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Abstract
Use of autism diagnosing standards in low-income countries (LICs) are
restricted due to the high price and unavailability of trained health profes-
sionals. Furthermore, these standards are heavily skewed towards developed
countries and LICs are underrepresented. Due to such constraints, many LICs
use their own ways of assessing autism. This is the first retrospective study to
analyze such local practices in Sri Lanka. The study was conducted at Ward
19B of Lady Ridgeway Hospital (LRH) using the clinical forms filled for diag-
nosing ASD. In this study, 356 records were analyzed, from which 79.5% were
boys and the median age was 33 months. For each child, the clinical form
together with the Childhood Autism Rating Scale (CARS) value were recorded.
In this study, a Clinically Derived Autism Score (CDAS) is obtained from the
clinical forms. Scatter plot and Pearson product moment correlation coefficient
were used to benchmark CDAS with CARS, and it was found CDAS to be pos-
itively and moderately correlated with CARS. In identifying the significant var-
iables, a logistic regression model was built based on clinically observed data
and it evidenced that “Eye Contact,” “Interaction with Others,” “Pointing,”
“Flapping of Hands,” “Request for Needs,” “Rotate Wheels,” and “Line up
Things” variables as the most significant variables in diagnosing autism. Based
on these significant predictors, the classification tree was built. The pruned tree
depicts a set of rules, which could be used in similar clinical environments to
screen for autism.

Lay Summary
Screening and diagnosing autism in low-income countries such as Sri Lanka has
always been a challenge due to limited resources and not being able to afford
global standards. Due to these challenges, locally developed clinical forms have
been used. This study is the first to analyze a clinical record set for autism in
Sri Lanka to benchmark the local clinic form with a global standard. Further-
more, this study identifies the most significant diagnostic symptoms for children
and based on these significant features, a simple set of IF–THEN rules are derived
which could be used for screening autism in a similar clinical environment by
health officials in the absence of consultants.

KEYWORDS
ASD, ASD diagnosing standards, ASD predictors, autism, CARS, classification, cultural factors,
logistic regression, low-income countries

Received: 6 June 2021 Accepted: 20 May 2022

DOI: 10.1002/aur.2765

© 2022 International Society for Autism Research and Wiley Periodicals LLC.

Autism Research. 2022;1–10. wileyonlinelibrary.com/journal/aur 1

https://orcid.org/0000-0002-4721-9881
https://orcid.org/0000-0001-6958-9667
https://orcid.org/0000-0001-6908-3017
https://orcid.org/0000-0002-2189-3608
https://orcid.org/0000-0002-1740-2183
https://orcid.org/0000-0001-7079-3841
https://orcid.org/0000-0002-7312-1984
mailto:pradeepa.s@sliit.lk
http://wileyonlinelibrary.com/journal/aur


INTRODUCTION

Autism spectrum disorder (ASD) is a neurodevelopmental
disorder that causes significant challenges in social commu-
nication and social interaction, along with repetitive and
restrictive behaviors (Birx et al., 2011). As the symptoms
vary from mild to severe, ASD is known as a spectrum dis-
order. According to the Centers for Disease Control and
Prevention (CDC)’s Autism and Developmental Disabil-
ities Monitoring (ADDM) Network statistics, 1 in 54 chil-
dren were reported to have autism in the United States,
2016 (Maenner et al., 2020). Worldwide epidemiological
surveys emphasize that there is a rising prevalence in diag-
nosis of ASD over recent years (Fombonne, 2018;
Maenner et al., 2020).

Sri Lanka (SL) is a low-income country (LIC) in the
Southern Asia region. South Asia represents more than
20% of the world’s population, yet prevalence studies on
autism have been limited and not conducted consistently.
During the years 2011–2012, a study has been conducted
in five districts across India to identify different neu-
rodevelopmental disorders among 2- to 9-year-old chil-
dren (Arora et al., 2018). While the five sites have
varying prevalence rates, it was found that the overall
prevalence rate of autism is comparable with the global
prevalence. Although a prevalence study has not been
conducted in SL, a small community survey was under-
taken in 2007; the results showed that the prevalence rate
for autism is 1 out of 93 children (Perera et al., 2009).
Furthermore, it was found that by the age of 24 months,
only 14.3% of children with ASD in SL had been diag-
nosed (Perera et al., 2013). Consequently, this delayed
identification has had a significant impact on the access
to early intervention and adversely affects developmental
outcomes (Perera et al., 2013).

Though research on autism has advanced in the last
decade, this was concentrated in high income countries,
overlooking the LICs as well as the ethnic minorities
(de Leeuw et al., 2020). A comparative study conducted
in Japan, India, and the UK, identified the importance of
developing screening tools for ASD in cross-cultural con-
text. (Carruthers et al., 2018). This requirement is elabo-
rated in de Leeuw et al. (2020), developing a model to
account for cultural and contextual factors at all levels of
ASD. The framework proposed in de Leeuw et al. (2020)
discusses that although broad symptoms of autism are
universally observed, cultural differences have been
highlighted in the manifestation of autism qualitatively
as well as quantitatively. Furthermore, the analysis points
out that the structure of ASD diagnosis tools, Diagnostic
and Statistical Manual fifth edition (DSM-5) (American
Psychiatric Association, 2013) and International Classifi-
cation of Diseases (ICD-11) (World Health Organization
[WHO], 2020), were supported by the factor analysis con-
ducted in high-income western countries and little is
known whether the cross-cultural effects have been
accounted in the current diagnostic standards.

No in-depth study has been conducted on the suitabil-
ity of the global standards to the cultural and social dif-
ferences in SL, but the study in Perera et al. (2009) used a
Modified Checklist for Autism in Toddlers (MCHAT)
test, which was translated to Sinhala language for screen-
ing. In this study, as it was found that MCHAT was only
25% sensitive, it was recommended to develop assessment
tools based on socio-cultural norms. In addressing this
problem, a paper-based screening tool incorporating
written and pictorial content has been developed and is
referred to as Pictorial Autism Assessment Schedule
(PAAS) (Perera et al., 2017). PAAS prediction is based
on the parent’s responses to a set of questions. So far, no
predictive tool has been developed in SL for screening
ASD based on the clinical assessments used in local set-
ting. Specifically, the predictive tool is a statistical model,
which is used to forecast the status (having high risk for
ASD or low risk for ASD) of a child using the child’s
social, communication, and cultural indicators.

According to the conceptual framework suggested in
de Leeuw et al. (2020), subtle differences due to cultural
and contextual setting can be seen in levels of expression,
recognition, interpretation, and reporting of autism
symptoms. The cultural beliefs such as autism being “the
western disease” and supernatural explanations given in
de Leeuw et al. (2020) are common in SL too. As an
example, the interpretation for speech delay would be
due to “inauspicious timing of the first hair cut.” Further,
beliefs such as “boys usually start speaking late” might be
due to lack of awareness on children reaching their
growth milestones (Bhavnani et al., 2021).

Though the government of SL assumes most of the
health service cost at present, there is a scarcity of state-
sponsored health programs in the community for ASD.
A few private sector facilities are available, but for most
families these remain inaccessible because of the high
cost. Additionally, ASD diagnosis requires multi-
disciplinary resources, which are not available in many
parts of the country (Perera et al., 2016). The SL Health
Ministry statistics in 2016 (Ministry of Health Nutrition
and Indigenous Medicine, 2016) highlighted that many
districts have neither child psychiatrists nor developmen-
tal pediatricians to diagnose ASD at early stages. In
2011, according to Chandradasa and Kuruppuarachchi
(2017), there were only 0.29 psychiatrists per 100,000
population within SL. These factors corroborate the
claims made in the fourth level of framework in de Leeuw
et al. (2020), as affordability and availability are two key
factors directly affecting the screening rate of ASD within
the country.

Lady Ridgeway Hospital for Children (LRH) is cur-
rently the largest free-of-charge Pediatric Hospital in SL
(Lady Ridgeway Hospital [LRH], 2020). At present,
child and adolescent psychiatrists and trained medical
officers at LRH assess children for ASD and record their
findings using paper-based forms, which have evolved
over time. The records comprise of raw data concerning
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local factors and diagnoses, which have remained largely
untouched. To this end, an extensive analysis in this
study was carried out on the clinical records gathered at
child and adolescent mental health services at LRH, to
assess how it could be extended to the whole country as a
predictive ASD screening tool.

The overall objectives of this study were:

1. To validate the clinical form used at LRH based on
clinical records, taking Childhood Autism Rating
Scale (CARS) as the benchmark.

2. To develop a model for identifying the key predictors
of ASD in young children of SL, using a dynamic
clinical dataset. It is a key objective that this model
will use the most appropriate and reliable symptoms,
taking account of cultural, social, and behavioral
patterns.

3. To build a predictive rule-based model for screening
of children for ASD, which could be used in any hos-
pital with minimal intervention of consultants.

A logistic regression model is built to achieve the sec-
ond objective: to find the significant factors associated
with ASD. The Logistic regression model contains many
predictors including interaction terms. In order to predict
the status of a child, one has to compute the probability
of a child having high risk for autism using the complex
model, which is not easy, especially in rural clinics where
there are no computer facilities. Therefore, a classifica-
tion tree, a simple IF–THEN rule set, is built under the
third objective using the significant variables identified in
the logistic regression model to predict the status of a
child. More specifically, in classification trees, a series of
conditions are checked on predictors (IF statements)
before predicting the class (Then statement). Reader may
refer to the section Results: Classification Tree for an
example of IF–THEN rule set and more details of classi-
fication trees are given in the section Methods:
Classification Tree.

METHODS

Context

The diagnostic manuals such as DSM-5, ICD-10 (World
Health Organization [WHO], 1992), and assessment tools
such as CARS (Chlebowski et al., 2010) and Autism
Diagnostic Observation Schedule (ADOS) (Western Psy-
chological Services, 2012) are the most popular criteria-
based evaluations used by the clinicians to diagnose ASD
(Petrocchi et al., 2020; Thabtah & Peebles, 2019). The
affordability of purchasing such standard assessment
tools to cater to the general public is minimal in a LIC
like Sri Lanka. A comparative review is carried out on
DSM-5, ICD-10, and CARS to understand the feasibility
of applying these tools in assessing children with ASD in

Sri Lanka and is attached as a supplementary document.
As detailed in the review, due to limited expertise and
validation studies conducted for cross cultural contexts in
ICD-10 and DSM-5, applying those effectively across the
population is questionable.

Participants and materials

This is a retrospective study conducted at Ward 19B of
LRH using the completed clinical forms for diagnosing
ASD. During the child’s first visit to the clinic, the par-
ent/caregiver will be interviewed by the medical officers
and the behavior of the child is observed. The responses
and observations are recorded in the clinical forms, which
include sections for personal demographics, medical his-
tory, behavioral problems, social observations, language
and communication observations, and repetitive and ste-
reotyped behavior observations. The CARS is also used
to rate behavior. The completed clinical form and the
CARS sheet will then be evaluated by the consultant fol-
lowing the same process: interviewing the caregiver and
observing the child where the consultant may note any
added/contradicting points resulting in the final ASD
diagnosis status. The diagnostic assessment for each child
was carried out according to the DSM-IV criteria.

Inclusion/exclusion criteria

In this study, the CARS sheets and the clinical forms of
the children who visited Ward 19B for their first assess-
ment of ASD from October 2014 to March 2021 were
reviewed. All the children who had a complete clinical
form and a CARS sheet at the first diagnosis assessment
have been considered under this analysis. Altogether
356 entries were recorded, however, there were missing
values in the dataset. For some records the missing values
were imputed and the others which have a higher number
of missing values were removed from the dataset.

The ethics approval from Ethics Review Committee
of LRH was obtained to review the data that had already
been collected as part of the clinical service. As this is a
retrospective study and no further contact was made with
the diagnosed children or the caregivers, the informed
consent of the individual participants were waived. Thus,
according to the ethics approval, we maintain the ano-
nymity of the data throughout the paper.

Procedure

In Ward 19B, the data of the participants have been
recorded within hand-filled forms and stored in separate
folders for each participant. Initially the folders were
examined and the folders having both LRH form, and
the CARS sheet were separated. Then an Excel
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spreadsheet was created to capture the data from the
medical forms. In the dataset, data was recorded regard-
ing the child’s clinical number, date of birth, sex, age at
first assessment, medical history, speech development,
schooling stage and other behavioral issues such as
sleeping disorders, hyperactivity, and temper tantrums.
Other than these, the observations made by the health
officials were also recorded. Finally, each record included
CARS assessment as well. The different sections of the
LRH form together with the recorded parameters are
detailed in supplementary document. Two research assis-
tants were involved in recording the data. Further, a
quality control was conducted through a second review
by a different group.

Measures

Demographics

Demographic information of the children under study
were extracted from the clinical forms such as clinical
number, date of birth and sex. The age of the participants
varied between 12 and 68 months having a median age of
33 months. In the initial data set of 356 records, 79.5%
records were males. However, after removing observa-
tions with missing values, the data set was reduced to
317, of which approximately 78.5% were boys and the
minimum age was 14 (Table 1).

Clinical measures

Under the medical history of the participants, diagnoses
of epilepsy and gastrointestinal symptoms were recorded.
Out of the 356 participants, 15 had suffered from epilepsy
while 10 had gastrointestinal symptoms. Since this study
is based mainly on the features recorded under observa-
tion, three types of observations were considered for
building the models: Social Relatedness, Use of Lan-
guage and Communication, and Repetitive and Stereo-
typed Behavior. Seventeen diagnostic variables under
these three types together with age at first assessment and
gender were considered as predictors, while the CARS
was considered the response variable.

The predictors under Social Relatedness: “Eye
contact,” “Response to name,” “Interaction with

parents,” “Interaction with others” and “Pointing,” were
quantitative variables. While “Request for needs,”
“Talking to self,” “Echolalia,” “Echopraxia” under the
Use of Language and Communication category were
dichotomous variables; “Response to commands” was a
polytomous variable. All the predictors in Repetitive and
Stereotyped Behavior category: “Flapping of hands,”
“Rotate wheels,” “Looking at fingers,” “Line up things,”
“Interest in specific toys,” and “Spinning” were dichoto-
mous variables. In addition to these, the variables “Age
at first assessment” was a quantitative variable while
“Gender” and “Speech development” were dichotomous
variables.

Statistical analysis

In analyzing the predictors, it was found that some of the
entries in forms had not been recorded, resulting in a
number of missing values. Hence, imputation was carried
out to replace the missing values. Once all the missing
values were imputed, the consistency of CARS and Clini-
cally Derived Autism Score (CDAS) were evaluated.
Logistic regression was then used to find the clinically
significant variables. Finally, based on the significant
variables identified, a rule set was constructed to screen
children with ASD.

Missing value imputation

The clinical forms were filled by different medical officers
and depending on the expertise and experience there
could be personal differences in filling the data. Further-
more, the initial dataset of 356 observations had missing
values across different variables. For example, it was
observed that all the predictors under the Repetitive and
Stereotyped Behavior category had between approxi-
mately 1% and 5% of missing values. This may have been
due to medical officers being unable to observe the ste-
reotypical behavior during the clinical observations,
hence being hesitant in providing a decision on the
indicator.

Too many imputations of missing values for either an
observation or a predictor is not recommended
(Scheffer, 2002); Allison (2001) recommends at most 25%
of imputations for an observation and at most 10% of

TABLE 1 Age and CARS score distribution statistics

Parameter Min Q-1 Median Q-3 Max Std. dev

Age at first assessment 14 25.0 33.0 38 68.0 9.50

CARS

a. Low risk 17 23.5 26.0 28 29.5 3.44

b. High risk 30 34.0 37.25 41 56.0 5.02

Abbreviation: CARS, Childhood Autism Rating Scale.
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imputations for a predictor so as not to adversely affect
the final results. Hence, an observation was removed if it
contained missing values for more than 25% of predic-
tors, resulting in 28 observations being removed. A pre-
dictor was deleted if it contained missing values for more
than 10% of observations resulting in the predictor vari-
able, “Echopraxia,” being removed.

Multivariate Imputation by Chained
Equations (MICE) algorithm was used to impute the
multivariate missing data. In the MICE algorithm, each
predictor which contained missing values (Incomplete
Predictor) was linearly regressed by remaining predictors
in the data set. Essentially, the incomplete predictor
became the response variable in the regression model.
The regression methods used were determined by the var-
iable type of the incomplete predictor; this study con-
tained a combination of numerical/dichotomous and
polytomous variables. The “MICE package” in R was
used to impute missing values in the predictors. The
regression methods available in the MICE package are
shown in Table 2.

Assessing the consistency between CARS and
the CDAS

The recorded children for this study were assessed with
both the CARS standard and clinical observation based
on predictors independently. Hence the first objective
was to test the consistency between the CARS and
CDAS, where the latter is based on clinically observed
predictors.

The standard CARS form contains 15 ordinal ques-
tions. Each question is answered in 1–4 scale, where
1 and 4 represent the least and most severe levels of the
characteristic being observed, respectively. On the other
hand, some of the clinically observed predictors are quan-
titative with values ranging from 0 to 100, and others are
qualitative with dichotomous and polytomous levels. To
calculate the total score for the clinical form, the qualita-
tive variables needed to be transformed to “numerical
sensed” variables. The numerical values were selected
between 1 and 4 in order to be consistent with the
CARS form.

The “Response to commands” predictor was assigned
numerical values according to the natural ordering of its
levels.

Response_to_commandsnew ¼

1 if X ¼Always

2 if X ¼Often

3 if X ¼ Seldom

4 if X ¼Never

8>>><
>>>:

ð1Þ

Next, to align with the range of CARS, dichotomous pre-
dictors were transformed according to Equation (2) while
a linear mapping was performed on each quantitative
variable as in Equation (3).

For dichotomous predictors, the range 1–4 was
divided to three equally spaced intervals as 1–2, 2–3, and
3–4. The “NO” category was assigned the value 1.5 (mid
value of the first interval) and “YES” category was
assigned 3.5 (mid value of the third interval)
(Equation 2). As the quantitative variables in the clinical
form have values ranging from 0 to 100, a linear transfor-
mation is applied to make the range between 1 and
4 (Equation 3). Hence, these transformations ensured the
new predictor values were within 1–4 range.

1. If X was a dichotomous type variable

X new ¼ 1:5 if X ¼ ‘No’
3:5 if X ¼ ‘Yes’

�
ð2Þ

2. If X was a quantitative type variable

X new ¼ 1þ 3
100

X ð3Þ

However, it is important to state that the model building
(second and third objectives) was done on the original
variables.

Once all clinically observed predictors were trans-
formed, the sum of the values is taken as the measure of
the presence and severity of ASD. Scatter plot and Pear-
son product–moment correlation coefficient are used to
assess the linear relationship between two types of scores
(CARS and CDAS), which evaluate the consistency of
the two scores.

Identifying clinically significant variables:
Logistic regression

When a child presents to the LRH clinic, he/she is evalu-
ated by the observations made by the medical officer
based on indicators under the categories Social Related-
ness, Use of Language and Communication, and Repeti-
tive and Stereotyped Behavior. Since we are interested in
identifying clinically significant variables on the presence
of ASD, a logistic regression model was fitted to identify

TABLE 2 Arguments of the model for data type in “mice()”

Argument value Variable type

PMM Numeric variables

logreg Factor variables with two levels

polyreg Factor variables with more than two levels

polr Ordinal variables with more than two levels
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the clinically significant factors, which could be used as
determinants for diagnosing ASD in LRH Clinic.
Dichotomized CARS score (Equation 4) was used as the
response variable (Y).

Y ¼ 0 LowRiskð Þ if CARS ≤ 30

1 High Riskð Þ if CARS>30

�
ð4Þ

According to DSM-5, “Echolalia” is categorized under
the repetitive or stereotyped development, and it is found
that the repetitive behaviors are observed later in com-
parison to social interactions and communication.
According to Roberts (1989), echolalia is a typical behav-
ioral characteristic in a child below 24 months, however,
within 30–36 months, presence of echolalia is associated
with language delay. Hence “Echolalia” cannot be reli-
ably measured of a child who is less than 30 months
of age.

Accordingly, “Echolalia” should be recorded as “NO”
for a child who is less than 30 months of age. However, it
was observed that in the records “Echolalia” contains
both “YES” and “NO” responses for children who are
less than 30 months of age. Therefore, “Echolalia” was
purposely changed to “NO” for children younger than
30 months that had already been recorded as “YES.” To
distinguish artificially changed “NO” and genuinely
recorded “NO” (for those who are older than 30 months)
an indicator variable, “Indicator,” was created by record-
ing all observations with “Age at first assessment” less
than or equal 30 months as 1 and 0 otherwise.

Response to command was measured in ordinal scale at
the clinic. However, when including this predictor into the
logistic regression model it was dichotomized (Equation 5).

Response to command¼ 0 if Never and Seldom

1 if Always and Often

�
ð5Þ

Dichotomized CARS was modeled using a logistic
regression model which is given in Equation (6). The
exponent of the coefficient of jth variable (Equation 7)
gives the odds ratio of being in the high-risk category for
a unit increment of the jth predictor while other predic-
tors are held constant.

p
1�p

� �
¼ β0þ

Xq
i¼1

βiX i ð6Þ

PjΧj¼xj
1�PjΧj¼xj

� �
PjΧj¼xjþ1

1�PjΧj¼xjþ1

� �¼ exp βj
� � ð7Þ

where, p is the probability of a child with ASD given
his/her predictor Xj when other predictors held constant
while q represents the number of predictors in the model.

The distribution of age at first assessment and the
CARS score for the data set are given in Table 1.

Akaike Information Criterion (AIC), null deviance
and residual deviance were used to select the best fitted
model (Pace & Briggs, 2009). A model with lower values
for these three statistics indicates a better fit for the data.

Classification tree

The third objective of the study is to derive rules to clas-
sify children who are suspected of having ASD; this could
be achieved by constructing a classification tree. In a
binary classification tree, the predictor space is recur-
sively partitioned (or split) into two disjoint sub-regions
(or nodes) until each sub-region becomes homogeneous
(terminal nodes) with respect to a class, either Low Risk
or High Risk. At each split, the impurities of two resul-
tant sub-regions are calculated for each predictor variable
using an impurity function. The impurity reduction is
then calculated as the difference between the node impu-
rity and the sum of the weighted impurities of the resul-
tant nodes. The split which gives the largest impurity
reduction is then taken as the best split for the node. In
this research, the GINI impurity function was used as it
is commonly used in medical research (Shouman
et al., 2011). Out of the many types of classification trees
available, such as CART and C4.5; CART is used in this
study.

Generally, a fully grown tree overfits the data
(Frank, 2000); to get a better fit, unnecessary branches
are pruned. There are two types of pruning namely:
(1) Post-pruning and (2) Pre- pruning. In post-pruning,
the pruning is done after the full tree is built. Pre-pruning
is done while the tree is being built. This study used the
pre-pruning to create the best pruned subtree, which was
then used to derive rules to screen ASD cases.

Model evaluation

Model evaluation is an integral part of statistical model-
ing, as it provides insight into the extent the model gener-
alizes the population being studied. Out of many model
evaluation methods (Bramer, 2007), the independent test
set approach is the most recommended method, provided
that a sufficiently large test set exists (Martens &
Dardenne, 1998). In this study, the observed sample is
partitioned to 70:30, where 70% of observations was used
to fit the model, and the remaining 30% was used to test
the model. This process was repeated 1000 times so that
model evaluation measures could be obtained with the
respective standard errors. The misclassification rate, sen-
sitivity (true positive rate) and specificity (true negative
rate) were used as model evaluation measures. This pro-
cedure was applied to evaluate both the models: logistic
regression model and the classification tree model.
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RESULTS

Missing value imputation

Imputation returned a data set with 328 complete obser-
vations on 18 predictors. The CARS variable (the
response) also contained missing values, resulting in the
deletion of a further 11 observations from the dataset.
This resulted in a dataset of 317 observations, where
268 observations were classified as “High Risk.”

CARS and CDAS

The scatter plot of CARS versus CDAS in Figure 1
shows a positive linear relationship between the two vari-
ables. However, the Pearson product–moment correla-
tion coefficient of 0.45 meant the strength of the
relationship was moderate. Hence, Logistic Regression,
instead of a multiple linear regression approach was used
in finding the clinically significant predictors.

Logistic regression

A logistic regression model was fitted on the original pre-
dictors to find the significant factors which could help
predict ASD. As there was no predetermined set of pre-
dictors, the fullest possible model was fitted for the data.
In addition to the main effects, we tried to include as
many intersections as possible to the model. However,
due to the limited number of observations, interaction

effects involved with more than three factors were not
considered. Even some three-way interactions were not
estimated due to sparseness. The fitted model showed
there are only two two-way interactions which are signifi-
cant, namely: “Speech: Line up things” and “Rotate
Wheels: Line up things.” Further, “Response to com-
mand: Interest in specific toys” interaction was margin-
ally significant.

Parameter estimates, the standard errors, and their
significance at the 5% level are given in Table 3. Apart
from the significant predictors in the model, “Response
to name” is significant at the 10% level of significance.
Summary measures for the regression model are given in
Table 4.

F I GURE 1 Scatter plot of CARS versus CDAS. CARS,
Childhood Autism Rating Scale; CDAS, Clinically Derived Autism
Score

TABLE 3 Summary of the model

Estimate
Std.
error

Intercept 3.739* 1.743

Age at first assessment 0.003 0.040

Gender—Male 0.631 0.503

Eye contact �0.032* 0.010

Response to name �0.019 0.010

Interaction with parents �0.013 0.009

Interaction with others �0.034* 0.012

Pointing 0.012 0.007

Speech development-normal 1.325 0.022

Response to commands—YES 0.344 0.627

Looking at fingers—YES �0.869 0.576

Flapping of hands—YES 1.496* 0.534

N Echolalia—YES �0.008 0.633

Indicator �1.076 0.755

Request for needs—YES �1.399* 0.488

Talking to self—YES �0.084 0.462

Rotate wheels—YES 1.420* 0.653

Line up things—YES 2.611* 0.855

Interest in specific toys—YES 1.120 0.581

Spinning—YES 0.018 0.453

Response to command—YES: Interest in
specific toys—YES

�1.647 0.881

Rotate wheels—YES: Line up things—YES �2.879* 1.037

Speech normal: Line up things—YES �3.912* 1.436

*Indicates significant variables at 5% level of significance.

TABLE 4 Model evaluation measures of the logistic regression
model

Measure Estimated value 95% confidence interval

Accuracy 0.85 [0.79, 0.91]

Sensitivity 0.93 [0.86, 0.99]

Specificity 0.38 [0.15, 0.62]
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According to the estimated coefficients of the model,
the odds of being determined a high risk for autism is
increased by 50% for children who enact “Flapping
hands” and 40% for children who do not “Request for
needs.” An increase in “Eye contact” and “Interaction
with others,” however, decrease the odds of being deter-
mined high risk for autism.

In conclusion, the “Eye contact,” “Interaction with
others,” “Flapping hands,” “Request for needs,” “Rotate
wheels” and “Line up things” are the predictors that the
study points to as significant in diagnosing ASD.

Classification tree

The classification tree was built on the significant predictors
(at 5% and 10% levels of significance) of the Logistic Regres-
sion model. These significant terms are given in Table 3.

The tree is grown with pre-pruning and the best-
pruned subtree is shown in Figure 2. The rules extracted
from the classification tree are listed below.

Rule set for screening low-risk ASD

• A child with “Eye contact” greater than or equal to 38 and
“Interaction with others” greater than or equal to 53.

• A child with “Eye contact” greater than or equal to
38, “Interaction with others” greater than or equal to
25, who “Responds to commands” and no “Flapping
hands.”

Rule set for screening high-risk ASD

• A child with “Eye contact” less than 38.
• A child with “Eye contact” greater than or equal to
38, “Interaction with others” less than 53 and no
“Response to commands.”

• A child with “Eye contact” greater than or equal to
38, “Interaction with others” less than 53, who
“Responds to commands” and with “Flapping hands.”
A child with “Eye contact” greater than or equal to
38, “Interaction with others” less than or equal to
25, who “Responds to commands” and no “Flapping
hands.”

Tree model evaluation measures are given in Table 5.
In summary, a logistic regression model was built to

identify the significant factors associated with ASD, con-
taining 23 predictors including three interaction terms. In
certain scenarios, such as predicting the status of a child
in rural clinics, the use of this model may be difficult as it
involves computation. Thus, an alternative classification
model is also presented which is a simple predictive tool
that can be more easily utilized under these scenarios
without the burden of computation.

DISCUSSION

When a child has been referred to LRH for suspected
ASD diagnosis, psychiatrists and trained medical officers
assess the child and complete paper-based forms. The
study revealed that a score computed from a locally
developed assessment has a positive and moderate linear
relationship with CARS.

In identifying the most valid and reliable symptoms
for the accurate diagnosis of ASD, a logistic regression
model was fitted by dichotomizing the CARS values. The
analysis shows that “Eye contact,” “Interaction with
others,” “Flapping of hands,” “Request for needs,”
“Rotate wheels,” and “Line up things” were significant
variables in diagnosing ASD. It was also found that the
presence of interaction effects of “Rotate wheels” and
“Line up things,” delays in “Speech” and “Line up things”

F I GURE 2 Classification tree

TABLE 5 Model evaluation measures of the tree model

Measure Estimated value 95% confidence interval

Accuracy 0.85 [0.79, 0.91]

Sensitivity 0.94 [0.87, 1.00]

Specificity 0.34 [0.09, 0.59]
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and “Response to commands” together with “Interest in
specific toys” affect the probability of having ASD. Iden-
tified significant predictors were then used to construct a
set of classification rules to screen a child for ASD, which
could be used in any hospital with minimal intervention
of health officials.

In terms of the significant variables, “Response to
name” which is considered as one of the key indicators
for ASD in global standards has not been identified as a
primary feature, however it is marginally significant. A
special note on this indicator in the local setting is that
most of the time the children are not addressed by their
name, but by their pet names. In clinical assessments,
sometimes these pet names were also used but there is not
enough evidence to distinguish between these in this
study. Further, in SL, speech delay has been identified as
the most common presenting symptom for ASD
(Dahanayake et al., 2015; Perera et al., 2013). However,
this study does not reveal “Speech Delay” as a salient fea-
ture in diagnosing ASD. This may be because parents are
not experienced or aware about the behavioral differ-
ences of other variables such as eye contact, which do
show significant association with ASD. Moreover,
though there is a belief that due to collectivist culture,
children in SL are shy and might show subdued behavior
in eye contact, in this study it is revealed that “Eye con-
tact” is one of the most prominent symptoms.

Applying these findings to screen children for ASD can
be done in two stages. At the first stage, the classification
rules will be used for screening children at clinics. Simplic-
ity being an important aspect of the classification tree, a
simple printed version of the tree (a tree type diagram) can
be used in screening the children at the clinics. Through
this printed tree diagram, the first level screening can be
carried out by non-specialists, where the children with high
risk for ASD will be identified. These high-risk children
will then be directed to the specialists for further diagnosis.

As there is only a limited number of child and adoles-
cent psychiatrists in SL (11 as at 2021) (Postgraduate
Institute of Medicine [PGIM] Board Certified Specialists
– Child & Adolescent Psychiatry, n.d.), many children
will have limited access to an assessment by a specialist.
Furthermore, no screening is practiced at the out-patient
departments or other clinics at present. In this context,
even the children with high risk for ASD might not get
referred to a specialist in the early stages. The proposed
process will help in improving the diagnosis where the
children in need of an early referral are identified through
the pre-screening process using the Tree Model. This will
ensure that specialist opinion is received for the children
having high risk for ASD.

Furthermore, the classification tree can easily be
automated in various platforms such as mobile or web
platforms to automate the screening process. An interface
can be designed to link the screening result with the diag-
nosis from the doctors/specialist from which the model
can be re-evaluated. With more data and the feedback

from doctors, the model can be further enhanced to
increase the specificity. As this study was conducted in
the clinical environment, we can use this automated
screening tool in all the clinics throughout the country.
This will ensure most of the children in the country are
assessed for high risk in ASD in early years of their lives.

One of the problems we encountered in conducting this
analysis was missing data for some predictors. This could
be easily overcome if a digital form is introduced where
default values would automatically be filled. In cases where
this is not feasible, it is recommended to enforce entering
an appropriate value for every variable as a mandatory
requirement. The primary data source of this study was the
clinical records of children, where the children were
assessed by different psychiatrists and trained medical offi-
cers. As a result, the opinion of the psychiatrists and
trained medical officers might have affected the final
assessment. However, the effect could not be accounted for
as the identification of the doctor, or the trained officer
was not recorded. Therefore, we propose LRH to record
the child’s assessor in future records, so that their effect on
the assessment could be considered through a mixed-effects
logistic regression approach.

Due to limited data availability, in this study we
could not do detailed analyses on age dependent factors.
For example, in the form used at LRH, under develop-
mental measures, there are “Number of functional
words” and “Two-word sentences.” However, as these
two observations are age dependent, they were not con-
sidered for this analysis. Moreover, according to Table 1,
75% of children in this study are under 38 months.
Though this is better in terms of early diagnosis, the
study should be extended to cover a wider age range.
Once a more complete data set is available, we would
extend this study to complete age wise analysis.
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