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Early detection of autism spectrum
disorder: gait deviations and
machine learning

Umer Jon Ganai'™’, Aditya Ratne?, Braj Bhushan? & K. S. Venkatesh?

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder diagnosed by clinicians and experts
through questionnaires, observations, and interviews. Current diagnostic practices focus on social and
communication impairments, which often emerge later in life. This delay in detection results in missed
opportunities for early intervention. Gait, a motor behavior, has been previously shown to be aberrant
in children with ASD and may be a biomarker for early detection and diagnosis of ASD. The current
study assessed gait in children with ASD using a single RGB camera-based pose estimation method

by MediaPipe (MP). Data from 32 children with ASD and 29 typically developing (TD) children were
collected. The ASD group exhibited significantly reduced step length and right elbow® and increased
right shoulder® relative to TD children. Four machine learning (ML) algorithms were employed to
classify the ASD and TD children based on the statistically significant gait parameters. The binomial
logistic regression (Logit) performed the best, with an accuracy of 0.82, in classifying the ASD and

TD children. The present study demonstrates the use of gait analysis and ML techniques for the early
detection of ASD.
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Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder characterized by difficulties in social
communication and interactions, as well as the presence of restricted and repetitive behavior!. ASD affects
approximately one in every 100 children worldwide, and this prevalence is projected to increase?. The average
age of ASD diagnosis ranged from 3.17 to 10 years between 1990 and 20123, However, a recent global meta-
analysis indicates that the age at diagnosis has improved, ranging from 2.58 to 19.55 years from 2012 to 2019*.

The diagnosis of ASD is often challenging because it relies on the clinical professionals’ expertise, who use
a combination of observation, interviews, behavioral scales, and questionnaires to arrive at a diagnosis. These
methods have limitations owing to their complexity, time-consuming nature, high cost, and the need for skilled
interpretation®®. As a result, the early detection and diagnosis of ASD can be delayed, leading to the loss of a
critical developmental period for intervention and treatment. Early detection and diagnosis of ASD is crucial, as
it has been associated with better clinical outcomes’. Moreover, taking advantage of early brain plasticity and the
potential for modifiable abnormalities in reward circuitry in the brain can help prevent the full manifestation of
ASD?. Therefore, it is essential to address the challenges of diagnosing ASD at an early stage and develop effective
methods for early detection, diagnosis, and intervention to improve outcomes for individuals with ASD.

Despite advancements in understanding the neurological aspects of ASD, no reliable biomarkers are available
for this condition’. Individuals with ASD often exhibit atypical sensory processing from sensory detection
to multisensory integration'®!!. As the motor system matures alongside the sensory system during brain
development, the suboptimal functioning of one system can affect the other!?. Aberrant sensory noise and poor
multisensory integration are potential sources of atypical motor development in ASD'3. Given that sensory-
motor dysfunction can be considered a primary feature of ASD', the condition may also present as a movement
disorder!>6,

Motor deficits have been observed in ASD since its earliest description!”. A meta-analysis shows that children
and teenagers with ASD exhibit significant deviations in their motor behaviors, ranging from 21-100%5.
Children with ASD often display stereotypes, atypical posture, clumsiness, coordination issues, increased joint
mobility, and an unusual gait'®-**. Moreover, motor impairments in children with ASD are associated with the
severity of the condition and its core deficits®*~2°. Researchers across various fields have recognized movement
and sensory disturbances as the backbone symptoms of ASD?”. Therefore, motor function impairments hold
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promise as a potential biomarker or “putative endophenotype”® or a “bio-behavioral marker'® of ASD as

they often manifest before social and communication deficits and occur in most individuals with ASD3%3!,
Additionally, motor function impairments can be objectively quantified, making them a potentially valuable
diagnostic tool compared to social and communication deficits®.

The way an individual walks, known as gait, has been recently studied in ASD. It can serve as an indicator
of sensory-motor development in the brain during early childhood. A child walks independently between the
age of 9 and 18 months, which is the interplay of neurocognitive, locomotor, and learning factors*?—¢. However,
research consistently reports that children with ASD exhibit impairments in kinematic gait parameters®” and
standardized motor tests compared to healthy peers®®?. Specifically, they tend to walk with reduced stride
length and ankle flexion angle, increased hip flexion angle, slower walking speed, and longer step time?®4!.
Atypical gait patterns in ASD have been described as uncoordinated and disjointed from an early age*>*, and
clinicians consider it a hallmark feature of the condition**. Despite stereotyped and repetitive motor behavior
being a diagnostic criterion for ASD, the current diagnostic system includes a minimal description of motor
impairment'. Therefore, gait appears to be a potential phenotype and biomarker of ASD.

Various instruments have been employed in the past to measure gait in individuals with ASD!>42:43:45:46,
but they have some limitations such as cost-effectiveness, restricted accessibility, requirement of a special
experimental setup, and intrusive nature in terms of bodily attachments. This necessitates an alternative
economic, objective, and non-intrusive computer vision (CV) based framework to study gait in ASD. Recently
there has been a shift from traditional instruments, and an increasing number of researchers have been using
computer vision (CV) based advances to objectively quantity the motor behaviors and gait in ASD*748:6],

The primary objective of this study is to objectively assess gait in children with ASD and compare it with gait
in typically developing (TD) children. Such a comparison is likely to reveal differences in gait function between
the two groups, providing insights into how motor impairments affect children with ASD and indicating the
extent to which gait impairments might serve as a biomarker for ASD. Further, state-of-the-art machine learning
(ML) algorithms could be employed to automate and assist in the early detection and diagnosis of ASD based
on gait parameters.

Methods

Participants

Children with ASD were recruited from two rehabilitation centers in Kanpur, India, whereas the TD children
were enrolled from schools located in the same vicinity. The study included 32 children with ASD who had a
mean age of 5.97 years and 29 TD children with a mean age of 4.86 years. The mean standardized Adaptive
Behavior Composite (ABC) score for the ASD group was 59.19 (14.11), while the TD group had an average ABC
score of 99.76 (8.37). The exclusion criteria were the known diagnosis of any neurological or genetic conditions,
preterm birth, and the use of medication that affected the nervous system in the last week. The information
about exclusion criteria was obtained through a screening interview conducted with each participant’s parent(s)
before the actual testing took place. The study protocol was approved by the Institutional Ethics Committee
(IEC) of the Indian Institute of Technology Kanpur (IITK/IEC/2021-22/1/24) and the research was performed in
accordance with relevant guidelines and regulations. The written consent to participate was also obtained from
the parent(s) of the children prior to the initiation of the study.

Clinical measures
Children with ASD were previously diagnosed by a consultant medical practitioner specializing in diagnosing
and treating neurodevelopmental disorders. The children were enrolled in rehabilitation centers, and further
diagnosis of ASD was established by a licensed clinical psychologist using the Indian Scale for the Assessment of
Autism?®’. The Government of India has created a comprehensive assessment tool called the ISAA to evaluate ASD
and determine the level of severity in such children. ISAA is made up of 40 items, which are rated on a 5-point
Likert scale and grouped into six categories: Social Relationship and Reciprocity, Emotional Responsiveness,
Speech-Language and Communication, Behaviour Patterns, Sensory aspects, and Cognitive Component. The
total score on the ISAA ranges from 40 to 200, with lower scores indicating milder symptoms and higher scores
reflecting more severe manifestations of ASD*. The ISAA scale has adequate psychometric properties, compared
to the Childhood Autism Rating Scale its reliability and internal consistency were found to be satisfactory>®>!.
The Vineland Adaptive Behavior Scale-3, Comprehensive Interview Form> (was utilized to measure adaptive
behavior in ASD and TD children. This assessment tool is designed to measure adaptive behavior across various
age ranges. It assesses adaptive functioning across three domains (communication, socialization, and daily
living skills) and yields an overall score, the Adaptive Behavior Composite (ABC). The standard ABC composite
scores in VABS-3 are grouped into low (20-70), moderately low (71-85), adequate (86-114), moderately high
(115-129), and high (130-140) categories. The VABS-3, Comprehensive Interview Form demonstrates reliable
psychometric properties, showing a high level of internal consistency ranging from 0.90 to 0.98%. It is widely
accepted as a measure of reported adaptive behavior in ASD and provides valuable information about an
individual’s functional abilities in different areas of their daily life>-°.

Experimental setup and data acquisition

The experiment was conducted in a well-lit spacious hall. The participants were instructed to perform a simple
walk with the go and stop signal from the instructor at a self-styled pace on a walking pathway. The participants
walked back and forth from point A to point B on the walk pathway. The distance from point A to B was
4.57 m. They walked for 120 s or completed at least two trails. The walking pathway’s starting and end points
were marked with colored tape. Each participant stood straight upright, facing the walking pathway, and started
walking when instructed. Prior to the recording session, the participants engaged in a brief practice session to
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acquaint themselves with the procedure. The parent(s) of the children were watching the children performing
the walk through the transparent glass in the next hall room. The graphical overview of the experimental setup
is given in Fig. 1.

The gait patterns of children with ASD and TD children were captured using an RGB camera, DJI Osmo
Pocket. The camera was mounted on a tripod and positioned 0.61 m above the ground, facing the walking
pathway from a distance of 2.43 m. The camera has 3-axis stabilization and an 80-degree field of view. It uses
a 1/2.3 sensor and offers stable video recording, with the highest resolution being 38402160 pixels and a
maximum of 120 frames per second. For this study, the videos were captured at a resolution of 1920 x 1080 pixels
and a frame rate of 30 frames per second.

Data processing and calculation of gait parameters

The RGB video data was processed using the Google open-source pose estimation model of MediaPipe (MP).
MP is a top-down approach to pose estimation, which uses the BlazePose topology to track the pose®. BlazePose
increases the processing speed and, at the same time obtains a higher accuracy in pose estimation. MP has several
advantages over other two-dimensional pose estimation models, such as open-source, the least requirement of
advanced hardware, and can be operated on any commonly used operating system. It has been demonstrated
that MP not only performs better than other two-dimensional pose estimation models but also has the highest
correlation of gait kinematics with the standard gait measuring instrument®.

MP takes RGB data as input and produces 2D coordinates of a person’s joint anatomical positions as output.
The process of pose estimation through MP involves a dual machine learning pipeline of detector and tracker.
This established procedure encompasses two stages. The first stage involves placing a region-of-interest (ROI)
representing a person’s pose onto a video frame using a detector. Following this, in the second stage, the tracker
anticipates the landmarks of the pose along with a segmentation mask within the ROI. This prediction is based
on utilizing the frame cropped within the ROI as input™. In the current study the MP was customized to generate
18 key points. These produced 18 key points of MP are shown in Fig. 2.

Based on 18 key points obtained from the MP, their two-dimensional coordinates were used to calculate the
12 joint anatomical angles on both the left and right sides of the body. After obtaining the coordinate positions
of the joint angles, straightforward trigonometric equations are employed to compute the angles of the joints. As
an illustration, to ascertain the angle at the elbow, the coordinates of the shoulder, elbow, and wrist are utilized.
This involves applying trigonometric principles, particularly the dot product and the arccosine (inverse cosine)
functions, to determine the angle formed between two vectors. The dot product, combined with the magnitudes
of these vectors, serves to calculate the cosine value of the angle, which is then converted into degrees using the
arccosine function (Eq. 1).

The angles calculated include left and right heel angle, left and right knee angle, left and right hip angle, left
and right shoulder angle, left and right elbow angle, and left and right wrist angle. The angle of the heel was
determined by using the position of the ankle, heel, and the index of the foot, while the angle of the knee was
calculated by using the location of the hip, knee, and ankle. Similarly, the angle of the hip was determined by
using the position of the shoulder, hip, and knee, and the angle of the shoulder was calculated using the location
of the elbow, shoulder, and hip. The angle of the elbow was determined using the position of the shoulder, elbow,
and wrist, and finally, the angle of the wrist was calculated using the position of the elbow, wrist, and thumb.
From these coordinates, the required kinematic angles were calculated using the formula (1):
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Fig. 1. Schematic representation of the walk pathway and position of the camera facing the walk pathway.
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Fig. 2. Coordinate positions of joint angles.
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Finally, the joint angles over several frames were averaged by summing them up and then dividing by the total
number of frames:

N
Average = %nge (2)

where N represents the total number of frames; Anglei denotes the angle value in the ith frame.

A Python program was developed to calculate six spatial and temporal gait parameters, step length, step time,
stride time, stride length, speed, and cadence. To calculate these gait parameters, the program plotted the X
coordinates of the right and left ankles on a graph to identify the intersection points and their corresponding
frame positions. The X coordinate signals of both the ankles were initially smoothed using the Savitzky-Golay
(SG; Fig. 3) filter®®. The SG is a widely used signal processing technique for reducing noise and enhancing signal
smoothness.

The SG algorithm starts by selecting a window around each data point in the spectrum, then fits a polynomial
to the data points within that window. The data point is then replaced by the value from the fitted polynomial®.
The window size in SG algorithm refers to the length of the filter window, which is associated with the number
of coefficients. The polynomial parameters refer to the order of the polynomial used to fit the data within the
window, and this order determines the degree of the polynomial used in the smoothing process. In this study,
the parameters were set with a window length 11 and a polynomial order of 2. In SG algorithm, the smoothed
value at a particular index i is computed as a weighted sum of neighboring data points, with the weights being
the filter coefficients, as expressed in the following Egs. 55°:
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Fig. 3. Graph of smoothed intersection points over time.
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where 7; indicates the smoothened value at the i index position in the data series, c; represent the filter
coeflicients, y; + j are the data points in the neighborhood of the central point®®.

Following the application of the SG filter, the intersection points were used to calculate step length, step
time, stride length, and stride time. Step length was defined as the horizontal distance in meters between
two consecutive ankle strikes of opposite feet. Step time was defined as the time in seconds between two
consecutive ankle strikes of opposite feet. Stride length was defined as the horizontal distance in meters
between two consecutive ankle strikes of the same foot, while stride time was defined as the time in
seconds between two consecutive ankle strikes of the same foot. Speed was calculated as the total distance
covered in meters per second. Given the total distance in meters and the total time in seconds, speed was
computed by dividing the total distance by the total time. Cadence was defined as the total number of steps
divided by the total time taken.

Data analyses

Statistical analysis

The statistical analysis was carried out in R®. The normality assumption of gait parameters was assessed with
the Shapiro-Wilk test. Due to the small sample size and non-normal distribution of the data, a non-parametric
statistical analysis was conducted. The Mann-Whitney U test was used to investigate the statistical differences
in gait parameters between children with ASD and TD children. The Mann-Whitney U test is a non-parametric
test that compares the ranks of values between two groups rather than their means, making it more suitable for
non-normally distributed data. It is robust to outliers and does not require assumptions about the homogeneity
of variances, making it a reliable alternative when these conditions are not met. Since the study is primarily
exploratory, p-values of <0.05 were considered as significant and the effect size was evaluated using r. Effect sizes
of r=.1,r=.3, and r=.5 were considered small, medium, and large, respectively(’l. The correlation between ASD
symptoms (ISAA) and significant gait variables in the two groups was evaluated using Spearman’s correlation.
Spearman’s correlation is a non-parametric statistical test that relies on ranks, does not assume a linear
relationship between the variables, and is robust to outliers, making it particularly suitable for the current study.
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Classification algorithms

Multiple supervised machine learning classifiers were used to classify the two groups of children based on their
gait parameters. These classifiers included two ensemble algorithms called Random Forest (RF) and Extreme
Gradient Boosting (XGBoost), a non-linear model known as Support Vector Machine with Radial Basis Function
Kernel (SVM-RBF), and a linear model, Binomial Logistic Regression (Logit).

Feature selection refers to eliminating the irrelevant and retaining the relevant features for a given ML
model. The selection and elimination of features in each ML model are essential because it helps to overcome
overfitting, improving the accuracy, efficiency, and interpretability of a classifier. In the present study, the Mann-
Whitney U test was used as a filter method of feature selection technique. Features with statistically significant
differences between the groups, that is p <.05 were retained and are essential for predicting the outcome variable.
Features with non-significant differences between the groups, that is p>.05 are considered less important in
predicting the outcome variables and hence, excluded from the model. Previously it has been observed that the
filter methods such as Mann-Whitney test and students ¢-test perform better than the wrapper and embedded
techniques®2. The caret package along with its dependencies in R was utilized to deploy the classifiers®®. The data
was randomly divided into a training set, which comprised 80% of the data, and a test set, which comprised 20%
of the data. The training data was then subjected to repeated k-fold cross-validation with five repeats of 10-fold
cross-validation. For each fold, 20 different combinations of hyperparameters for the algorithm were tested. The
data underwent preprocessing using the preProcess() function from the caret package, which employed scale and
center transformation methods to transform the data. To ensure a consistent replication, a random-number seed
was used before each analysis®®. The overall schematic representation of the analysis pipeline is given in Fig. 4.

Random Forests (RF) is an ensemble learning method that uses a combination of decision trees to improve

the classification performance of a single tree classifier. From the training set { (z,y:) } i 2 1 (includesn rows

x; and n columns y;), a set of m trees were built with individual weight functions Wjin the individual tree leaf
j» the prediction yof the new testing set x’ is®+°:

= L33 ) u

j=1 i=1
n m
Z 1 Z /
= — w, (;Ei, T ) Yi
m
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The three gait parameters were utilized as M input features, and m features (m < < M) were selected at random to
construct m decision trees for random forest. The value of ‘m’ remains constant during the growth of the forest,
and each decision tree is expanded to the fullest extent possible.
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Fig. 4. Schematic representation of analysis pipeline. First, the RGB input data was fed into MediaPipe

to obtain joint coordinates. These coordinates were then used to calculate gait parameters. Next, the gait
parameters of two groups of children, ASD and TD, were compared using statistical test such Mann-Whitney
test. Any gait parameters that showed a significant difference (p <.05) between the two groups were selected
as features. Finally, machine learning (ML) classifiers were applied to these features for further analysis. RF is
random forest, XGBoost is extreme gradient boosting machine, SVM-RBF is support vector machine-radial
basis function, and Logit is binomial logistic regression.
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The XGBoost employs the predictions of multiple weak models to generate a more robust prediction®®¢”.
XGBoost maps the relationship between the input variables X = {xl, X, . xN} and target variable y. For a given
dataset with n samples and m features, K additive functions are used in the XGBoost model to predict the output
through the following estimation®6-%;

U= fr (), 5)

where fr € {f (z) = wq} (q R = T,we RT)is the regression tree’s space, and g denotes the independent

structure of each tree with T leaves. Each f, corresponds to an independent tree structure g and leaf weights w.
To learn the set of functions, the following regularized objective is minimized.

L= 1@y + Y 2(fi), ©
i k
where 2 (f) =T + %)\HwHQ7 ldenotes the model loss function, and {2 denotes the regularized term.

Support Vector Machine (SVM) classifier finds a hyperplane to separate different class instances with a maximum
margin. It utilizes support vectors, the closest instances to the decision boundary, and incorporates a soft margin
to handle misclassification®®. SVM with radial kernel uses a nonlinear kernel to transform the input data into a
higher-dimensional space. The Radial Basis Function (RBF) kernel function measures the similarity or closeness
between two points, x, and X, and is mathematically represented as:

2
_ i — ;|

K(mi,mj)femp—T (7)
where exp denotes the exponential function, ||z; — x; ||? represents the squared Euclidean distance between the
two points, and K (z;, x;) is the similarity or closeness value computed by the RBF kernel function for the given
points x, and x;

Binomial Logistic Regression (Logit) is used to model the relationship between a categorical dependent variable
and multiple independent variables. It is commonly used when the dependent variable has only two categories
(i.e., it is dichotomous). The model predicts the logit transformation of the probability of the event of interest.
A binary variable with two categories denoted as y, and a set of p predictors denoted as (z1, z2, ..., zx). The
model predicts the logit transformation of the probability of the event y being equal to 1. The final output is
derived by the following:

logit (p) = Bo + f1x1 + Baza + - + BrTk (8)

where, p represents the odds ratio, and it is calculated as:

p _ probabilityofpresence

dds = =
odes =1 P probabilityo fabsence

Bo is the intercept term.

B1, Bo,..., Bi are the coefficients of the predictor variables z1, 2, .. ., k.

Model evaluation

Multiple metrics were used to evaluate the performance of the model, including area under the receiver operating
characteristic curve (ROC), accuracy, sensitivity, and specificity. The AUC is a common evaluation metric used
for binary classification tasks and provides a useful summary of the classifier’s performance. The AUC score was
calculated using the roc() function of the pROC library in R7°. An AUC score of 0.8 to 0.9 is generally considered
good, while a score above 0.9 is regarded as excellent, according to’!. These metrics were computed from a
confusion matrix that provided four outcomes: true positive (TP) for correctly predicted positive instances from
positive classes, true negative (TN) for correctly predicted negative instances from negative classes, false positive
(FP) for incorrectly predicted positive instances from negative classes, and false negative (FN) for incorrectly
predicted negative instances from positive classes. Accuracy measures prediction correctness, sensitivity reflects
group assignment accuracy, and specificity measures the accuracy of rejecting incorrect group assignment.
These metrics were calculated using the following:

Accuracy = (TP +TN) 9)
Y= P+FN+FP+TN)
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Sensitivity = e 10
Y= TP+ FN) (10)

. TN
Specificity = TN FP) (11)

Results

Demographic and clinical measures

There were no significant differences between the ASD and TD groups in terms of age, sex, height, and weight.
However, the groups did differ significantly in ABC and ABC domain scores. The detailed demographic and
clinical characteristics are given in Table 1.

Gait parameters

Among six temporal and spatial variables examined, children with ASD had a statistically significant decreased
step length (p=.0284, r=.28) compared to the TD group. Among the kinematic angles analyzed, children with
ASD displayed reduced right elbow® (p=.25, r=.28) and enlarged right shoulder® (p=.048, r=.25) compared to
the TD children. The results of the comparison between ASD and TD children on gait parameters are given in
Table 2.

Relation between gait and ASD

Spearman’s correlation was used to investigate the association between significant gait parameters and symptoms
of ASD as measured by the ISAA scale. The results revealed that right shoulder® was positively correlated with
the Sensory Aspects subscale of ISAA (p=0.373, p=.039), suggesting that right shoulder® was associated with
increased sensory symptoms in children with ASD. Spearman’s correlation heatmap of the gait parameters and
ASD symptoms is given in Fig. 5.

Classification of TD-ASD children using ML

The three significant gait parameters (p<.05) described above, step length, right elbow®, and right shoulder®,
were used as input predictors while ASD or TD group classification was treated as binary outcomes. The
performance of ML classifiers is given Table 3. The accuracies were 0.73, 0.64, 0.73, and 0.82, respectively for
RE XGBoost, SVM-RBE, and Logit models. The sensitivities were 0.80., 0.80., 0.60., and 1.0, respectively for RE,
XGBoost, SVM-RBE and Logit models. The specificity of the models was 0.67, 0.50, 0.83, and 67, respectively
for RF, XGBoost, SVM-RBE and Logit. The Logit model had the highest AUC of 0.97, which was followed by RF
and SVM-RBE XGBoost had the lowest AUC of 0.65. RF and SVM-RBF performed almost equally in classifying
the two groups based on three gait parameters. XGBoost performed lowest with an accuracy of 0.64 and AUC
of 0.65. The Logit was the best performer in classifying the ASD and TD children with an accuracy of 0.82 and
an AUC of 0.97 (Fig. 6).

Four models, including RE, XGBoost, SVM-RBE, and Logit, were employed to classify the two groups on three
gait parameters. The Logit model outperformed the other models with an accuracy of 0.82, sensitivity of 1.0,
specificity of 0.67, and an AUC of 0.97. This suggests that the Logit model is the most effective in distinguishing
between two groups using the three gait parameters.

Discussion

The primary objective of the current study was to evaluate the gait function in children with ASD and TD
children using a computer-vision (CV) based non-intrusive and economic framework. To achieve this, the study
used an RGB camera to record gait patterns of participants. MediaPipe, a 2D-based pose estimation model,
was employed to extract the joint coordinates from the recorded digital images. These joint coordinates were
then used to calculate the spatial, temporal, and kinematic gait parameters. The quantified spatial, temporal,
and kinematic joint angles parameters of children with ASD were compared with the TD children. The results
showed that the children with ASD had significantly smaller step length compared to the TD children. This is
congruent with the previous studies indicating a shorter step length in children with ASD'>4¢72, Children with

ASD (n=32) | TD (n=29) P

Sex (M/F) 22/10 15/14 p=.104
Age (years) 5.97 (2.67) 4.86 (1.44) p=.052
Height (m) 1.01 (0.25) 0.95(0.144) | p=.230
Mass (kg) 18.62 (7.18) 17.59 (3.29) p=.488

ABC Standard Score 74.03 (5.92) 108.9 (7.36) p=.000***
ABC-Communication Domain Standard Score | 59.19 (14.11) | 99.76 (8.37) p=.000***
ABC-Daily Living Skills domain Standard Score | 86.78 (13.29) | 114.83 (9.51) | p=.000***
ABC-Socialization Domain Standard Score 80.56 (8.62) 108.21 (10.85) | p=.000***
ISAA Total 120.42 (18.17)

Table 1. Demographic and clinical characteristics. ABC is Adaptive Behavior Composite, ISAA is Indian Scale
for Assessment of Autism. ***p<.001..
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ASD D

Mean
Parameter Mean (SD) | Median | Q1 Q3 (SD) Median | Q1 Q3 p-value | Effect Size (r)
Step Length (m) ?(')33;) 0.349 | 0.295 | 0.399 (()(')33;‘) 038 | 0342 | 0456 |0.028 |028
Step Time (seconds) ?66;112) 0.543 | 0461 | 0734 ?(')5265) 050 | 0444 | 0585|0197 |0.17
Cadence (steps/ 1.757 1.566
s o) 1737 | 146 | 2061 | 00 | 1654 | 1389 | 1961|038 |0.11
Stride Time (seconds) (1(')333;*) 1401 | 123| 165 (1(.)22;1) 1285 | 1152 | 1424 |030 | 0.13
Stride Length (m) ?(')7255) 0.789 | 0.651 | 0.869 (()67311) 0748 | 067 | 0972|064 |0.06
Speed (seconds) %63931) 225 | 179 | 2.856 %i8122) 2744 | 2137 | 2781 |0.057 | 0.24
Left Elbow® (133293323) 15350 | 125.29 | 160.62 (1;196'3937) 16128 | 14013 | 167.09 | 0.11 | 0.21
Right Elbow® (13328555) 14976 | 127.71 | 163.36 (1252'183) 160.94 | 140.59 | 169.46 | 0.025 | 0.28
Left Shoulder® (lffgs) 1079 | 958 | 13.98 (163‘&9) 1072 | 949 | 1468 |0.84 | 0.03
Right Shoulder® (183372) 1228 | 829 1668 (191'3) 696 | 578 | 1370 | 0.048 |025
Left Hip® 2;162)5 17276 | 17072 | 173.28 ;7919')97 17265 | 17159 17330 |054 | 0.08
Right Hip® (167.(;'38)2 17231 | 17060 | 17351 (127215)6 17282 | 17211 | 17398 [0.16 | 0.18
Left Knee® (15667'75)6 16777 | 16501 | 169.57 (1561'%6 16785 | 16552 | 17154 |023  |o0.16
ight Knee 783 | 165.21 | 170. 166. 521 | 17131 | 0. .
Right Knee® (1565';‘)2 16783 | 16521 | 170.28 (13?88'%3 6693 | 1652 31 (099 | 0.00
Left Heel® ?;)?36) 7922 | 7513 | 8236 ?1650247) 8180 | 78.09 | 9054 |0.18 | 0.7
Right Heel® ?1365882) 8210 | 7675 | 8596 ?12(')2579) 7978 | 7479 | 8435|035 | 0.12
€ rist’ B . . . . . . .
Left Wrist® (115071262) 159.94 | 153.36 | 164.16 (185;'%1 16007 | 15235 | 162.86 | 0.81 | 0.03
4 . 158.15 159.75
Right Wrist S 15965 | 15373 | 163.18 | 770 | 16271 |15657 | 168.00 0.0 |021

Table 2. Gait parameters. Q1 and Q3 are 25th and 75th percentiles respectively. *p <.05..

ASD tend to employ a strategy by lowering their step length so that they move smoothly and maintain stability
and balance in locomotion. As a result, children with ASD may reduce their speed, however, this was statistically
insignificant. However, two kinematic angles were significantly different between ASD and TD children, right
elbow® and right shoulder®. The ASD group had significantly reduced left elbow® and enlarged right shoulder®.
Reduced right elbow® is inconsistent with the findings of Shetreat-Klein et al.?*. These researchers found that
ASD participants had elaborated elbow angle in comparison to TD participants.

The findings indicate that children with ASD exhibit an abnormal walking pattern characterized by shorter
step length, reduced right elbow®, and increased right shoulder °. This distinctive gait pattern, characterized by a
shorter step length, may result in a more constrained, less flexible gait. The altered joint kinematic angles further
appear to make these gait patterns rigid and stiff. Together, these findings suggest that the combination of these
factors may contribute to a less flexible and more restricted gait in children with ASD, potentially affecting their
movement and mobility. Vilensky et al.’” and Damasio and Maurer’® studied gait and observed reduced step/
stride length in autism. They suggest that gait in ASD resembles the Parkinson’s gait and, therefore, hypothesized
the dysfunctioning of the basal ganglia in autism. However, some researchers have argued against these findings.
For instance, Hallet et al.”* found no significant difference in spatiotemporal parameters between adults with
autism and healthy participants. Nonetheless, the same study found differences in gait variability parameters,
implying that the dysfunction in the cerebellum may play a role in the gait abnormalities observed in autism.
Recent research has indicated both the shortened step/stride length and greater variability in ASD gait!4346,
Further research in this area may provide valuable insights into the underlying neural mechanisms contributing
to gait dysfunction in this population.

Right shoulder® was significantly associated with Sensory Aspects of ISAA. The Sensory Aspects in ISAA
measures the hyper-hypo sensitivity to stimulation. The relationship between the right shoulder® and sensory
aspects of ASD may indicate poor sensory motor integration in individuals with ASD during locomotion.
Accurate integration of sensory information from different sensory modalities is necessary for effective
locomotion. Thus, alterations in sensory-motor integration can have negative impacts on locomotion and may
affect the ASD severity. Previously, poor sensory-motor integration has been shown to have an association with
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Fig. 5. Correlation heatmap of significant gait parameters and ASD symptoms in children with ASD.

Model Accuracy | Sensitivity | Specificity | AUC
RF 0.73 0.80 0.67 0.9
XGBoost | 0.64 0.80 0.50 0.65
SVM-RBF | 0.73 0.60 0.83 0.90
Logit 0.82 1.0 0.67 0.97

Table 3. Performance of ML classifiers.

ASD severity'>”°. A study by Gouléme et al.”® showed poor integration of information in the visual field had
aggravated postural instability in ASD participants, suggesting a poor integration of sensory-motor integration
in ASD during locomotion. Although the underlying neural mechanism of ASD is poorly understood, the
cerebellum has a crucial function in integrating the sensory-motor information””.

For a long time, sensory and motor impairments were thought to be only peripheral features of ASD.
However, recent updates in the diagnostic criteria of ASD in DSM-5 have included atypical sensory reactivity,
highlighting the importance of sensory processing issues in ASD'. It's worth noting that the sensory and motor
systems in the human body are closely related, and any alterations in one can affect the other'?. Thus, it is
crucial to consider a broader framework, such as a ‘central theory of sensorimotor integration’ or a ‘theory of
sensory-motor development, to understand the difficulties in sensory-motor integration observed in individuals
with ASD!278, Motor impairments, including gait, may serve as a helpful tool in identifying and detecting ASD
and may potentially serve as a biomarker. Further research in this area can provide valuable insights into the
underlying neural and psychological mechanisms of motor impairments in ASD and help develop effective
interventions.

Lastly, the current study aimed to classify ASD and TD children based on gait parameters using machine
learning models. The highest accuracy of 0.82 was achieved by the Logit model in classifying the ASD and TD
children. In other studies, different machine learning techniques and features have been utilized to classify ASD
and TD children. For instance, SVM and Neural Networks were used in a study with multiple gait parameters to
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achieve an accuracy of 95%7°. Al-Jubouri et al.3’ employed dataset augmentation, and a rough set classifier based
on joint kinematic angles to improve their accuracy from 60 to 92%. In another recent study, non-verbal aspects
of social interaction in young children were quantified using the 2D pose estimation model. A neural network
was used to predict ASD, achieving an accuracy of 80%°. The accuracy of Logit model is relative comparable
to the other studies in terms of accuracy, and the use of the Mann-Whitney test for feature selection and the
classification accuracy of the Logit model based on statistically significant features between the groups can be
considered a strength of the current study. Machine learning and gait parameters seem promising tools for
classifying ASD and TD children, with potential implications for early detection, diagnosis, and intervention.

The findings of the study may hold significant utilitarian value in the early detection and diagnosis of
ASD. Motor behaviors and impairments, such as gait, often manifest prior to the development of social and
communication deficits in children with ASD®3!. Since these motor behaviors can be objectively quantified from
the first day of life, they hold significance for early detection of the disorder. The study offers preliminary insights
into motor behavior and gait as a potential behavioral marker for ASD, suggesting that current diagnostic practices
could be made more comprehensive by incorporating these motor impairments and behaviors. Combining gait
patterns with machine learning techniques could greatly enhance the automated and computer-assisted early
detection of ASD. By analyzing a few key gait parameters, machine learning models have the potential to identify
subtle patterns that might be overlooked in traditional behavioral assessments. This approach, which integrates
objective gait assessments with machine learning, could enable earlier and more accurate diagnoses of ASD.
Moreover, because it is data-driven, this method may help reduce clinician bias and improve consistency in
diagnosis, ultimately leading to better clinical outcomes for children on the ASD spectrum.

When ASD is diagnosed in the early stages of critical development, the advantages of brain plasticity can
be leveraged to prevent the full manifestation of ASD symptoms in young children®. As a result, the lives of
these children may be significantly improved. Traditionally, interventions for ASD have focused on social
and communication impairments®2. However, based on the findings of this and previous studies, tailored
interventions could also be developed to address gait impairments in children with ASD.
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Conclusion and limitations

The study assessed spatiotemporal and kinematic gait parameters in children with ASD and compared
these parameters with those of TD children. The associations between significant gait parameters and ASD
symptoms were also evaluated. Machine learning techniques were employed using a select number of gait
parameters to classify the two groups of children. The results revealed that children with ASD exhibited
reduced step length and a smaller right elbow®, as well as an enlarged right shoulder®, compared to TD
children. The right shoulder® was significantly associated with sensory symptoms in children with ASD.
Several machine learning algorithms were tested to classify the two groups, with the Logit achieving the
highest accuracy of 82% (0.82) in accurately distinguishing between children with ASD and TD children,
based on a few key gait parameters, including step length, right elbow®, and right shoulder®.

While the study provides valuable insights into gait parameters in children with ASD, several limitations must be
considered when interpreting the findings. First, the sample size was small, which could limit the statistical power
of the analysis and reduce the generalizability of the results. A small sample may not adequately represent the
full spectrum of children with ASD. Second, the study did not assess sex differences in gait patterns, which may
further limit the generalizability of the findings. Without exploring sex-specific differences in gait parameters,
the study may overlook important nuances of gait in children with ASD. As a result, the findings may be more
applicable to male children with ASD and may not fully capture potential sex-specific gait patterns, warranting
further investigation in future research. Lastly, the associations between gait and ASD symptoms were weak,
which suggests that these findings are preliminary and should be interpreted with caution.

Future studies should consider recruiting a larger sample to represent a more diverse cohort of children
with ASD, ensuring that the findings are applicable across the full spectrum of the disorder. Sex differences in
gait parameters, as well as how these gait patterns are associated with ASD symptoms, should also be explored.
The relationship between sensory symptoms and gait parameters in children with ASD could be a valuable area
for future research. Investigating how sensory information integrates with motor commands in these children
may offer further insight into the underlying neuropsychological mechanisms. While supervised machine
learning was used in the present study, future research could benefit from more advanced techniques, such as
unsupervised machine learning, deep learning, and time-series data analysis, to better classify children with
ASD. Lastly, exploring the neural correlates of impaired gait in children with ASD would provide an interesting
and important avenue for future studies.

While previous studies have successfully used a single RGB camera from the frontal view along with
MediaPipe to calculate gait parameters, this method, although promising, still suffers from several limitations®?.
A single RGB camera captures only 2D information, which significantly limits the ability to accurately assess
gait. Although we manually examined video occlusions, this remains a challenge with the single-camera setup,
potentially leading to missing or imprecise data on limb positions, thereby impacting the accuracy of the
analysis. Moreover, the positioning of the camera is crucial, improper adjustment can lead to skewed results and
unreliable gait parameters. MediaPipe is a powerful and lightweight tool for pose estimation, but the accuracy of
key point detection can be affected by various factors, such as lighting conditions and the participant’s posture.
Furthermore, alternative open-source pose estimation models, such as OpenPose®* and AlphaPose®, could be
explored and compared to MediaPipe for potential improvements in accuracy.

To address these challenges, future studies may benefit from incorporating multiple RGB cameras and depth
sensors placed on different planes. This would allow for more accurate reconstruction of joint positions and limb
movements, leading to more reliable gait analysis. Furthermore, wearable sensors attached to the body or marker-
based systems offer highly accurate measurements of gait, joint angles, and posture, which are valuable in both
clinical and non-clinical settings. However, these systems tend to be costly and require controlled environments,
which may not be feasible for all research settings. Therefore, we suggest that future studies integrate advanced
machine learning and deep learning techniques to enhance the accuracy and adaptability of gait analysis with
a single RGB camera. By combining these advanced methods with improved pose estimation models, we can
potentially overcome some of the limitations of current approaches and achieve more reliable results in real-
world applications.

Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on
reasonable request.
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