ 0.083, p < 0.001).

Construction and validation of a nomogram prediction 
model
The 5 behaviour indicators identified by stepwise logis-
tic regression were used to construct a model for pre-
dicting ASD risk, and the model was displayed using a 
nomogram (Fig. 2). The ROC curve was used to evalu-
ate the model’s predictive performance, revealing a 
good prediction performance with an area under the 
curve (AUC) of 0.955 (95% CI 0.932–0.977) (Fig.  3). 
The optimal cut-off value of the ROC curve was 0.421, 
with a sensitivity of 92.5% and specificity of 86.6%. The 
Hosmer–Lemeshow goodness-of-fit test for the model 
was χ2 = 4.996, p = 0.758, indicating a good model fit. A 
calibration curve was drawn to test the model’s validity, 
which showed that the model’s calibration curve fit well 
with the ideal standard curve (Fig. 4).
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Discussion
The current study supported the use of a time- and cost-
efficient telehealth approach using snack time with a 

novel behaviour coding scheme to provide clinical prac-
titioners with detailed information on children’s behav-
iour to assist early ASD screening and diagnosis. The 

Table 2 Univariate and multivariate analysis

OR Odds ratio, CI Confidence Interval

Behavior 
indicator

Definition Calculate units Univariate analysis Multivariate regression

OR 95% CI P-value OR 95% CI P-value

Examiner’s initiation and children’s response
1 RE1 Proportion of times children respond to the exam-

iner ’s initiation
Proportion 0 0–0.001 0

Eye gaze
2 EC1 Total counts of eye gaze Count 0.681 0.619–0.751 0 0.784 0.684 ~ 0.885  < 0.001

3 EC3 Total duration of eye gaze Duration 0 0–0 0

4 EC5 Counts of eye gaze coordinated with facial expres-
sion, vocalization, or gesture

Count 0.736 0.634–0.855 0

Pointing with coordinated gaze to object
5 PT2 Total counts of standard pointing with coordinated 

gaze to object (pointing to a specific direction using 
any finger, with flexion of the remaining fingers)

Count 0.184 0.12–0.282 0

6 PT3 Counts of standard pointing with coordinated gaze 
to object divided by the total counts of pointing 
with coordinated gaze to object

Proportion 0.019 0.006–0.061 0 0.012 0.001 ~ 0.072  < 0.001

Facial expression
7 FE2 Total counts of appropriate facial expressions Count 0.584 0.467–0.73 0 0.675 0.466 ~ 0.92 0.023

8 FE3 Counts of appropriate facial expressions divided 
by the total counts of facial expressions

Proportion 0.303 0.179–0.512 0

9 FE4 Counts of basic facial expressions Count 0.657 0.541–0.798 0

Vocalization and verbalization
10 VO1 Total counts of vocalizations and verbalizations 

(excluding sneeze, cough, or other vocalizations 
caused by physiological reflexes)

Count 1.158 1.046–1.283 0.005

11 VO4 Counts of socially oriented vocalizations and ver-
balizations

Count 1.158 1.046–1.283 0.005

12 VO7 Counts of socially oriented vocalizations and verbali-
zations divided by the total counts of vocalizations 
and verbalizations

Proportion 1.111 1.054–1.171 0 1.286 1.162 ~ 1.446  < 0.001

13 VO8 Duration of socially oriented vocalizations and ver-
balizations divided by the total duration of vocaliza-
tions and verbalizations

Proportion 1.133 0.683–1.878 0.629

14 VO9 Counts of vocalization and verbalizations using 
words

Count 1.042 0.938–1.157 0.442

15 VO10 Counts of vocalizations and verbalizations using 
words divided by the total counts of vocalizations 
and verbalizations

Proportion 1.112 0.67–1.846 0.683

Giving
16 GV1 Total counts of giving behaviors Count 0.313 0.242–0.405 0

17 GV2 Counts of spontaneous giving behaviors Count 0.649 0.4–1.053 0.08

18 GV3 Counts of children using giving behaviors 
to respond to the examiner’s initiations

Count 0.248 0.185–0.333 0

19 GV4 Counts of children using giving behaviors 
to respond to the examiner’s initiations divided 
by the total counts of the examiner’s initiation 
of snack requisitions

Proportion 0.015 0.006–0.035 0 0.025 0.006 ~ 0.083  < 0.001

20 GV5 Counts of spontaneous giving behaviors divided 
by the total counts of giving behaviors

Proportion 0.66 0.149–2.915 0.583
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telemedicine tool is timesaving because the examiner is 
only required to interact with the children for 1 min, and 
it takes only 10–15 min for the coder to code the 1-min 
snack time video. The approach is also specialist-saving 
because it requires limited specialty training for both 
examiners and coders. Although time-limited, the tool 
can detect significant behavioural differences between 
ASD and TD groups, such as children’s response to the 
examiner’s initiation, eye gaze, pointing, facial expres-
sions, vocalization and verbalization, and giving behav-
iours. A clinical prediction model was built based on 
the behaviour indicators identified, and this model dem-
onstrated good prediction performance and model fit. 
The sensitivity and specificity reached 92.5% and 86.6%, 
respectively. As shown here, this ASD telehealth tool 
shows good potential for future use in clinical practice, 
especially in resource-limited low- and middle-income 
countries and regions.

Behaviour and indicator analyses
Children with ASD showed higher severity than those in 
the TD group in six ASD-related social interaction and 
communication behaviours during the 1-min snack time 
interaction activity. Unlike the Likert rating scales used 

by most existing ASD screening and diagnostic tools, the 
behaviour coding system used in this study enabled the 
recording of beginning and ending points on the video 
timeline of each aimed behaviour. Therefore, counts, 
rates, durations, and proportions were calculated for 
these ASD-related behaviours, enabling a deeper under-
standing of ASD traits.

Significant differences in social interaction and commu-
nication behaviours were found between the ASD and TD 
groups using the developed tool. In the snack time activ-
ity setting, examiners were instructed to initiate three 
sets of social interactions, involving showing the snack, 
asking the children to point to the snack they want, and 
showing interest in the children’s snack. Whether chil-
dren responded to the examiner’s initiations was coded 
for each round. Our results revealed that the ASD group 
showed impairments in those responding behaviours, 
such as how many times children responded to the exam-
iner’s initiation in total, how many times children pointed 
to the snack as the examiner asked, and how many times 
children gave the snack to the examiner as requested. In 
addition, social communication behaviours, such as eye 
contact, vocalization and verbalization, and facial expres-
sions, were found to be deficient in the ASD groups. 

Fig. 1 Density plot for behavior indicators included in the final prediction model
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Impaired social interaction and communication are defin-
ing features of ASD and emerge early in the affected pop-
ulation [34, 35]. Reduced and disrupted engagements of 
sustained attention to social stimuli were found as early as 
6 months in infants who were later diagnosed with ASD 
[36]. Communicative behaviours, such as pointing, ges-
tures, showing, and giving usually emerge by the end of 
infants’ first year of life (9–12 months) to actively direct 
adult attention [37]. Children with ASD lose various 
communicative behaviours between 1 and 2 years of age 
[38–40]. Clear eye contact is found in 5- to 6-month-old 
infants, and eye-contact problems can be detected early in 
children with ASD [34]. Children with ASD also display 
fewer and shorter facial expressions than those without 
ASD [41]. In addition, social communication coordina-
tion, which refers to the combination of various commu-
nications, for example, gaze or vocalization or pointing 
with or without other communicative behaviours, was 

reported to be limited in individuals with ASD versus that 
in those without ASD [42, 43]. Therefore, this telehealth 
approach showed promise in identifying deficits in social 
interactions and communication in ASD.

Based on the reliability of the analysis results, behav-
iour indicators with reliability ICC values between 0 and 
0.4, less than or equal to 0, and those that could not be 
calculated were excluded from the subsequent statisti-
cal analyses. Therefore, gestures, requesting, showing, 
social overtures, and RRB-related behaviour indicators 
were all excluded at this step from further analysis. When 
inspecting the original dataset, we found that 27.4%-
35.5% of indicators could not be calculated or had ICC 
values less than or equal to 0. The reason why some indi-
cators could not be calculated was that all original data 
were 0. The explanation for ICC = 0 was nonexistent 
reliability, and for ICC less than 0, the intragroup differ-
ence was greater than the intergroup difference [32]. We 

Fig. 2 Nomogram for prediction of ASD risks based on behavior indicators. As shown in the nomogram, a virtual straight line perpendicular 
to the top points line can be drawn for each behavior indicator line, and the value of each behavior indicator can be converted to a point 
from the top point line. The points of all behavior indicators in the nomogram can be added up to obtain a total point, and the ASD risk can be 
predicted by drawing a straight line perpendicular to the risk axis from the bottom total points line
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checked those indicators with ICCs less than or equal to 
zero; another possible reason could be too many 0 val-
ues for the indicator. Most behaviours related to those 
unusual ICC values were found to be less frequent behav-
iours in videos, for example, gestures, complex facial 
expressions, showing behaviours, and social overtures 
to examiners. We supposed that the structured activ-
ity, 1-min limitation, and children’s strong motivation 
to snack left children with inadequate opportunities to 
use gestures, show complex facial expressions, and initi-
ate social interactions with examiners, partially explain-
ing why those behaviours were relatively rare in recorded 
videos. For our future analyses, we may need to expand 
or modify our activity settings to enable children to have 
more chances to show those behaviours and explore the 
extent to which those behaviours contribute to ASD 
screening and diagnosis.

Regarding requesting behaviour-related indicators, 
many were found to have low reliability (ICC value 
between 0 and 0.4). We reported significant differences in 

counts of pointing, counts of socially oriented vocaliza-
tions and verbalizations, and counts of eye gaze between 
the ASD and TD groups. Requesting behaviours could be 
different combinations of those behaviours. For example, 
children could appropriately request a specific snack from 
the examiner by pointing to the snack or saying the name 
of the snack, with or without eye contact with the exam-
iner. Previous research has shown inconsistent results 
regarding whether children with ASD have impairments 
in requesting skills [44–46]. We considered that this could 
be because different studies used distinct definitions for 
requesting behaviour. Definitions for requesting could 
include object-centred strategies, such as reaching out 
for the object; strategies using the person as a self-propel-
ling agent with contacting the person, such as putting an 
adult’s hand on a toy; strategies using the person as a self-
propelling agent without contacting the person, such as 
pointing or verbal request; and strategies using the person 
as perceiving subject, such as pointing with coordinated 
eye contact [45]. The current study defined requesting 

Fig. 3 Receiver operating characteristic curve of the prediction model
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as children using pointing or vocalizations, with or with-
out eye contact, to communicate the need for a certain 
snack to the examiner. Object-centred strategies, such as 
only reaching out for the snack, were excluded from this 
study’s definition of request. When checking the reliabil-
ity data of requesting behaviour indicators, some partici-
pants demonstrated inconsistent results between the  1st 
and  2nd tests in test–retest assessments and inter-exam-
iner assessments. Specifically, in test–retest assessments, 
21.7% of participants exhibited requesting behaviour 
in the  1st test but did not request in the  2nd test with the 
same examiner; 26.7% of participants had the opposite sit-
uation: requested in the  2nd test but not the  1st test. In the 
inter-examiner assessments, 26.2% of participants showed 
requesting behaviour with the  1st examiner but not with 
the  2nd examiner on the same day; 23% of participants 
had an adverse situation: requested with the  2nd examiner 
but not with the  1st examiner. These inconsistent situa-
tions revealed that the probability of children displaying 
requesting behaviours in test–retest and inter-examiner 
assessments was somewhat uncertain, which could be 
part of the reason for poor reliability in requesting. For 
our next analysis, we may consider adjusting the defini-
tion of requesting behaviours and activity setting to fur-
ther understand the role of requesting in ASD screening 
or diagnosis in our research.

We found largely inconsistent ICCs for RRB indica-
tors in different reliability tests. For example, ICC for 
total counts of immediate echolalia was 0.299 (ICC < 0.4) 
in test-test reliability but was 0.842 (ICC > 0.75) in 

inter-examiner reliability; ICC for total counts of unu-
sual sensory-seeking behaviours was 0.669 (ICC > 0.4) 
in test-test reliability but was 0.189 (ICC < 0.4) in inter-
examiner reliability; and similar situations for stereo-
typed uses of language and unusual and repetitive hand/
body/limb movements. Largely inconsistent reliability 
excluded those RRB indicators from further analyses. 
RRB is one of the defining features of ASD in DSM-5. 
RRBs usually have a relatively low frequency of occur-
rence in both clinical and home settings. Therefore, most 
research relies on parents’ reports to capture RRB instead 
of using direct observation methods [47, 48]. In addi-
tion, RRB is highly heterogeneous among ASD children, 
which could also contribute to reliability inconsistency in 
our research. This finding is consistent with our observa-
tion that during the snack time interaction, some chil-
dren with ASD repeated the examiner’s last few words 
immediately and showed some unusual and repetitive 
hand movements and some unusual smelling, mouthing, 
and seeing behaviours. However, those RRBs were not 
observed in all children with ASD in the 1-min video and 
were not always observed repeatedly in the same child. 
We may consider changing the indicator selection crite-
ria and expanding the reliability sample size in the future 
to further explore how to include those RRB indicators in 
our prediction models.

Clinical prediction model
A clinical prediction model consisting of five behav-
iour indicators was identified in the current study with 

Fig. 4 Calibration curve of the nomogram prediction model for identifying ASD. The x-axis shows the nomogram-predicted probability of having 
an ASD diagnosis, and the y-axis exhibits the actual probability of being diagnosed with ASD
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good prediction performance and good model fit. The 
5-indicator model included 2 social interaction indica-
tors, namely, counts of socially oriented vocalizations 
and verbalizations divided by the total counts of vocali-
zations and verbalizations and counts of children using 
giving behaviours to respond to the examiner’s initia-
tions divided by the total counts of the examiner’s initia-
tion of snack requisitions. The other 3 indicators were 
social communicative indices, including total counts of 
eye gaze, counts of standard pointing with coordinated 
gaze to object divided by the total counts of pointing with 
coordinated gaze to object, and total counts of appropri-
ate facial expressions. The data-driven approach enables 
researchers to identify a subset of salient features for 
ASD identification, achieving the same diagnostic out-
comes. Several previous studies using the ADOS data-
base to conduct ASD feature selection showed promising 
results [49, 50]. The most important contribution of fea-
ture selection methods may be helping to shorten the 
time needed to collect children’s information and con-
duct the assessment, thereby shortening the diagnostic 
process. The current study was a preliminary exploration 
of a clinical prediction model using the behavioural indi-
cators collected by this telehealth tool, and further vali-
dation is required with a larger sample.

Clinical application setting
The results of this preliminary study revealed the fea-
sibility, reliability and validity of an ASD telehealth 
assessment approach combining structured snack 
time interaction activities with behaviour coders. The 
COVID-19 pandemic significantly increased parents’ 
needs for accessible ASD screening and diagnostic 
health care services, which posed challenges to the 
capability and distribution rationale of current ASD 
diagnostic resources. This study introduced a new 
approach to the existing tools to address this challenge 
and inequality, especially in low- and middle-income 
countries and regions. This approach designated exam-
iners and coders separate roles to enhance accessibility 
to different regions. The 1-min assessment adminis-
tration lowers the specialty training requirement for 
examiners, enabling the primary care providers to be 
widely trained to administer the assessment. The video 
behaviour coding can be finished within 10–15  min, 
and the coding results can be sent back to the pri-
mary care providers in a timely manner. Under clinical 
experts’ training and supervision, this approach largely 
empowers primary care providers to conduct ASD 
screening and diagnosis by training them to adminis-
trate the assessment and provide a detailed children’s 
behaviour report. The accessibility of ASD screening 
and diagnosis resources can be enhanced by saving 

parents time and travel costs. The inequality in medical 
resource distribution may be alleviated, especially for 
low- and middle-income countries and regions. Finally, 
this ASD telehealth approach uses indices such as 
count, rate, duration, and proportion, which are more 
suitable for future application scenarios of machine 
learning automatic identification of behaviours, further 
facilitating clinical workers in conducting quick and 
accurate clinical judgements.

Limitations and future directions
The current study must be considered in light of sev-
eral limitations. First, the sample size was relatively 
small, and continual data collection is required to 
further evaluate the reliability and validity of the tool 
and the clinical prediction model. Due to the limited 
sample size, analyses among different age groups, lan-
guage level groups, and ASD severity groups were not 
conducted. Along with the future enlargement of the 
sample size, further exploration of behaviour indicator 
features and prediction models for different age groups, 
language level groups, and ASD severity groups is 
required. Furthermore, the present study only included 
ASD and TD groups without non-ASD groups, such 
as participants with developmental delay (DD). How-
ever, in the real clinical setting, non-ASD populations, 
such as individuals with DD, are more prevalent than 
individuals with ASD. Therefore, to test the discrimi-
nation performance of this ASD assessment tool, non-
ASD groups, such as DD groups, are needed in further 
research. Although snack time activity in this study was 
sensitive to capture deficits in social interaction and 
communication behaviours and RRBs in ASD, some 
other social interaction behaviours may not have been 
observed due to the activity setting, such as interac-
tive play, response to names, and response to joint 
attention. Other assessment activities may need to be 
added to this telehealth assessment tool to improve its 
sensitivity and specificity. ICC-based variable selection 
was used in this study, which excluded indicators with 
unusual or poor reliability. A total of 22.4% of the whole 
sample underwent reliability tests, which may be insuf-
ficient to represent the whole sample. In addition, ICC-
based variable selection also excluded some indicators 
with unusual or poor reliability that are important for 
ASD diagnosis, such as RRB-related indicators. How 
to select variables may need to be further discussed, 
and the reliability test sample needs to be expanded in 
the future. Finally, the future clinical application sce-
nario for the tool is primary health care settings; how-
ever, this tool has not been validated in primary health 
care settings because it is still under development. 
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Administrators in this study part of the research team 
and were not primary care providers. Our next step is 
to recruit primary care providers to be trained as exam-
iners to test the feasibility and acceptability of the ASD 
telehealth approach in primary care settings.

Conclusion
In conclusion, our study showed the feasibility of an 
ASD telehealth approach combining structured snack 
time interaction activities administered by examin-
ers with limited clinical training and behaviour coding 
by trained coders. Significant behavioural differences 
between children with ASD and typically developing 
children were detected, including children’s response 
to the examiner’s initiation, eye gaze, pointing, facial 
expressions, vocalization and verbalization, and giv-
ing behaviours in snack activities. A clinical prediction 
model was constructed with good performance to dis-
tinguish children aged 1–6 years old with and without 
ASD. The current study indicates the promise of this 
novel telehealth tool in primary health care settings for 
early ASD screening.
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