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Abstract 

 
In recent research works, the importance of Attention Deficit Hyperactivity 

among school children are greatly considered for early diagnosis, because it 

may continue into their adulthood and it would result in neurobehavioral 

disorder. This paper presented an elegantly designed Scatter Search 

Algorithm based Convolutional Recurrent Network Model which involves in 

prediction of Attention Deficit Hyperactivity among school children. The 

analysis is done on two different dataset’s, one from Attention Deficit 

Hyperactive 200 repository and another is a real time dataset collected from 

four different schools. Unlike conventional models involved in prediction 

process needs to perform feature selection as a separate part, the proposed 

CRNN-SSA does not require any such explicit selection process. The CRNN 

is the integration of convolutional neural network and Recurrent Neural 

Network.  CNN part comprised of sequence of layer namely convolution, 

pooling and fully connected layer. Features learned by CNN is fed as input to 

the improved RNN, which is known as Long Short-Term Memory (LSTM) 

that has the ability to remember the previous results by storing it in memory 

cells.  

 
Journal of Green Engineering, Vol.10_11,10753-10766. 

© 2020 Alpha Publishers. All rights reserved 

 

 



 

 

 

 
10754 M. Lalithambigai et al 

 
The LSTM produce sequence related details to the fully connected layer, 

which performs the prediction of Attention Deficit Hyperactive level of 

Severity. The scatter search algorithm which is an evolutionary model is also 

induced in this paper, to fine tune the parameters involved in both CNN and 

LSTM-RNN. The simulation results proved that CRNN-SSA achieves high 

accuracy on discrimination of Attention Deficit Hyperactive risk among 

school children.  

 

Keywords: Attention Deficit Hyperactivity Disorder, Convolutional Neural 

Network, Recurrent Neural Network, Long Short-Term Memory, Scatter 

Search Algorithm. 

 

1  Introduction 

A neuro developmental disorder which affects both personal and social 

behaviors of children amidst of 2 and 18 along with other symptoms like 

impulsivity/ hyperactivity and inattentiveness is known as Attention Deficit 

Hyperactivity Disorder (ADHD) [1]. Even if this disorder is discovered in 

their childhood, in few cases it will continues still their teenage. Using 

various rating scales the experts developed the diagnosed method for ADHD 

severity. MRI patterns are also investigated to analyze the functional and 

anatomical features of brain affected by ADHD and medication effect.  

The studies about population signposts those around worldwide 5% of 

children are impaired in their attention level and hyperactivity [2]. While 

comparing girls, a boy suffers twice more and primary school age children 

suffer twice than the adolescents. Depending on the source of credentials 

both through parent or teacher, criteria for diagnostic, function impairment 

and threshold used of defining the presence of ADHD decides the degree of 

disorder. In recent years, the identification and treatment of ADHD have 

considerably increased and structural and functional magnetic resonance 

imagings are also involved in determining the ADHD diagnosis. In addition, 

presence of ADHD leads to other comorbidity chance of other disorders like 

anxiety, depression and learning disability, these may worse the things in 

long-term. 

The early detection of ADHD is essential to begin the treatment at the 

control impact, so that children could able to handle the interactions with 

society, hyperactivity control helps to become a normal person. The machine 

learning and deep learning models produce a great impact in the process of 

ADHD more effectively and helps the experts to diagnose them at earlier 

stages. Thus, this paper concentrates on handling the prediction of ADHD 

severity using a novel integrated approach of deep learning with the 

evolutionary model to optimize the prediction process.  
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2  Related Work  

Demographic information with structural and functional information is 

used by Colby et at., [3] in their work to detect the ADHD classification, they 

used images for discovering the severity of ADHD using multimodal 

classification.  

A fast Fourier transformation process fMRI data is used by Kuang et al. 

[4], in their paper they determined both time and frequency domain to 

identify the subtypes of ADHD.  Deep Belief Network is used as the 

classification model in this work.  

Deshpande et al., [5] developed a fully connected sequenced artificial 

neural network a variant of multilayer perception on functional connectivity 

among regions of brain which subjected to discriminate healthy subjects 

from ADHD and its subtypes.  

Liu et al [6] designed a dimensionality reduction model using Deep 

Belief network on functional MRI data to recognize regions which 

accomplish well in classification. To extract relationship among well 

performed brain areas using Bayesian Network and at last SVM is applied to 

forecast subjects as the concern subtypes of ADHD. 

Qureshi et al [7] choose 90 different subjects that match with hardness 

and their age. The global connectivity maps are computed and they used 

connectivity measures average value as feature and used hierarchical extreme 

learning machine for classification.  

Aleksandar Tenev et al., [8] designed anADHD and control groups 

detection process by dividing the sample into four datasets based on their 

conditions, four different SVM classifier are used for these 4 datasets and the 

outputs are integrated using logical expression obtained from Karnaugh map 

which improves the discrimination process progressively 

De Silva et al [9] explored a model of ADHD detection by analyzing the 

movement of eye and using Functional MRI, this study investigates several 

machine learning models by analyzing different existing research works. 

They also discussed about present challenges and supportive measure for 

detection of ADHD patients at their earlier stages  

Jesse et al [10] in their study evaluated a machine learning utility which 

predict and classifies the ADHD children using brief neuropsychological 

measure. They used forward feature selection model to discover the 

significant neurological features and a rule-based model was developed using 

SVM with decision tree for classifying the ADHD severity. 

Kautzky et al [11] developed a ADHD prediction model using imaging 

classification by extracting cortical and subcortical features which are 

considered as regions of interest by applying random forest algorithm and 

classification in a fivefold cross validation with ten iteration. 
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3  Proposed Methodology 

 

 
 

Figure 1. Scatter Search based Convolutional Neural Network Model for 

Prediction of ADHD among School Children’s 

 
The objective of this proposed methodology is to predict severity of 

ADHD among children’s by devising scatter search enhanced convolution 

recurrent neural network. With this evolutionary deep learning model, the 

significant features are extracted automatically by the convolution neural 

network itself. The filtering model of CRNN and with dense layer which are 

in the form of stack, deeply extracts the pattern of ADHD dataset and the 

fully connected layer is fine tuned by applying optimization model which is 

known as scatter search improves the performance of standard CNN. This 

proposed model archives better classification rate of accuracy comparing 

with other state of arts. Figure 1 shows the Scatter Search based CNN Model 

for Prediction of ADHD.  

    

4  Dataset Description 

To analyze the severity of ADHD among school children two different 

datasets are used, the first dataset (DS1) in this work data is gathered from 80 

children studying in four different Coimbatore government schools, between 

the age of 6-8. The questionnaire is prepared based on the guidelines of 

Vanderbilt ADHD Diagnostic Teacher Rating Scale [18]. There are 35 

attributes involved to study the severity of ADHD among children’s, they are 

focusing difficulty, impulses controlling difficult, inability to make other 

children as friend, disorganize habits and excessively energetic. 
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The ADHD dataset consist of personal details of the students, academic 

performance of the students and in class room their behavior is also 

considered. This valuation incorporates the behavioral attitudes of the 

students by applying scores on their inattention, Hyperactivity, Subtype 

combined, disorders conduct and depression or Anxiety signs. The impact of 

risk phases of ADHD is classified in three different stages namely No 

ADHD, Moderate ADHD and child with high risk of ADHD. 

The second dataset (DS2) ADHD 200 dataset obtained from its 

consortium and Neuro Bureau [12]. This dataset composed of 50 participants 

with 24 attributes characteristics of children’s like age, gender, handedness, 

IQ based on performance, IQ based on verbal, and IQ based on full-scale and 

fMRI data diagnosed.  

 
4.1  Z-Score Normalization 

 
The ADHD dataset’s attributes consisting of different range of values, to 

treat all the attributes with equal importance, the values of attributes are 

normalized by applying Z-score normalization. By normalizing data, it 

eliminates the outlier problem in ADHD dataset. It is formulated as follows 

 
Where mean value of the attribute is denoted by μ, standard deviation of 

an attribute is signified as σ.  

 
4.2  Deep Neural Network 

 
A branch of machine learning which is entirely constructed with the 

similar structure of artificial neural networks which is termed as Deep 

Learning. Deep learning represents the concepts as nested hierarchy and 

these concepts are defined in terms of similar concepts with more abstract 

representations. Deep Neural Network comprised of multiple layers among 

the input and output layer. The DNN has ability to convert input into output 

either they may be linear or non-linear relationship. By computing the 

probability of each output, the network  traverse through each layer. In 

nature, DNN encompasses feed forward networks, where data traverse from 

input to the output layer deprived of winding back.  

Initially, DNN constructs a map of virtual neurons and arbitrary numeric 

values are assigned and between the links weights are assigned. The input 

value is multiplied with weights and returns the value between 0 and 1 as 

output. If the network doesn’t produce accurate output for a specific pattern 

observed, then an algorithm will be used to adjust the weights. By 

introducing an optimized algorithm, certain parameters can be fine tune so 

that it becomes influential, till it finds the accurate mathematical 

manipulation to process the data completely [13].  
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4.3  Convolutional Neural Networks 

 
A special kind of feed forward neural network which is developed with 

the inspiration of human visual cortex which is termed as Convolutional 

Neural Network (CNN) [14]. The primary cortical region of brain is visual 

cortex that obtains, integrates and process visual details transmitted from 

retinas.  There are lot of cells involved in detecting light in overlapping and 

small regions of the visual fields of cortex, which is termed as receptive 

fields, acts as a local filter on input space.  The general structure of 

Convolutional Neural Network is shown in figure 2. 

CNN comprised of multiple convolutional layers, each layer performs 

similar function as done by the visual cortex cells. In general, CNN 

comprised of an input layer, multiple hidden layers and an output layer. The 

series of convolutional layers are presented in hidden layers that are convolve 

with dot product or multiplication operation. ReLu layer is an activation 

function which is followed by convolutions like pooling layers, 

normalization layers and fully connected layers and they altogether referred 

as hidden layers as the activation function and final convolution mask the 

details of their inputs and outputs. 

 

 
Figure 2. General Structure of Convolutional Neural Network 

 

 Input Layer: Receives the input values from the ADHD dataset 

 Convolutional layer: It will discover the neurons output which are 

connected to the local regions of the input by computing scalar product 

among weights and the attributes connected to the input. Rectified Linear 

unit (ReLu) of convolutional layer applies an element wise activation 

function known as sigmoid to the previous layers output.  

 Pooling Layer: It performs down sampling process on the received input, 

those it reduces the features of the dataset based on spatially 

dimensionality. 

 Fully Connected Layer:  It works as a conventional ANN, attempt to 

generate class scores from the activation, used for performing 

classification 

The simplest structure of the convolutional neural network is shown in 

the figure 3.  
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Figure 3. Simplest Structure Stacked order of layers within the convolutional 

layer 

 
4.4    Deep Recurrent Neural Network 

 
It is a variant of deep neural network where connection among nodes 

framed as directed graph with a temporal system. The structure of Deep 

Recurrent Neural Network (DRNN) is shown in figure 4. It is linear 

architecture which has memory internally. The value computed in the 

previous state is remembered by the memory. Same parameters are used for 

every input as it performs the same operation on all the input and hidden 

layers to generate output [15]. 

 

 
Figure 4. Structure of Deep Recurrent Neural Network 

 
4.5  Convolution Recursive Neural Network for ADHD Detection 

 
Two widely used deep neural networks are convolutional and recurrent 

neural networks. The convolutional network is suitable for two-dimensional 

data, recurrent is appropriate for sequential data processing by finding 

correlations among data. This research work uses the combination of 

convolution and recurrent neural networks, as it achieves the representation 

power and context modeling ability derived from CNN and RNN 

respectively.  
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In this work, ADHD dataset is given an input and it is a one-dimensional 

vector which is represented as y = (y1, y2, y3, …, yn, cls) where yn∈ A
d
 and cls ∈ 

A represents a class label (either normal, medium and high). A feature map is 

constructed using Convolution by performing convolution operation on input 

data using the filter flt ∈ A
f 

where f represents the inherent of features in 

input ADHD data by generating its output. A new feature set is fed to the 

input of the next block in sequence.  

From the feature map fltm a new set of features are obtained by  

) 

where Eis applied to each set of features flt in the ADHD dataset, 

{y1:flt,y2:flt+1, …, yn:flt+1}, such that it generates a feature map E = [E1,E2,…, En-

flt+1], where b represents the bias term and E∈A
n-f+1

. 

The convolutional layer generated output is passed to the pooling layer, 

in convolution it uses ReLu activation function which applies max (0,x) to 

every input to the ReLU denoted by y. Next layer is pool which involves in 

down sampling, where the max-pooling operation is done on each feature 

map . This function chooses the features with highest values 

and they are considered as potential features for the process of ADHD 

prediction. These chosen features are fed as input to the fully connected layer 

which comprised of soft max function, which produces the probability 

distribution of each class of risk. Fully connected layer calculates the classes 

which form the CNN’s final output.  

The final output of the CNN is passed as input to the Recurrent neural 

network which uses its Long Short-Term Memory (LSTM) [16], to improve 

the ADHD detection rate, instead of conventional RNN which vanishes and 

explode gradient, using LSTM in RNN retains the ability of long-term 

dependencies with the help of memory block used. Pair of multiplicative 

gates is treated as input gate and output gate. Memory block operations are 

completely controlled by adaptive multiplicative gates, input gate involves in 

permitting or discarding operation for an input flow of memory cell 

activation. Output state of memory unit is activated or deactivated by the 

output gate to communicate with other nodes.  

LSTM receives its input Z = (z1,z2,…zT-1, zT) from the output generated by 

CNN , the input, output and forget gate unit performs continuous read, write 

and reset function by these three multiplicative units on a memory cell, it is 

calculated in an iterative way from t = 1 to T in the LSTM recurrent hidden 

layer. Its mathematical computation for the operation performed by LSTM at 

time t is formulated as below 

 
 
 
 

 

 

 



 

 

 

 

Safe Engineering Biomedical Application Using A Scatter Search Approach based 

Convolutional Neural Network Model for Predicting Attention Deficit Hyperactivity 

10761 

 

 

 

 

 
) 

Where Inp denotes Input unit, frg represents forget gate, mcl signifies 

memory unit, E is the filter used for applying feature map and out is the 

output gate.  

The memory block of LSTM performs complex computing process with 

other units, the memory cell stores the information which is done in many 

times under the control of adaptive multiplicative gating units. The input and 

output gates modulate the input and output flows of a cell activation of a 

memory cell respectively. The value 0 is used by the forget gate to delete the 

value or set to 1 for retaining its value to the next step with a memory cell 

after multiplying the value. Forget gate resets the self-recurrent value. The 

memory cell and other gates have open connections to acquire the accurate 

timing of outputs.  

In this proposed convolutional recurrent neural network, the convolution 

network comprised of one-dimensional convolution layer, and one-

dimensional max pooling only. The output of the max pooling is passed to 

the subsequent recurrent network LSTM layer which is denoted as  

zi = CNN (yi) 

where yi is the input of ADHD dataset passed to the CNN network with 

the class label, zi is the output of the CNN, which is fed as input to the 

LSTM. yi is the feature vector generated from the max pooling operation in 

CNN. LSTM receives this input and understands the long-range temporal 

dependencies.  

 
4.6  Scatter Search Algorithm 

 
The parameters involved in the CRNN are fine-tuned using an 

evolutionary approach which is known as scatter search Algorithm (SSA) 

[17]. The main objective of SSA is to handle discrete and continuous 

variables. The five different methods used in Scatter search are generation of 

diversification, performing improvement, updating reference set, generation 

of subset and combination of solution.  

 The intilaize method which produces a set of diverse solutions is 

diversification.  

 The local search which used for improving the quality of the solution is 

performed in improvement method, and it stops its process when there is 

no improvement with current solution and its neighborhood.  
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 With the population of solutions produced by diversification method, it 

generates initial reference set of solutions, subsequent calls to the 

reference update method retains the performance of reference set. 

 Subset generation generate the subset of reference solutions that turns as 

input to their combination methods. It also produces larger subsets of 

reference.  

 

5  Results and Discussions 

Performance analysis of newly constructed convolution recurrent neural 

network enhanced with the knowledge of scatter search algorithm for 

detecting ADHD among school children. The proposed CRNN+SSA is 

implemented using python code using two different sources of ADHD 

dataset. The first dataset (DS1) is a real time dataset collected from four 

different government schools in Coimbatore, which comprised of 80 students 

with 35 attributes of ADHD related symptoms. The second dataset (DS2) is 

ADHD 200 dataset obtained from its consortium and Neuro Bureau [12]. 

This dataset is comprised of personal characteristic data such as site of data 

collection, age, gender, handedness, performance IQ, verbal IQ, and full-

scale IQ and the fMRI diagnostic data 

 

 
Figure 5. Comparison based on Accuracy 

 
Based on the accuracy obtained by four different ADHD prediction models 

which is depicted in the figure 5, proves that the constructed model 

CRNN+SSA generates more accuracy. The analysis was done on both real 

time ADHD dataset (DS1) and ADHD 200 dataset. Both the datasets consist 

of high volume of attributes which are well handled by CRNN+SSA, while 

all other models SVM, ANN, MLP suffers from over fitting. 
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Figure 6. Comparison based on Precision 

 
The figure 6 illustrates the performance of SVM, ANN, MLP and 

CRNN+SSA based on the rate of precision. The proposed model 

CRNN+SSA does not require any preprocessing explicitly because it has the 

inbuilt feature vector filtering module. The multiple layers of convolutional 

recurrent neural network acquire depth knowledge about the pattern of 

instances of both datasets used in this work. It produces highest precision 

value compared to other prediction models. SVM produces least precision 

rate because it con able to handle small amount of data ANN and MLP 

performs less than CRNN+SSA because both of this model assigns the 

weight in a random manner. 

 

 
Figure 7. Comparison based on Recall 
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The evaluation of ADHD prediction models on two different data sets 

based on their recall measure is explored in the figure 7. The recurrent neural 

network parameters are fine tuned by the evolutionary algorithm known as 

scatter search which assist the prediction model to assign optimized values 

for the parameters involved in severity prediction in the process of ADHD 

among school children achieve higher recall value. The other three prediction 

models suffer from over fitting, assignment of random values for the 

parameters and inability of handling high volume ADHD dataset   

 

6  Conclusion 

The main purpose of this research work is to develop an inherited feature 

extraction model which has the ability to handle voluminous ADHD dataset. 

The presented Convolutional Recurrent Neural network enhanced with 

scatter search algorithm achieves two different objectives namely robustness 

and optimized fine tuning of parameters involved in prediction process in a 

prominent manner. Convolution network extracts significant features from 

ADHD dataset and those features are used as input to the recurrent neural 

network. The issue of maintaining sequence of previous information is 

overcome by using LSTM in conventional RNN which has ability to store 

previous data with the help of memory cells. The parameter involved in fully 

connected layer is empowered by applying evolutionary approach known as 

scatter search algorithm. It uses its intensification and divergence to 

determine optimized values while assigning them for parameters involved in 

ADHD classification. The performance of CRNN-SSA is analyzed with two 

different ADHD dataset they are ADHD 200 collected from repository and 

real time dataset collected from four different government schools. The 

simulation results produce higher rate of ADHD severity detection is 

achieved by CRNN-SSA while compared with other conventional models. 
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