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Abstract: Electrophysiological (EEG) signals provide good temporal resolution and can be effectively used to assess and diagnose children with Attention Deficit Hyperactivity Disorder (ADHD). This study aims to develop a machine learning model to classify children with ADHD and Healthy Controls. In this study, EEG signals captured under cognitive tasks were obtained from an open-access database of 60 children with ADHD and 60 Healthy Controls children of similar age. The regional contributions towards attaining higher accuracy are identified and further tested using three classifiers: AdaBoost, Random Forest and Support Vector Machine. The EEG data from 19 channels is taken as input features in individual and combinatorial sets to classifiers. Evaluating all the classifiers' overall performance, the highest accuracy of 84% is obtained with the AdaBoost classifier when all the Right Hemisphere channels are taken into consideration. The higher sensitivity of 96% indicates a better true positive detection rate of the model created with the Right Hemisphere features. This study highlights the intrinsic physiological contrast prevalent in brain activity of ADHD and healthy children, which can be effectively utilized for diagnostic purposes.
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1  Introduction

Attention Deficit Hyperactivity Disorder (ADHD) is a neuro-developmental disorder most commonly diagnosed in children referred to psychiatric clinics. Children with ADHD are often unaware of their surroundings and are unable to sit still in one place. The disorder inhibits learning essential skills such as self-control and focuses, which hinders children's overall development. The clinical symptoms include impairment in cognitive attentiveness and behavioral abnormality such as high impulsivity/hyperactivity. The worldwide prevalence of ADHD is estimated close to 5% in children [1] and approximately 2.5% is found in adulthood [2]. ADHD has a negative impact on all aspects of the life of a child. Children with ADHD have to bear academic losses due to inattention and behavioral spontaneity, which inhibit them in executing demanding or repetitive tasks by nature. Parenting a child with ADHD is often challenging as it demands continuous monitoring of the child due to impulsive behaviour. The situation becomes more grim when ADHD gets extended from childhood to adulthood which further upsets the professional and personal life of the person. The diagnosis of ADHD in clinical setups is based on the widely adopted diagnostic manuals ICD-11 and DSM-5. The information collected from parents /caretakers and neuropsychological assessments of several clinical rating scales defined for ADHD form the basis for the diagnosis. ADHD shows high comorbidity with many other psychiatric disorders such as autism spectrum disorders, intellectual disorders, motor disorders, conduct disorder, and tic disorders [3]; the clinical psychologist's experience, judgment, and interpretation are paramount for accurate diagnosis of ADHD. Most of the performed tests involve rating scales that are highly subjective and may vary from one clinician to another. Therefore, the development of diagnostic models for the classification of ADHD has been on the scientific community's radar for a long. Neurophysiological techniques such as Electroencephalography (EEG) involving the recording of signals emanating from the brain can be beneficial for developing diagnostic models that could be put into clinical practise as an adjunct to the subjective diagnosis made by psychiatrists.

So far, many researchers have made contributions in this direction. Magee et al. [4] differentiated 253 ADHD children from 67 age-matched controls by examining the EEG signals acquired under eyes-closed resting conditions. The classification results using logical regression yielded an accuracy of 87% with a sensitivity of 89% and specificity of 79.6%. Lee et al. [5] used frontal lobe electrodes and wavelet-based features from these two channels' signals. Further, they used self-organizing maps to obtain ADHD and normal clusters and achieved 60% overall accuracy. Allahverdy et al. [6] differentiated ADHD and control groups by exploring nonlinear EEG features' utility. For this purpose, MLP neural network classifier was used that led to a regional classification of 86% from the frontal region, 61 % from parietal, 62% from the central region, and 56% from the occipital region. The overall accuracy after combining features of all the electrodes was 68.6%. Helgadóttir et al. [7] investigated classification accuracies in a huge cross-sectional study comprising 310 adolescents with ADHD and 351 controls. The approach followed included the construction of two classification models, namely the age-independent model or age-dependent model. It was eventually concluded that the age-specific classification approach yielded a higher accuracy of 76% than the age-independent model(73%). As an important observation, Poil et al. [8] reported that ADHD effects on EEG strongly depend on age and EEG frequencies. ADHD adults were classified using an SVM classifier with frequency powers in alpha and beta power with a sensitivity of 67% and specificity of 83%. However, the ADHD children could not be classified satisfactorily, with sensitivity remaining 56% and specificity at 70%. The authors remarked SVM as a useful tool for the classification of adults with ADHD but not children with ADHD. Mohammadi et al. [9] tested nonlinear features obtained from EEG under a cognitive attention task for classification accuracies. An accuracy of 92.28 % was achieved after employing minimum Redundancy Maximum Relevance feature selection method with Multi-Layer Perceptron with one hidden layer with five neurons used for classifying 30 children with ADHD from 30 similar age controls. Yang et al. [10] analyzed Event-Related Potentials (ERP) obtained from prefrontal and inferior parietal regions 14 ADHD children and 16 age-matched controls under a spatial Stroop task for classification accuracies. K-Nearest Neighbors (K-NN) and Support Vector Machine (SVM) classifiers were applied, and high accuracy-83.33 % was obtained through the K-NN classifier compared to 56.42% achieved through SVM. Pereda et al. [11] analyzed functional connectivity-based features obtained from EEG signals to classify a total of 33 children into ADHD or healthy controls. The Bayesian Network Classifier machine learning algorithm was applied and a classification rate of 95 % is reported for the high dimensional feature set. It got reduced to 80% if functional connectivity based algorithms were taken into consideration for feature selection. High dimensionality makes the model complex and also hard to implement in the real-time scenario. Khoshnoud et al. [12] investigated the resting state EEG of children with ADHD for diagnostic accuracies. The dataset comprised of 12 ADHD and 12 age-matched normal children. The nonlinear features from the EEG signals and accuracies were obtained through SVM and radial Basis function Neural Network. The classification accuracy- 83.33% was obtained after testing with 4-fold cross-validation. Chen et al. [13] evaluated the Support Vector Machine (SVM) effectiveness in classifying ADHD Children from their Healthy counterparts using resting-state EEG. The classification model yielded an accuracy of 84.59% and an Area Under Curve (AUC) of 0.9158. The results showed the sensitivity of prediction accuracy changes with the brain regions selected for analysis. In a recent study; Altınkaynak et al. [14] analyzed nonlinear features from the ERP signals of 23 unmedicated ADHD children and 23 healthy controls; all of whom performed an oddball auditory task. Many classification models were obtained using machine learning techniques such as Support Vector Machines, Naive Bayes, Random forest, Multilayer perceptron, K- Nearest Neighbors, AdaBoost, and Logistic Regression. Among all, the Multilayer perceptron outperformed other classifiers in distinguishing ADHD children from controls with a high classification outcome of 91.3%. Vijh et al. [15] proposed CNN based classifier for the detection of tumour in the lungs. Jindal et al. [16] propose fuzzy rule-based classifier for health-sector. Jiang et al. [17] integrated CNN and machine learning to predict colon cancer prognosis of stage 3 patients. Aujla et al. [18] proposed deep learning based recommender system for health-sector. Einizade et al. [19] applied graph-based signal processing measures to develop EEG based diagnostic model for children with ADHD. The EEG signals were obtained from an open-access dataset. The structural and functional features obtained from EEG signals led to 79.03% and 82.36% detection accuracy. The fused feature set further led to an even higher classification accuracy of 93.47%. Khaleghi et al. [20] differentiated resting-state EEG signals of 30 children with ADHD in the age group of 7-12 years with EEG signals of 30 healthy controls. The diagnostic accuracy through classification models is evaluated through the KNN classifier. The highest accuracy of 86.40% was reported when nonlinear features are used compared to linear and morphological features.

As primary contribution, our work is intended towards finding out the importance and contribution of different brain regions in the classification of children with ADHD from healthy controls. Every brain region exhibits a different electrical activity level, which depends on the condition under which EEG acquisition is made and how different regions are connected. The regional differences in electrical activity results because of variation in the amount of regional blood flow, non-uniform connectivity between different regions, and brain regions' contributions towards processing the incoming stimuli. The frontal region plays a vital role in attention and concentration, reasoning and judgment; Parietal and Central region is responsible for processing senses, motor or body movement; the temporal region is responsible for memory and learning, understanding language; Occipital lobe is responsible for the vision and object recognition. Also, the brain is split into two halves, namely left and right hemisphere, each of which controls different functions. The left hemisphere is believed to be more involved in analytical thinking, whereas the right hemisphere is related with imagination and holistic thinking. Individuals with ADHD have information processing deficits in the right hemisphere. For example, atypical lateralization with poor right hemisphere processing has been linked to self-reported inattention symptoms [21]. Therefore, it is interesting to determine whether individual [Frontal, Parietal, Central, Temporal, Occipital] or interhemispheric regions (left vs. right) or signals from the combinatorial sets of these different regions contribute towards high accuracy rates. This research investigation will reveal regional contrasts in EEG activity of children with ADHD and their healthy counterparts which will help understand this disorder at large.

This paper is organized as follows. Section 2 discusses materials and proposed methodology. Section 3, provided experimental results and discussion. Finally, Section 4 concludes the paper.

2  Materials and Methods

The framework for the Machine Learning-based Classification of ADHD is illustrated in Fig. 1. The different machine learning algorithms have been applied to ADHD state of the art datasets in order to perform the comparative analysis. For the experimentations, we have used Python language and its inbuilt library namely Scikit-learn for implementing machine leaning models. Here, AdaBoost [22], SVM [23], and Random Forest [24] ML algorithm are applied on ADHD data set, and extensive experimentation has been conducted for 1) selection of an appropriate combination of the features that could contribute more for achieving the desired level of prediction accuracy. 2) Selection of appropriate machine learning algorithm for getting better prediction accuracy.
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Figure 1: Framework for the classification of ADHD and healthy controls

2.1 Dataset

In this study, EEG recordings were obtained from an open-access database of 60 children with ADHD and 60 age-matched Healthy Controls [25]. In this dataset, EEG recordings are sampled at 128 Hz, and a total of 19 channels (Fz, F7, F8, Fp1, Fp2, Cz, T3, C4, T4, F3, T6, O1, F4, P3, Pz, C3, P4, T5, O2) are available. The dataset is preprocessed and free from artifacts. The EEG signals have been captured under a cognitive task in which children were asked to count the number of characters in the cartoon character pictures shown to them. The picture's size is good enough that it is properly visible to the children’s and the number of characters in each image is a random number between 5 and 16.

Table 1: Channel combinations considered for classification

[image: images]

As all children’s exhibits different performance behaviour in the cognitive tasks, so the total time duration of EEG recordings varies across the dataset.

2.2 Methodology

2.2.1 Feature Selection

The EEG data from 19 channels (Tab. 1) is taken as input features in individual and combinatorial sets to the classifiers. The entire feature set is partitioned into various combinations of Frontal(F), Central(C), Parietal(P), Temporal(T), and Parietal(P) regions were created as shown in Tab. 1. Here, each EEG signal/channel namely: Fz, F7, F8, Fp1, Fp2, Cz, T3, C4, T4, F3, T6, O1, F4, P3, Pz, C3, P4, T5 and O2 are considered as channel features available under the ADHD dataset.

2.2.2 Classification

After extracting the different combinations of the feature channels, The feature set is given as input to Support Vector Machine, Random Forest, and AdaBoost machine learning algorithms. The detailed working of these algorithms has been detailed as follows.

2.2.2.1 Random Forest (RF)

Random Forest is the most popular supervised classification technique. Random forests select some dataset randomly and create a decision tree based on that. Random forest works on the concept of bagging, in which it selects new datasets in every iteration and creates a decision tree for the new dataset. In other words, Random Forest splits that dataset into sub-datasets and creates a decision tree for each sub-dataset. In the prediction phase, the prediction is taken from every decision tree. Finally, it selects the prediction result by majority voting value. To overcome the problem of over-fitting, Random forest is considered as an ensemble classifier which prediction rate is better than the decision tree because of averaging the results. The working is diagrammatically represented in Fig. 2. The algorithm for the Random Forest classifier is detailed as follows:
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Figure 2: Working of random forest classifier

2.2.2.2 Support Vector Machine (SVM)

SVM is a supervised classification technique. During the training phase, the Support vector machine represents all data values as points in multidimensional space. Then SVM builds a hyperplane between entities of various classes. SVM tries to build the best hyperplane in an iterative manner such that there is a minimal false-positive rate. In other words, SVM tries to build a hyperplane with a maximum margin level so that the dataset is divided into appropriate classes. In the testing or prediction phase, new dataset values are also represented in the same multidimensional space and are classified into some class depending upon the proximity to the hyperplane. Fig. 3 describes the working of SVM classifier. The algorithm for the SVM classifier is detailed as follows:
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Figure 3: Working of SVM classifier

2.2.2.3 AdaBoost Classifier

AdaBoost is an ensemble-based classifier that works on the principle of obtaining a strong classifier by merging weak classifiers. Strong or weak are in terms of classification accuracy. Fig. 4 shows the working of ADA Boost Classifier.
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Figure 4: Working of ADA boost classifier

In other words, AdaBoost converts weak classification algorithms into good classification algorithms. In AdaBoost, multiple decision trees will be created in a sequential manner, and in the next model, only misclassified data points will be given for training.

2.2.3 Performance Analysis

The comparative analysis has been done by comparing the performance measures computed for all the stated feature/classifier combinations. The motive behind this is to determine which channel/feature and classifier combinations are giving better performance based on Accuracy, Sensitivity, and Specificity, as shown in Eqs. (1) and (2). The detailed experimental results and their analysis have been mentioned in the following section.



Sensitivity=TP(TP+FN)
(1)



Specificity=TNTN+FP
(2)

3  Results and Discussion

Tab. 2 presents the classification results when individual regions are considered for distinguishing ADHD and Controls. It is observed that, when AdaBoost classifier is used with input channels of Parietal region, the classification accuracy is maximum [Accuracy = 0.82%, Sensitivity = 81%, and Specificity = 83%]. Among all the three classifiers, the linear classification model implied through the Support Vector machine showed overall poor performance [Average: Accuracy = 51%, Sensitivity = 54.6%, and Specificity = 56%]. Since EEG signals are non-linear in nature and as the AdaBoost classifier is efficient in learning non-linear boundaries, the AdaBoost classifier's performance is betterthan the SVM's performance classifier with RBF Kernel when individual channels are considered. The findings from Tab. 4 highlights significant contributions of electrophysiological activity of bilateral (P3 and P4) and midline (Pz) regions in distinguishing children with ADHD from their healthy counterparts. Fig. 5 shows the values of Area under the Curve (AUC) when channels of individual regions are considered. It is inferred that the relationship (AUC) between the true positives rate and the false positive rate is higher in the model developed with the AdaBoost classifier when channels from parietal regions are taken into consideration.

Table 2: Classification performance with individual regional channels

[image: images]

[image: images]

Figure 5: ROC curve for the individual portion of the brain

Tab. 3 presents the classification results when a set of 3 different regional combinations are taken into consideration for classifying ADHD and Controls. When Random forest classifier is used with input set consisting of Frontal, Central and Occipital regions, it is observed that gave the highest accuracy rate [Accuracy = 82%, Sensitivity = 92% and Specificity = 70% ]. The frontal and Central regions are found to be common in combinations (Frontal + Temporal + Central) and (Frontal + Central + Occipital) which have reported higher accuracy levels. This highlights the role of Frontal and Central regions which are associated with attention-related cognitive deficits. ADHD students face huge impairments in Focused and Sustained attention; the contribution of these common regions in the classification of ADHD and Controls is of higher significance here. Among all the three classifier’s, Support Vector Machine showed poor performance on all the combinatorial sets [Average: Accuracy = 56.3%, Sensitivity = 51%, Specificity = 61% ]. Fig. 6 depicts the Area under the Curve (AUC) values when channels from 3 different regions are considered.

Table 3: Classification performance with three regional combinatorial sets.
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Figure 6: Area under the Curve (AUC) values for three regional combination sets

Further, the combinatorial sets consisting of 4 regions are created and tested for classification accuracies. From Tab. 4, it is found that the combinatorial set consisting of channels of Frontal, Temporal, Central, and Parietal regions exhibited a better classification rate [Accuracy = 82%, Sensitivity=92%, Specificity =70%] as compared to some other combinatorial sets as shown in Tab. 4. The frontal, temporal and parietal regions are part of dorsal and ventral attentional networks and thus have higher significance in classifying ADHD children from Healthy controls. Fig. 7 shows the values of Area under the Curve (AUC) when channels from 4 different regions are considered.

Table 4: Classification performance with four regional combinatorial sets.
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Figure 7: Area under the Curve (AUC) values for four regional combination sets

Further, the results are presented that indicate brain lateralization as a significant dysfunction in ADHD. From Tab. 5 it has been found that classification accuracy rate is the maximum with AdaBoost classifier when channels of Right Hemisphere are taken into consideration [Accuracy = 84%, Sensitivity= 96%, and Specificity = 70%]. These results indicate that laterality in brain functionality indicating activity of the Right hemisphere in ADHD is different from that of Healthy Controls. These findings are also supported by the previous neuroimaging meta-analysis where abnormal structural brain lateralization has been reported in the right hemisphere [26–27]. This structural abnormality in the right hemisphere may affect cognitive functions related to attention and inhibition [28]. Fig. 8 shows the values of Area under the Curve (AUC) when channels from two different hemispheres are considered. It is inferred that AUC values representing the relationship between the true positives rate and the false positive rate are higher in the model developed with the AdaBoost classifier when channels from the lateral right hemisphere are taken into consideration.

Table 5: Hemispheric differences in classification performances
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Figure 8: Area under the Curve (AUC) values of lateral hemispheric regions

4  Conclusion and Future Scope

This study aimed to find regional contributions towards developing an accurate classification model for the diagnosis of children with Attention Deficit Hyperactive Disorder (ADHD). With this objective in mind, EEG signals from an open-access dataset consisting of 60ADHD and 60 Healthy controls are analyzed to develop a classification model for the diagnosis of children with ADHD. The classification approach involved testing the model with the individual, combinatorial sets, and lateral hemisphere channels. The combinatorial sets of three and four regional structures are formed by creating sets of regional structures namely frontal, temporal, central, parietal, occipital regions, and later tested for classification accuracies. For this purpose, AdaBoost, Random Forest and Support Vector Machine the (SVM) classifier are used. Evaluating all the classifiers' overall performance, the highest accuracy of 84% is obtained with the AdaBoost classifier when all the channels of the Right Hemisphere are taken into consideration. Also, the sensitivity of 96% obtained in this case indicates a higher true positive detection rate of the model created with the right hemisphere's channels. This outcome highlights the intrinsic physiological contrast prevalent in brain activity of ADHD and Healthy children which can be effectively utilized for diagnostic purposes. These results are also in sync with the findings of previous neuro-imaging meta-analysis studies concluding atypical structural abnormalities in the right hemisphere of ADHD children and adults.

In the future, more work will be dedicated to the improvement of the accuracy of the existing model and testing the model on larger datasets.
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Algorithm-Random Forest (RF)Classifier

Input-Input Dataset of ADHD and Control Patients

Output- Classification of the patient (1-ADHD and 0- Control)

Step 1-Select Randomly, sub-datasets from the training input dataset.
Step 2-Create a decision tree for sub-datasets.

Step 3-Get the prediction result from every decision tree.

Step 4-Perform majority voting or compute average on outcome of Step 3.
Step 5-Select the most voted result as the final prediction.
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Algorithm-Support Vector Machine (SVM) Classifier

Input-Input Dataset of ADHD and Control Patients

Output- Classification of the patient (1-ADHD and 0- Control)
Step 1- Mark all the entries of datasets as data points in
Multidimensional space.

Step 2-Create hyperplanes in an iterative manner that separates
different classes.

Step 3-Choose the best hyperplane with maximum margin, that
classifies the data points into different classes.
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