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Abstract

People through ASD frequently contain cognitive disabilities. Efficient association among distinct brain
regions is indispensable for ordinary cognition. Electro Encephalo Graphy (EEG) has extensively utilized at
neurological disease recognition. Preceding studies on identifying ASD through EEG information centered on
time domain, channel and spatial associated aspects. Mainly these studies not preserved the essential information
while performing dimensionality reduction. However, such approaches may result in compromising accuracy and
increasing training time. To resolve this issue, Deep Belief Network Classification technique for identifying ASD
through EEG information using Lagrangian Matched Filter with Truncated Regressive Piecewise Perceptron
(LMF-TRPP). The proposed LMF-TRPP method is split asone input layer, three hidden layers and one output
layer for carry out autism spectrum detection with EEG signals. Initially, the samples gathered from EEG signals
database are provided as input via input layer. To eliminate noise (such as muscle activity in the head, blinking)
from the raw input EEG signals, Lagrangian Matched Filter denoising model is carried out in the first hidden
layer. Following which relevant features are selected in the second hidden layer by applying Truncated Tobit
Regressive Feature Selection model. By selecting this feature selection model aids in minimizing dimensionality
while preserving the essential information for accurate classification. Finally Perceptron Piecewise Classification
process is modeled in the third hidden layer for performing efficient classification as autism EEG signal or non-
autism EEG signal with selected relevant features. Experimental outcomes demonstrated LMF-TRPP technique
attained better result compared through two ASD detection techniques that has favorable potentiality to impart an
accurate diagnosis to assist clinicians. In conclusion, this work highlights the effectiveness of Deep Belief
Network Classification in EEG signal processing, offering valuable contributions with improved precision and
computationally efficient for additional precise neurological disease classification as well as diagnosis.

Keywords: Autism Spectrum Disorder, Electro Encephalo Graphy, Deep Belief Network, Lagrangian Matched
Filter, Truncated Tobit Regression, Perceptron Piecewise Classification.

1. Introduction

ASD is untimely outbreak neuro improvement disorder. Distinguishing indicators of ASD encompass
social deficit, troubles while interaction and regular activities which severely obstruct person’s regular life as well
as daily chores. Frequency of ASD continuously grown over precedent decades.

In real-time diagnosis for neurological brain chaos employing DL and EEG signal called, Real Time
Diagnostic Decision Support Model (RT-NeuroDDSM) was proposed. First to extract high level features, channel
and spatial attention network was employed. Following which the valuable features were provided as input to
achieve good classification results. Also to select inherent features, modified normative fish swarm (MNFS)
algorithm was used and finally detection was made by applying hinging hyperplane neural network (HHNN). This
in turn improved overall classification accuracy. Despite improvements observed in overall classification accuracy
the noise ratio involved in analyzing neurological brain disorders was not focused. To address on this aspect,
Lagrangian Matched Filter denoising model is used that in turn by eliminating outlier aids in improving PSNR.
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A fusion of CNN and LSTM, was presented and executed. On the basis of functional association the
method achieved improved classification accuracy. Nevertheless, the precision and misclassification involved in
ASD diagnosis was not concentrated. To focus on this aspect Perceptron Piecewise Classification process is
presented that assists in honing optimal decision boundary, therefore reducing misclassification and improving
precision to a greater extent.
Ascertaining ASD at children is demanding because of its difficulty as well as heterogeneity nature. Right
now, mainly succeeding techniques specially based on solitary modality through restrained information and
regularly cannot achieve satisfactory result. To mention this issue, two-step multimodal FL and fusion method
employing deep learning technique, called, SDAE was presented.
Here the fusion model employed both electroencephalogram and ET information. By applying this fusion
model for SDAE in turn improved overall accuracy. Nevertheless, such method using data augmentation may basis
contamination. To resolve this issue, new technique for identifying ASD using combined network called, CNN-
LSTM was proposed. With the application of this combined network in turn aided in improving classification
accuracy.
ASD is ordinary neuro developmental disorder as well as to ensure effective therapy early diagnosis is
indispensable. EEG signals contain manifested to sound biomarkers for ASD diagnosing. Extorting well
constructed associative EEG signal patterns assists to make certain ASD diagnostic robustness. In, hybrid graph
CN structure named Rest-HGCN employing relaxing-position EEG signals to obtain models of brain associative
among ordinary children as well as ASD patients was proposed. By extracting discriminative graph features assisted
in improving the overall accuracy.
An overall performance analysis for recognition of ASD as of EEG was investigated. However, owing to
difficulty as well as variety of ASD symptoms, still accuracy gets compromised. To address this gap a fusion of
pre-processing technique and ASD detection using Wavelet Scattering Transform and Deep Learning was proposed
with improved accuracy. A systematic review of DL based ASD detection in EEG signals was elaborated.
The heightening prevalence of ASD has evolution of premature diagnostic methods progressively pivotal.
ASD give rise to notable issues at early recognition, calling for inventive methods for precise recognition. Hybrid
Convolutional Recurrent Neural Networks was proposed on the basis of cognitive and behavioral phenotypes to
increase the accuracy of ASD detection. A systematic review of DL techniques for ASD detection using EEG
according to the body parts was presented.
In a novel method using ML methods trained on a variegated dataset was presented. Here, CNN
architectures like, ResNet50, Inception V3 and MobileNetV2 adapted for ASD detection was proposed. In addition,
a multimodal concatenation method combining image aspects through behavioral scores to boost prognostic result
was presented with improved detection accuracy. However, with the identification of high data leakage results in
overfitting and overestimation. To address on this research gap, a survey of majority deep neural network
techniques was investigated. A case study for ASD detection using multi-layer perceptron-based attention measure
was designed. This in turn aided in obtaining quantifiable information to strengthen the insight of therapist.
Nevertheless, because of its extremely varied indicators as well as convoluted nature, ASD analytics
persists to demanding issue as far as researchers are concerned. An intelligent system employing Artificial Gorilla
Troops Optimizer (GTO) was presented with the intent of detecting ASD. This in turn aided in minimizing cross-
entropy loss function considerably. Yet another method to improve sensitivity in addition to accuracy employing
FWHT and single-dimensional (CNN) was proposed. By combining these two techniques more promising
performance was ensured.
DL through EEG analysis is an encouraging sector of investigate for ASD detection nonetheless is
emerging. Previous to extensively utilized at healthcare facility, demands contain requirement for handling
constraints, optimize filter parameters, handling censored data, identifying relevant features, enhancing methods
for accuracy as well as consistency, mentioning variability at EEG signals. In spite of these issues, EEG signals
present favorable opportunities to boost premature recognition of ASD.
1.1 Contributing remarks

(a) EEG-based DBN solution, combining Lagrangian Matched Filter denoising, Truncated Tobit Regressive
Feature Selection and Perceptron Piecewise Classification process is introduced for superior accuracy and
effectiveness at ASD diagnosis.
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(b) Result of proposed method was reinforced through de-noising as of raw EEG signals by Lagrangian Matched
Filter denoising model in the first hidden layer, therefore improving overall PSNR.

(c) Autism detection accuracy as well as time was improved by ascertaining the location and most relevant EEG
frequency bands. Moreover, feature vectors were selected using Truncated Tobit Regressive-based Feature
Selection model. This model makes it possible to segregate the most informative channels and frequency
ranges more accurately and employs minimum storage capability to sustain parsed coefficients, therefore
reducing time considerably.

(d) Todesign Perceptron Piecewise Classification for ascertaining more complex patterns in EEG signals selected
data that a single linear boundary or standard perceptron cannot efficiently. This leads to improved precision
and better generalization.

1.2 Structure of the work

Rest of this manuscript proceeds as follows. Section 2 describes literature as well as related works in the
area of ASD diagnosis. Section 3 details the proposed method, Deep Belief Network Classification ASD detection
called, Lagrangian Matched Filter with Truncated Regressive Piecewise Perceptron (LMF-TRPP) using EEG data
for ASD detection. Section 4 presents the case study and inferences following which the results of evaluation
experiments along with detailed discussion is included in Section 5. Finally, Section 6 summarizes the manuscript.

2. Literature review

Precedent decade has noted sizeable elevation in the pervasiveness of ASD featured by deficiencies in
social communication and restrictive behaviors. Hence, a primary cornerstone for the field has been to emphasize
ASD earlier detection and subsequent intervention of ASD. A fusion of machine learning (ML) techniques was
employed to disclose discriminatory patterns into autism pathophysiology. Yet another method combining
Pearson correlation coefficient with support vector machine (SVM) was designed. This in turn facilitated earlier
identification of ASD. A systematic review on DL techniques for early ASD prediction was presented with
improved accuracy and precision.

ASD being neurological as well as improve mental disorder initiates in premature childhood as well as
continues all over individual life. Both genetic and environmental aspects influence autism. Some of the probable
characteristics are communication issues, restricted behavior, social interaction deficiency and so on. A novel
student’s T-test as well as Marginal Fisher study were used in [19] that in turn uniquely developed progress an
ASD index, therefore yielding highest classification accuracy. Yet another data driven method for early ASD
detection using EEG signals was proposed in [20] with improved sensitivity and specificity.

Currently, most prevailing materials and methods chiefly based on a solitary modality through restrained
information as well as regularly cannot achieve satisfactory result. To mention on this facet, stacked denoising
auto encoder along with typical DL algorithm in [21], therefore ensuring accurate diagnosis to clinicians.
However error was not considered. To focus on this facet, a maximum mean discrepancy method was proposed
that in turn not only reduced root mean square error but also improved accuracy considerably. However there
requires intention diagnostic mechanism which increases accuracy as using lesser of EEG channel. To concentrate
on this research gap, an optimal frequency band was employed using SVM and radial basis kernel.

An ensemble of ML and DL algorithms for classifying EEG signals with the motive of ASD detection
was presented. Here, by employing Band power and Shannon entropy along with SVM and CNN advanced the
potential for accurate diagnosis and classification of neurological disease with improved accuracy. However
efficient detection of feature play major role in disease detection. With this objective multi-domain feature fusion
and selection method was presented that in turn optimized detection of features. Consequently, the accuracy of
ASD detection was found to be improved. A plethora of innovative visual signal analysis employing CNN was
investigated. A review of EEG signals for ASD detection was presented. New EEG motor imagery classification
method through superior accuracy employing Harmony Search Algorithm was proposed. By utilizing this
algorithm resulted in the accuracy rate to a greater extent

3. Materials and Methods

The pipeline of the proposed Deep Belief Network Classification ASD detection called, Lagrangian
Matched Filter with Truncated Regressive Piecewise Perceptron (LMF-TRPP) using EEG data is shown in figure
1, using data from EEG dataset. It aims to obtain EEG signals to enhance ASD identification performance via
Deep Belief Network Classification by means of five five layers.
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Figure 1 Block diagram Lagrangian Matched Filter with Truncated Regressive Piecewise
Perceptron (LMF-TRPP) based Deep Belief Network Classification ASD detection

In figure 1, proposed LMF-TRPP technique mainly contain four sequential steps are performed via
different layers. Initially, EEG data is acquired (i.e. in input layer) and pre-processed (i.e. in first hidden layer)
using Lagrangian Matched Filter denoising model to eliminate unconnected noise signals. Subsequently, in feature
selection (i.e. in the second hidden layer), we selected typical features from pre-processed sample signals, which
contain wealthy however superfluous diagnosis data associated to ASD. In feature selection, a feature selection
model employing Truncated Tobit Regression is developed to study valuable EEG as of first feature set as well
as additional fuse learned information for last categorization among ASD and non-ASD. Finally, to classify (i.e.
in the third hidden layer) between ASD and non-ASD Perceptron Piecewise Classification process is applied. This
in turn aids in capturing the characteristics of EEG and enhancing overall recognition result that is estimated
during relative study.

3.1 Data Collection and Data Acquisition

EEG signals dataset employed in  our work is collected from the URL
https://figshare.shef.ac.uk/articles/dataset/EEG_Data_for_Electrophysiological_signatures_of brain_aging_in_a
utism_spectrum_disorder /16840351. The EEG signals dataset was attained as of before published EEG study
[30] including 56 participants in the age range between 18 and 68. Also the participants involved in the process
consented to sharing data for secondary analysis. The prototype which created information was 2.5 minutes or 15
seconds periods of eyes closed relaxing.
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Table 1 EEG signals database description

S. No Features Description
1 Age range 18.08 — 68.33
2 Cognitive measurements Matrix reasoning
3 ASD assessments SRS

EEG Acquisition

4 Number of electrodes 6

5 System BioSemi Active Two System
6 Sampling rate 2048Hz

7 Impedances 25KQ

8 Recording length 2.5 minutes

Brainwaves are categorized to five frequency bands. These five frequency bands are related to distinct
consciousness state and brain activity. It is calculated in Hertz (Hz). Table 2 lists perception into the definite
frequency bands and their power variations.

Table 2 EEG band and its corresponding Frequency band

S. No EEG Band Frequency band
1 Delta ‘A’ ‘0.5—-4Hz
2 Theta ‘6’ ‘4—-8Hz’
3 Alpha ‘a’ ‘8—13Hz’
4 Beta ‘5’ ‘13-30Hz’
5 Gamma ‘y’ ‘30 -100Hz’

With aid of the above table the individuals with ASD can be analyzed, such as higher power in theta and
alpha frequency bands or variability of the EEG signal [29], denoting sensory hypersensitivity.

3.2 Lagrangian Matched Filter Denoise-based Pre-processing

To enhance the quality of EEG signals, Lagrangian Matched Filter denoising model is applied as pre-
processing technique in the first hidden layer. This pre-processing technique involve preparing raw EEG signals
by eliminating noise (such as muscle activity in the head, blinking), removing artifacts. This in turn aids in
enhancing its practicability for analysis and classification. Lagrangian Matched Filter denoising model as pre-
processing technique in our work uses a matched filter optimized with Lagrangian multiplier to enhance signal-
to-noise ratio (SNR). Figure 2 shows the block diagram of Lagrangian Matched Filter Denoise-based Pre-
processing model.
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Figure 2 Block diagram of Lagrangian Matched Filter Denoise-based Pre-processing method

In figure 2, Lagrangian Matched Filter Denoise-based Pre-processing is split into two parts, namely,
detection of EEG signals and optimization using Lagrangian multiplier. The Matched Filter denoising model here
represents a correlation value. On one hand a peak in the correlation value denotes the presence of known signal
and vice versa. The peak location denotes the EEG signals’ arrival time. Let us consider the observed signal
‘ObsS’ consisting of the desirable signal ‘S’ and the additive noise ‘€’ as given below.

ObsS =S +¢€ 1)

With the above observed signal and desirable signal let us moreover define auto-correlation matrix of
noise. Auto-correlation matrix of noise is defined in such a way that the complex square is equal to its own
conjugate transpose. To be more specific the frequency bands in the ‘i — th time instance’ and ‘j — th activity’
is equal to the complex conjugate of the frequency band in the ‘j — th activity and ‘i — th time instance’
recorded by a single electrode. This is mathematically stated as given below.

ACM, = Expf{ee"} #))

From the above equation (2), ‘e’’, represent the conjugate transpose of additive noise ‘e’ with ‘Exp’
representing the expectation. Now let us denote the output ‘Out’ referring to the inner product of filter and the
observed EEG signal, then the detection of EEG signals is mathematically stated as given below.

Out =Y h'S+h + ¢ (3)

Then according to the optimization factor using Lagrangian multiplier, SNR is defined to be ratio of
output power due to desired signal to output power due to the additive noise as given below.

_ |Out5|2
SNR = Exp{|oute|?} ()

Finally, the optimal Lagrange matched filter results eliminating noise (such as muscle activity in the

head, blinking), removing artifacts is mathematically represented as given below.
1

h = ————=ACM;1S (5)
/SHACMe_ls
From the above equation results (5) the normalized denoise filter results are obtained for further
processing. The pseudo code representation of Lagrangian Matched Filter Denoise-based Pre-processing is given
below.

Input: Dataset ‘DS’, EEG Signals (samples) ‘S = {S;,S,, ..., Sy}’

Output: noise removed pre-processed EEG signals ‘h’

1: Initialize ‘N = 56’, ‘e = 0.25’

2: Begin

3: For each Dataset ‘DS’ with EEG Signals (samples) ‘S’

//Detection of EEG Signals using auto-correlation matrix

4: Formulate observed signal via desirable signal and additive noise according to (1)
5: Evaluate auto-correlation matrix according to (2)

6: Detect EEG signals according to (3)
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//Optimization using Lagrangian multiplier

7: Evaluate signal-to-noise ratio via Lagrangian multiplier according to (4)
8: Measure optimal Lagrange matched filter results according to (5)

9: Return pre-processed EEG signals ‘h’

10: End for

11: End

Algorithm 1 Lagrangian Matched Filter Denoise-based Pre-processing

As shown in the above algorithm the Lagrangian Matched Filter Denoise-based Pre-processing is split
into two parts, namely, auto-correlation matrix-based EEG signal detection and Lagrangian optimized matched
filter results. The purpose behind the use of this denoising model is while eliminating the noisy to target distinct
features in EEG data that are assumed to be contrasting in individuals with autism should be not considered as
noise. For example, while performing Lagrangian Matched Filter denoising model with the EEG signals in our
work specific temporal patterns can be amplified that are thought to be associated with autistic traits. This in
turn aids in improving the overall peak signal-to-noise ratio extensively.

3.3 Truncated Tobit Regressive-based Feature Selection in EEG signal analysis

As far as Brain Computer Interfaces are concerned, in Deep Belief Network to recognize motor imagery
tasks, feature selection has to be employed in ascertaining the location and most relevant EEG frequency bands
for accurate ASD disease detection. Discarding redundant and irrelevant features from the pre-processed EEG
signals can speed up model training and minimize overfitting. For example, certain frequency bands (e.g., theta
and alpha) are known to be associated with motor activity and feature selection could help segregate the most
informative channels and frequency ranges for optimal performance. In this work, Truncated Tobit Regression is
used for feature selection, as it is appropriate for reshaping the feature for accurate ASD detection in the second
hidden layer. By selecting this feature selection model aids in minimizing dimensionality while preserving the
essential information for accurate classification. Figure 3 shows the block diagram of Truncated Tobit Regression-
based feature selection for EEG signals.

Tobit based Fine-tune using Truncated Relevent EEG frequency
likelihood function regression function RERE AR bands

v

Subject

Figure 3 Block diagram of Truncated Tobit Regression-based feature selection for EEG signals.

As shown in the above figure the Truncated Tobit Regression-based feature selection for EEG signals is
used to select relevant subset of all available features that not only results in a small dimensionality of
classification problem but also minimizes the noise. The Truncated Tobit Regression-based feature selection
concentrates on the association between features or feature subset ‘FS” (i.e. smaller, pre-processed EEG samples
denoised from original dataset) and the target class ‘C’ (i.e. category or group than an EEG signals belongs to,
either autism EEG signals [AS] or non-autism EEG signals [NAS]) that is inclined to necessitate redundant
features, influencing the learning accuracy (i.e. autism detection accuracy) in a computationally efficient manner
(i.e. autism detection time). In order to achieve these results we initially applied likelihood function using Tobit
as given below.

Ind(h) = {(1’ 3:: i Zi (6)

From the above equation (6) ‘Ind’ represents an indicator function for modeling likelihood function for
the corresponding pre-processed EEG signals ‘h’ with respect to lower limit ‘L’. Moreover let us consider ‘@’ as
cumulative distribution function (i.e. probability that a pre-processed sample signals, power in a frequency band
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be less than or equal to a given value) and ‘@’ as the normal probability density function respectively (i.e. pre-
processed sample signals in a resting state). Next, the Truncated Regression function employed in our work fine-
tunes the above likelihood function to reflect the fact that the pre-processed sample signals with ‘n’ observations
is not representative of the overall population. This is mathematically represented as given below.

Ind(h;) 1-Ind(h;y)
§FS,€) =TTy (20 (A2) ) (1 - 0 (2221 ©
Finally with the above likelihood functions result (7) minimal-redundancy maximal-relevance (MinRed-
MaxRel) to conduct feature selection. The MinRed-MaxRel addresses the issue by measuring both redundancy
occurring in feature and relevancy in a simultaneous fashion. The MaxRel ‘ MaxRel’ with the intent of
maximizing relevance of feature subset ‘FS’ to the class ‘C’ is mathematically represented as given below.

MaxRel (FS,C) = Fiﬂz r(F,,C) (8)

From the above equation (8) ‘r(F;, C)’ denotes the relevance of a feature ‘F;’ with respect to class ‘C’.
On the other hand feature redundancy is represented on the basis of pair wise feature dependence between features.
If two relevant features of pre-processed EEG signals are found to be highly dependent on each other, then the
class discrimination would not change if one of the features are eliminated and vice versa. With this hypothesis,
minimum redundancy ’ is employed in selecting a feature subset ‘FS’ of mutually exclusively features (Fi, F, ) .
Then the redundancy of a feature subset is mathematically represented as given below.

MinRed(FS, C) = #Zr(ﬂ-, F) (9)

FS = (MaxRel (FS,C) U MinRed(FS, C)) (10)
From the above equations (8) and (9) the objective remains in designing simple operator maximizing

‘Rel’ and minimizing ‘Red’ with varying number of features. Finally these varying features (i.e. relevant features
selected ‘FS’) are validated using Perceptron Piecewise Classification in the following sub-sections for ASD
detection. The pseudo code representation of Truncated Tobit Regression-based feature selection for EEG signals
is given below.

Input: Dataset ‘DS’, EEG Signals (samples) ‘S = {S,S,, ..., Sy}’

Output: Accurate and computationally-efficient relevant EEG frequency bands ‘FS’

1: Initialize ‘N = 56°, pre-processed EEG signals ‘h’, lower limit ‘L = 0’, feature subset ‘FS’, target class ‘C’

2: Begin

3: For each Dataset ‘DS’ with pre-processed EEG signals ‘h’

4: Model likelihood function using Tobit according to (6)

5: Model Truncated Regression function to fine-tunes the likelihood function with ‘n’ observations according

to (7)

6: Formulate MaxRel ‘MaxRel’ with the intent of maximizing relevance of feature subset ‘FS’ according to

(®)

7: Formulate MinRed ‘MinRed’ with the intent of minimizing relevance of feature subset ‘FS’ according to

9)

8: Return relevant EEG frequency bands ‘FS’

9: End for

10: End

Algorithm 2 Truncated Tobit Regression-based feature selection for EEG signals
As given in the above algorithm, the relevant EEG frequency bands for EEG signals are modeled by combining
the Truncated Regression results to the Tobit model. Initially the pre-processed EEG signals are focused to
likelihood function for each subject using Tobit model. Following which pre-processed EEG signals focused to
likelihood function for distinct subjects using Truncated Regression. This in turn aids in minimizing the autism
detection time involved in selecting frequency bands. Finally, minimal-redundancy maximal-relevance is applied
to select relevant EEG frequency bands, therefore improving autism detection accuracy.

https://mswmanagementj.com/
1225



MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal
ISSN: 1053-7899 e TN
Vol. 35 Issue 2, 2025, Pages: 1218-1235 HRoRVIRR

3.4 Perceptron Piecewise Classification

Classificcation of EEG signals for differentiating between Autism Spectrum Disorder (ASD) and non-
ASD individuals encompasses ascertaining distinct frequency bands and patterns within EEG data. Researchers
have ascertained from the above literature that individuals with ASD may evince perceptible EEG characteristics.
This may be, like increased activity in three distinct frequency bands, delta, theta and beta bands whereas
decreased frequency band in alpha respectively. This distinct frequency bands and patterns, combined with
Perceptron Piecewise Classification in the third layer aid in ASD diagnosis. Figure 4 shows the block diagram of
Perceptron Piecewise Classification for ASD diagnosis.

ASD diagnosis results

Figure 4 Block diagram of Perceptron Piecewise Classification for ASD diagnosis

As shown in the above figure, initially the weights ‘w’ are initialized to ‘0. Following which for each
training pre-processed features selected EEG signals ‘S € h(FS)’, the output results ‘Res’ are measured and
accordingly the weights are fine-tuned. The output results ‘Res’ here denotes the class label predicted as either
ASD or non-ASD as given below.

output = g(Res) (12)

Following which the fine-tuning of weight is modeled based on the initialized weight structured ‘w; =
w; + Aw;’ as given below.

Aw; = n(Act’ — Pred")s} (12)

From the above equation (12), the value for fine-tuning of weight ‘Aw;’, is obtained according to the
learning rate ‘n’, actual class label ‘Act'’ and the predicted class label ‘Pred®’ with respect to the EEG signals
‘Sji’. Then, according to two dimension results, i.e. ASD or non-ASD, two hypotheses are said to exist. On one
hand, in case when the perceptron predicts class label accurately weights abide unchanged and on the other hand,
in case of wrong prediction the weights are being influenced towards the positive or negative target (i.e. actual)
class. This is mathematically formulated as given below.

n(—1t - —19)s} = 0,n(1" — 1)S} = 0, Correct prediction

Res = {n(—li ——19)s} = n(2)s},n(-1" — 19)s} = n(—2)S},Wrong prediction

From the above equation results (13) are obtained and accordingly the ASD or non-ASD prediction
results are obtained. With the increased activity in three distinct frequency bands, delta, theta and beta bands
represent the presence of ASD and on the other hand with decreased frequency band in alpha represent the absence

(13)
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of ASD (i.e. non-ASD). The pseudo code representation of Perceptron Piecewise Classification for ASD diagnosis

is given below.

»SwY’

Input: Dataset ‘DS’, EEG Signals (samples) ‘S = {S;,S,, ...
Output: Optimal decision results

1

2: Begin

3

4: Formulate the output according to (11)

5: Model fine-tuning of weight according to (12)
6: Formulate results according to (13)

7: Return results

8: End for

9: End

: Initialize ‘N = 56°, pre-processed EEG signals ‘h’, relevant EEG frequency bands ‘FS’, ‘w = 0°, ‘n = 0.5’

: For each Dataset ‘DS’ with pre-processed EEG signals ‘h’ and relevant EEG frequency bands ‘FS’

Algorithm 3 Perceptron Piecewise Classification for ASD diagnosis
As given in the above algorithm with the objective of improving the precision and recall factor along
with the minimization of classified samples, the pre-processed and feature selected EEG samples are provided as
input. Following which the weight and learning rate is initialized. Next, a binary hypotheses result is generated
employing Perceptron Piecewise classifier and accordingly weights are fine-tuned. The main advantage of using
Perceptron Piecewise classifier for ASD diagnosis is that, efficient fine-tuning of weights are performed therefore
ensuring optimal decision boundary between ASD and non-ASD in a precise manner.

4. Case study and inferences

In this section case analysis of robust ASD diagnosis using EEG dataset are simulated by applying
Lagrangian Matched Filter with Truncated Regressive Piecewise Perceptron (LMF-TRPP) method. Figure 5 given
below provides the sample EEG signals of subject 1 for ASD diagnosis (left) along with the denoising results

(right).
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Figure 5 Denoised results of Subject 1 after applying Lagrangian Matched Filter Denoise-based Pre-

processing
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The above figure provides the results of applying Lagrangian Matched Filter Denoise-based Pre-
processing to the sample EEG signals of subject 1. For the above sample results matched filter optimized with
Lagrangian multiplier to enhance signal-to-noise ratio. This in assisted in enhancing entire PSNR. With pre-
processed EEG signals as input are focused to feature selection process for with the objective of ascertaining
location and the most relevant EEG frequency bands. Figure 6 shows the relevant EEG frequency band results of
subject 1.

Figure 6 Relevant EEG frequency band results of Subject 1 after applying
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Truncated Tobit Regression-based FS
In figure 6 ,by applying Truncated Tobit Regression-based feature selection to the pre-processed EEG
signals separates the most informative channels and frequency ranges for optimal performance. This in turn
reduces the training time and by preserving the essential information using Truncated Regression along with Tobit
function in turn aids in improving the autism detection accuracy. Finally, the relevant frequency bands selected
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were subjected to Perceptron Piecewise Classification for ASD diagnosis. Here according to the variations in
frequency bands the classess of ASD or non-ASD is outputted as diagnosed results. By applying Perceptron
Piecewise Classifier to the relevant selected frequency bands accurately fine-tunes the weight. This in turn ensure
optimal decision boundary between ASD and non-ASD in a precise manner. The quantitative analysis of LMF-
TRPP for ASD diagnosis with EEG signals is provided in the following sub-sections.
5. Experimental Setup and Discussion
The proposed Deep Belief Network Classification method for detecting ASD with EEG data using
Lagrangian Matched Filter with Truncated Regressive Piecewise Perceptron (LMF-TRPP) for ASD diagnosis
with EEG signals is evaluated employing Python. Outcomes are compared with existing Real Time Diagnostic
Decision Support Model (RT-NeuroDDSM) [1] and CNN-LSTM [2]. Moreover the results are analyzed and
validated on five metrics. Moreover, for estimation, highest number of samples is considered as 50. Also to ensure
fair comparison between result of LMF-TRPP through the Real Time Diagnostic Decision Support Model (RT-
NeuroDDSM) [1] and CNN-LSTM same samples as of above mentioned database is employed.
5.1 Performance analysis of PSNR
As far as EEG signals are considered, PSNR is utilized in quantifying signal quality. It also states the
ratio of maximum possible signal power to corrupting noise power. It aids in estimating how well desired EEG
signal stands out from noise. Also a higher PSNR represents a better signal quality with less noise and vice versa.

PSNR = 10log 10 |22 (14)

nonse

From the above equation (14) the peak signal-to-noise ratio ‘PSNR’ is measured based on the signal
power ‘Pggng’ and noise power ‘P, respectively. It is calculated in decibels (dB). Table 3 illustrates
performance of PSNR when employing the proposed LMF-TRPP method. In comparison to the existing two
methods, RT-NeuroDDSM [1] and CNN-LSTM [2], LMF-TRPP method exhibits an improvement in performance
with this denoising factor.

Table 3 Experimental results for PSNR using LMF-TRPP, RT-NeuroDDSM [1] and CNN-LSTM [2]

EEG sample size (MB) Peak signal to noise ratio (dB)
LMF-TRPP RT-NeuroDDSM [1] CNN-LSTM [2]
17.5 32.35 25.15 17.45
15.63 38.15 31.25 28.35
17.19 35.45 28.45 35.15
18.75 40.25 33.15 30.45
16.25 45.35 38.55 35.15

Performance of Peak signal to noise ratio

50
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=
=
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=
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Figure 7 PSNR versus EEG sample size
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Figure 7 shows graphical depiction of PSNR using LMF-TRPP, RT-NeuroDDSM [1] and CNN-LSTM
[2]. The horizontal axis in the above figure represents the EEG sample size of five different subjects. Also to
ensure fair comparison similar subjects and sample size were applied to all the three methods. The values were
substituted in equation (14) and accordingly the values recorded in the above table. The recorded values were
plotted in the vertical axis. From the above figure the PSNR using the proposed LMF-TRPP method was found
to be comparatively better than [1] and [2]. The main advantage of employing Lagrangian Matched Filter
denoising model as pre-processing technique in the first hidden layer of Deep Belief Network Classification for
ASD detection in EEG signals is its ability to improve PSNR in the presence of additive noise. This signifies that
it can obtain EEG signals in a reliable fashion from noisy environments. With this the overall PSNR using
proposed LMF-TRPP method was enhanced by 19% and 24% than the [1], [2].

5.2 Performance analysis of autism detection time

Autism detection time or training time refers to time utilized at autism diagnosis. While performing
autism diagnosis a small amount of time is consumed while doing pre-processing and selecting of relevant
features. This is referred to as autism detection time or simply training time. This is measured as given below.

ADT = ¥V, S; * Time (AD) (15)

From the above equation (15) autism detection time ‘ADT” or training time is calculated depend on EEG
samples provided as input ‘S;” and the time consumed in diagnosis autism ‘Time (AD)’. It is calculated in
milliseconds (ms). Table 4 provides autism detection time performance when employing LMF-TRPP method.
Upon comparison to existing two methods, RT-NeuroDDSM [1] and CNN-LSTM [2], LMF-TRPP method
exhibits an improvement in performance with this autism denoising or training time.

Table 4 Experimental results for autism detection time using LMF-TRPP, RT-NeuroDDSM [1]
and CNN-LSTM [2]

Number of subjects Autism detection time (ms)
LMF-TRPP RT-NeuroDDSM [1] CNN-LSTM [2]
10 15 18 20
20 17.35 22.35 25.35
30 20 25.15 28.55
40 22.45 27.35 30.15
50 25 30.45 33.55

Performance of Autism detection time

35
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Figure 8 Autism detection time versus number of subjects
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Figure 8 shows graphical depiction of autism detection time or simply the training time involved in ASD
detection process. From figure 8, x-axis denotes number of subjects ranging between 10 and 50 and on the other
hand, the y-axis represents ADT calculated in milliseconds (ms). Two hypotheses can be made from the above
experimental analyses. First, increasing the number of subjects caused an increase in the training time. Second,
though increasing number of subjects also resulted in the increased training time, however, the performance metric
was found to be reduced using LMF-TRPP method upon comparison to [1] and [2]. This is because by applying
Truncated Tobit Regression-based feature selection for EEG signals first, results in dimensionality reduction and
also preserves essential information for accurate classification. Also using, Truncated Regression and Tobit
function separately assists in eliminating redundant and irrelevant features from pre-processed EEG signal output.
This in turn speed up model training and minimize overfitting, therefore reducing the overall autism detection
time using LMF-TRPP technique by 24% and 38% than the [1],[2].

5.3 Precision, recall and autism detection accuracy

Precision is referred as percentage of EEG samples forecasted as positive which truly positive. On one

hand superior precision result denotes additional precise positive class forecasts and vice versa. This precision is

mathematically represented as given below.

Pre = TPT-:JFP (16)

From the above equation (16) the precision ‘Pre’ results are arrived at based on TP and FP respectively.
Recall refers to ratio of every positive EEG samples properly forecasted to actual positive EEG samples. To be
more specific, superior recall value denotes potentiality to obtain additional positive class samples as of overall

positive samples. It is mathematically represented as given below.
i 17)

TP+FN

From the above equation (17) the recall ‘Rec’ results are arrived at on the basis of the true positive rate

‘TP’ and false negative rate ‘FN’ respectively. Accuracy or autism detection accuracy computes ratio of correct
forecast in proportionate to total number of EEG samples. To be more specific a higher ratio denotes better

performance. This autism detection accuracy is mathematically formulated as given below.

TP+TN
Acc = — AN (18)
TP+TN+FP+FN

Finally, from the above equation (18), autism detection accuracy or simply accuracy is calculated depend
on ‘TP’ and ‘FN’, ‘FP’ and ‘TN’ respectively. Finally, Table 5 given below provides precision, recall and
accuracy performance employing the proposed LMF-TRPP, [1] and [2]. Upon comparison to existing two
methods, RT-NeuroDDSM [1] and CNN-LSTM [2], LMF-TRPP method exhibits an improvement in performance
with this precision, recall and accuracy factors.

Rec =

Table 5 Experimental results for precision, recall and accuracy using LMF-TRPP, RT-
NeuroDDSM [1] and CNN-LSTM [2]

Numbe Precision Recall Accuracy
r of LMF RT- CNN- | LMF RT- CNN- | LMF RT- CNN-
subjects | - NeuroDDS | LST - NeuroDDS | LST - NeuroDDS | LST
TRP M [1] MI[2] TRP M [1] MI[2] TRP M [1] M [2]
P P P
10 0.95 0.92 0.88 | 0.97 0.87 0.82 | 097 0.92 0.86
20 0.93 0.85 0.81 | 0.95 0.85 0.8 0.95 0.9 0.84
30 0.96 0.92 0.88 | 0.96 0.92 0.88 | 0.93 0.86 0.8
40 0.95 0.87 0.88 | 0.97 0.87 0.82 | 0.94 0.89 0.83
50 0.92 0.84 0.74 | 0.93 0.83 0.78 | 0.95 0.9 0.84
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Figure 9 Precision versus number of subjects

Figure 9 illustrates graphical depiction of precision with fifty dissimilar subjects performed over 5
iterations for three methods, RT-NeuroDDSM [1] and CNN-LSTM [2] and LMF-TRPP. From the above graphical
representation increasing the number of subjects did not had any influence of precision results. This is evident
from the 20 subjects where the precision using the three methods where the precision was observed to be 0.93,
0.85 and 0.81 whereas for 30 subjects it was found to be 0.96, 0.92 and 0.88. Second, the precision results of
proposed LMF-TRPP method was found to be better than [1] and [2].

Performance of Recall
1.0

« LMF-TRPP
® RT-NeuroDDSM [1]
o CNN-LSTM [2]

0.0

Number of subjects

Figure 10 Recall versus number of subjects

Figure 10 depicts graphical depiction of recall rate observed for fifty dissimilar subjects performed over
5 iterations for three methods, RT-NeuroDDSM [1] and CNN-LSTM [2] and LMF-TRPP. From the above
graphical representation recall rate were observed to be in the decreasing trend for the first two iterations, whereas
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for the rest of two iterations it was observed to be increase in all the three methods. However, simulations results
showed comparatively better results when applied with proposed LMF-TRPP method upon comparison to [1] and

2.

Performance of Accuracy
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Figure 11 Accuracy versus number of subjects

Finally, figure 11 given above illustrates the accuracy rate upon comparison to 50 different subjects using
the three methods, RT-NeuroDDSM [1] and CNN-LSTM [2] and LMF-TRPP. Though for the first three iterations
the accuracy rate was observed to be in the decreasing trend, however for the rest of two iterations it was observed
in the increasing trend. Also comparative analysis saw better results for proposed LMF-TRPP technique upon
comparison to [1], [2]. Cause behind improvements of three performance metrics, precision, recall and accuracy
could be contributed to application of Perceptron Piecewise Classification in the third layer for ASD diagnosis.
Here, a binary hypotheses result were initially generated using Perceptron Piecewise classifier and fine-tuning of
weights were done. This in turn assisted in improving TP, so enhancing entire precision by LMF-TRPP by 7%
and 11% than the [1], [2]. Next, by fine-tuning of weights in efficient manner in turn ensured optimal decision
boundary between ASD and non-ASD, therefore minimizing the false negative rate. This in turn resulted in the
improvement of recall with LMF-TRPP by 9% and 14% than the [1],[2]. Finally, the distinct frequency bands and
patterns generated, combined with Perceptron Piecewise Classification in the third layer aid in ASD diagnosis, so
enhancing entire accuracy with LMF-TRPP by 6% and 12% than the [1],[2].
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6. Conclusion

Early ASD diagnosis is pivotal to make certain that the patient get timely interferences to notably enhance
their development and quality of life. In this work a robust and accuracy ASD diagnosis method to ensure early
detection employing Deep Belief Network Classification method for detecting ASD with EEG data using
Lagrangian Matched Filter with Truncated Regressive Piecewise Perceptron (LMF-TRPP) is proposed. With the
preprocessing section being analytical and is simple using denoising and artifact removal via Lagrangian Matched
Filter Denoise-based Pre-processing aids in improving the PSNR significantly. Obtained pre-processed results are
fed into the Truncated Tobit Regression-based feature selection for EEG signals for segregate the most
informative channels and frequency ranges for optimal performance. Finally, with the aid of the results learnt in
the feature selection process, Perceptron Piecewise Classifier is applied for early and accurate diagnosis.
Quantitative study and validation validate LMF-TRPP technique was improved than conventional methods, in
PSNR, training time, precision, recall , Acc.
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