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Artificial intelligence methods for identification of ADHD in children based on EEG signals   
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Children with Attention Deficit Hyperactivity Disorder (ADHD) are among the most 
common neurodevelopmental disorders. The incidence of this disorder in society shows 
an increasing trend from the past to the present. Recent developments suggest that 
Artificial Intelligence and Electroencephalogram (EEG) analysis can accurately diagnose 
cases of ADHD in children. By combining a new type of Continuous Wavelet Transform 
(CWT) with Variational Mode Decomposition (VMD), a novel algorithm for self-
adaptive signal processing that is more resilient to sampling and noise, the suggested 
method decomposed EEG signals using detection and removal of noise and extraction of 
relevant features. The classifier that uses Convolutional Neural Networks (CNNs) and 
Bidirectional Long Short-Term Memory (BiLSTM) networks, the study's Deep Learning 
(DL) algorithm used the EEG waves as input data. Results: An algorithm has been 
proposed that distinguishes between approximately 94% of individuals using a 17-
channel EEG signal to compare healthy individuals with those who have ADHD. The 
proposed method, using the CNN-BiLSTM method to analyze EEG signals and process 
the data in a DL algorithm produced a classification accuracy of 98.69%. The combination 
of precise EEG with AI methods holds promise for improving our understanding of 
ADHD in children and developing more accurate diagnostic tools. 
 

Contribution/Originality: This work aims to provide an improved methodology for integrating artificial 

intelligence methods to identify ADHD in children based on EEG signals and represents a major advance, 

contributing to improved diagnostic accuracy and decision-making. 

 

1. INTRODUCTION 

One of the most prevalent neuropsychiatric conditions affecting children nowadays is attention deficit 

hyperactivity disorder (ADHD) [1]. Although 5% of people in society suffer from ADHD on average, symptoms 

usually start to show before the age of twelve. Additionally, a child with this condition struggles to control their 

impulses and concentrate on one task at a time. For access to early intervention and treatment to enhance long-term 

outcomes, an accurate and timely diagnosis of ADHD is required [2].  
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Depending on this illness, children may grow up to exhibit dangerous behaviors like violence [3]. Clinicians 

diagnose ADHD based on symptoms including hyperactivity and inattention. The DSM-V's criteria for ADHD are 

evaluated; medical examinations, school records, family interviews, ADHD rating scales like Conners Rating, and 

neuropsychological testing are all part of the diagnostic process [4]. Electrodes are placed on a person's scalp to 

monitor and record neuron activation in the brain, generating electrical impulses and voltage variations. 

This procedure is known as electroencephalography. An extended period of brain activity is recorded, and signals 

are measured using the non-invasive EEG technique. Therefore, an Electroencephalogram (EEG) study is utilized to 

address health issues concerning brain activity. Research fields include neurology, biomedical engineering, and brain 

computer interface studies that use EEG data, which contains information about a person's brain neuronal activity. 

Because of its low cost and non-invasiveness, the EEG is a critical source of data for many neurological studies [5].  

One of the most significant subfields in Machine Learning (ML) is closely related to machine learning, Deep 

Learning (DL). Most people agree that machine-learning research started in the 1950s. Machine learning has 

emerged as a new kind of multidisciplinary field after years of expansion [6]. Field that encompasses biology, 

neurophysiology, statistics, probability theory, and approximation theory. Computer science is the study of how to 

replicate or recreate learning activities in the human brain using computers. In the realm of artificial intelligence, it 

is among the most advanced studies [7]. The deep learning concept in machine learning originates from an artificial 

neural network [8]. A multilayer artificial neural network serves as its foundation. In order to effectively and 

automatically integrate and extract the data's hidden characteristics, it integrates intrinsic legal knowledge from 

extensive data, it merges the data's low-level characteristics to produce a higher-level, more abstract feature that can 

symbolize the category of data attributes [9]. 

To find children with ADHD, a deep learning study based on EEG was conducted. According to the study's 

techniques, Convolutional Neural Networks (CNNs) and Bidirectional Long Short-Term Memory (BiLSTM) are two 

DL-based techniques that we used in this study. We then suggested a hybrid approach that combines these two 

techniques to distinguish ADHD. The findings of the categorization using various techniques and datasets in a 

different study involving 20 healthy and 20 ADHD persons showed that CNN performs noticeably better than 

Recurrent Neural Networks (RNNs) and achieves high accuracy [10]. According to a different study, utilizing CNN 

techniques to identify ADHD can achieve an accuracy of 90%. In a different study, 30 healthy children and 31 children 

with ADHD had their EEG data prepared and divided into four frequency ranges: beta, gamma, alpha, and theta. 

After that, the matrix was created [11]. 

A non-recursive technique for analyzing non-linear and non-stationary signals, the VMD was initially presented 

by Nouri and Tabanfar [9]. It has the ability to adaptively break down and convert a complex signal into a succession 

of quasi-orthogonal IMFs. It is possible to estimate the center frequency of each IMF online. VMD has a strong 

theoretical basis and good noise resilience when in contrast to the algorithms for Ensemble Empirical Mode 

Decomposition and Empirical Mode Decomposition [12]. It has been employed in mechanical diagnostics, 

underwater acoustic signal processing, and biological sciences. A class of denoising methods, which include 

component reconstruction, screening, and signal decomposition, is used to remove noise. The fundamental idea behind 

these methods is to identify and eliminate noise components based on the screening principle, as well as to extract 

signal components that were acquired using a signal decomposition approach. After that, denoising is achieved by 

reconstructing the signal's relevant components. Choosing the right screening criteria and breakdown algorithm is 

crucial. For instance, the wavelet analysis-based denoising technique has been applied extensively and produced 

positive outcomes in a variety of domains [13].  

Using Continuous Wavelet Transform (CWT), Variational Mode Decomposition (VMD), and deep learning 

algorithms, we conducted a classification analysis in this work by identifying potential differences for the first time; 

the literature compares healthy people's EEG signals to individuals with ADHD [14]. CWT and VMD methods 

were used to separate EEG signals into subbands. The classification investigation was carried out using the subband 
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data, which provides input information using the signal itself for the deep learning method. As a result, a novel model 

with high classification accuracy has been presented [15]. 

ADHD is a complex illness with a wide range of symptoms, as was previously established. Neural connections 

can be altered and symptomatology improved with prompt intervention and precise detection. However, because 

ADHD is complex, co-occurring disorders are common, and there is a global lack of qualified diagnosticians, it is 

sometimes difficult to diagnose ADHD. Thus, it is essential to investigate other strategies to improve early detection 

efficacy, including utilizing DL methods. These techniques could enhance existing diagnostic methods and help 

identify ADHD more quickly and effectively [16]. 

The following summarizes how our study went: Section 1 provides information on EEG and ADHD. The 

literature provides an overview of research on ADHD that uses deep neural networks and EEG. The titles of the 

second section cover EEG data, VMD, and CWT processes, as well as a deep learning approach. The route we took 

for our research is shown. The findings are examined, and the outcomes are presented in the third section. The four 

sections include the results and discussion. The conclusion is divided into five sections. 

 

2. RELATED WORKS 

Standardized surveys and self-assessments are frequently used in traditional diagnostic techniques, which might 

result in problems with discrepancies and inaccurate diagnoses [17]. Given these challenges, the integration of AI 

methods for identifying ADHD represents a major advance, helping to enhance diagnostic accuracy and decision-

making [18]. Current diagnostic strategies struggle to adequately capture EEG signals of ADHD symptoms in 

children, highlighting the necessity of more precise and thorough approaches [19]. In the case of ADHD, researchers 

can use Convolutional Neural Networks (CNNs) to analyze brain imaging data [20]. CNNs in ADHD Diagnosis: 

CNNs, a form of deep learning. CNN finds and extracts local characteristics from EEG data using convolution 

techniques, then combines these features to create higher-level features [21]. This ability makes CNN particularly 

effective for EEG data classification by extracting pixel values and their feature vectors, which enhances the network's 

understanding and leads to accurate classification. The CNN is therefore being used more and more by researchers 

to study neurological, mental, and cerebral diseases [22]. The robustness of CNNs to variations, such as shifts and 

distortions in the input data, increases their suitability for neuroimaging studies. This robustness is critical when 

dealing with data with inherent variability [23]. CNNs have a record of accomplishment of superior performance in 

a wide range of EEE-based tasks, which translates well to neuroimaging tasks [24]. These advanced analytical tools 

enhance the accuracy of diagnosis, which can lead to a more effective prognosis. By leveraging CNN, Researchers and 

healthcare professionals may be able to overcome enduring challenges in the treatment of ADHD. This better 

performance demonstrates CNN's ability to diagnose ADHD accurately, indicating that DL approaches can be used 

to detect ADHD early and accurately, facilitating prompt intervention and treatment. 

Research on ADHD patients' brain anatomy and function indicates that some brain regions are not functioning 

as well. The aforementioned functional impairment will also be exacerbated by other symptoms of ADHD, for 

instance, agitation, violent conduct, and ADHD comorbidities, such as conduct disorder, anxiety, depression, and 

oppositional defiant disorder. A study examined the effects of therapy on kids and teenagers with ADHD by Ma [25]. 

Four distinct machine learning classifiers were employed in the investigation to find pertinent traits from kids who 

were seeking ADHD therapy. The classifiers that were used were Deep Net, Endpoint Detection and Response 

(EDR), Logistic Regression (LR), and Classification and Regression Trees (CART). It is noteworthy that the Deep 

Net-based classifier outperformed the CART, EDR, and LR classifiers, having a strong AUC (area under the curve) 

of 0.72. 

The absence of established standards for the use and interpretation of EEG data is the main reason why its use 

as a diagnostic tool for ADHD is still up for dispute. In order to solve this problem, Mafi and Radfar [26] used a 
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CNN model to identify ADHD in children using EEG data. The study included 61 subjects in total, 30 of whom were 

deemed to be typically developing and 31 of whom had an ADHD diagnosis. 

A deep learning model was developed by Wang et al. [27] to precisely identify children with ADHD. In this 

study, raw EEG data were converted into visual representations and then fed into a CNN model. EEG recordings 

from a representative sample of children and teenagers were included in the dataset, which they utilized for their 

study. In particular, the dataset comprised 102 individuals, 51 of whom were children with ADHD and 51 of whom 

were typically developing. Interestingly, the deep learning model achieved a remarkable accuracy rate of 94.67%. 

In a study by Dubreuil-Vall et al. [28], 40 volunteers 20 with an ADHD diagnosis and 20 healthy controls were 

asked to provide their EEG data. The goal of the study was to create a method for utilizing EEG data to identify 

ADHD. As inputs for a CNN model, the researchers used spectrogram pictures produced from the EEG data. The 

study's conclusions showed that the data classification accuracy was 88%. 

For the purpose of predicting ADHD by Hegvik et al. [29] combined nonlinear characteristics, Discrete Wavelet 

Transform decomposition methods and Empirical Model Decomposition. 123 children and teenagers' EEG data was 

evaluated. ADHD symptoms were present in a subgroup that made up 45%. Utilizing the previously mentioned 

analytical techniques, the researchers sought to distinguish and categorize people according to their particular 

diagnosis. 

This research presents an improved methodology for future exploration into integrating AI methods to identify 

ADHD, which represents a major advance in enhancing diagnostic accuracy and decision-making. A thorough search 

for articles was conducted on techniques of artificial intelligence methods for machine learning systems and model-

based deep learning to diagnose and detect attention-deficit hyperactivity disorder based on EEG signals. Until 

February 2025, by computing the pooled sensitivity, specificity, positive and negative likelihood ratios, and area under 

the curve (AUC), the diagnostic value was assessed, as shown in Table 1. 

 

Table 1. Some modern AI methods in the field of Identification of ADHD. 

References Methods Accuracy Recall Precision 

Khullar, et al. [30] 2DCNN-LSTM 97.00 % 92.00 % 91.00 % 
TaghiBeyglou, et al. 
[31] 

ERSP + CNN 91.46% 97.22 % 92.00 % 

Loh, et al. [32] DL (CNN+Grad CAM) 96.04% 96.26% 95.99% 
Nouri and Tabanfar 
[9] 

First-National-EEG CNN 94.52% 95.00 % 75.00 % 

Ramalakshmi, et al. 
[33] 

GSN - CNN 96.00 % 75.74 % 80.22 % 

Dişli, et al. [34] CWT-DCNN 95.99% 94.28% 95.30% 

Abooelzahab, et al. 
[35] 

DL (CNN–LSTM ) 82.68% 78.5% 87.10% 

Cao, et al. [36] CNN- Bi-LSTM-AM 96.87 % 91.00 % 87.00 % 

 

3. MATERIALS AND METHODS 

The EEG data from the database in our investigation (https://ieee-dataport.org/open-access/eeg data-adhd-

control-children) serves as a component of the CWT and VMD algorithms. The four subband indications were 

produced experimentally using the VMD algorithm. It has been observed that when fewer than four or more subband 

signals are used, a deep learning algorithm's classification success drops. Each of the 17 channels of the EEG signal 

was used in a classification analysis; the deep learning method was applied to each channel independently and in 

various combinations. After subband signals were acquired using CWT and VMD, success rates for classification at 

the deep learning algorithm's output were compared with those attained before the CWT and VMD processes. The 

effectiveness of CWT and VMD in detecting ADHD independently on the EEG data has been established. The best 

approach is examined, and how using CWT and VMD jointly affects the categorization success is discussed. 

https://ieee-dataport.org/open-access/eeg%20data-adhd-control-children
https://ieee-dataport.org/open-access/eeg%20data-adhd-control-children


Review of Computer Engineering Research, 2025, 12(2): 80-93 

 

 
84 

© 2025 Conscientia Beam. All Rights Reserved. 

According to the literature review, EEG signals are utilized in deep learning and machine learning methods to 

diagnose ADHD. It is evident from the literature review that these methods have produced classification successes of 

up to an accuracy of 98.69%. High success rates have been achieved with the new procedure, which will add to the 

knowledge of ADHD diagnosis. Furthermore, our study especially looked at how the CWT and VMD techniques 

contribute to the diagnosis of ADHD. The results from very effective classification research with the fewest EEG 

channels are given using contributions from CWT and VMD. Next, we integrated the CNN and Bi-LSTM models 

to propose a new DL-based architecture for predicting ADHD in children. Through this merging, the model is able 

to utilize the various representations that each path has learned in a single design. Nonlinear combinations of the 

concatenated features are learned by a 1026-unit Dense layer. Overfitting is avoided by dropout regularization. The 

last Softmax output layer predicts class probabilities. Concatenating the CNN's complementary outputs. Figure 1 

depicts the study's overall flow, and the integrating models' parameters are displayed in Table 2. 

 

Table 2. CNN model parameters.   

Model Layer Parameter 

CNN 

  

  

  

  

  

  

  

  

  

Conv 1026 filters, kernel size 3 

Batch norm - 

Max pooling Pool size 2 

Flatten - 

Dense 128 units 

Batch norm - 

Dropout Rate 0.4 

Dense 66 units 

Conv 128 filters, kernel size 3 

Batch norm - 

Max pooling Pool size 2 

Bidirectional LSTM 66 units 

Dense 1026 units 

Dropout Rate 0.4 

Conv 128 filters, kernel size 3 

Batch norm - 

Max pooling Pool size 2 

CNN- BiLSTM 

Bidirectional LSTM 66 units 

Dense 1026 units 

Dropout Rate 0.4 

Output layers 
Dense 2 units, softmax 

Dense 1026 units 

                  



Review of Computer Engineering Research, 2025, 12(2): 80-93 

 

 
85 

© 2025 Conscientia Beam. All Rights Reserved. 

 
Figure 1. A Block diagram for the suggested model. 

 

3.1. Data Collection 

Every piece of experimental study data came from children aged 5 to 16 who had never been assessed or treated 

for ADHD before being given a diagnosis at a children's hospital. Every patient in the US uses the video EEG 

monitoring device CADWELL. Electrodes were affixed to their correct positions using conductive paste, following 

the global guidelines for placing electrodes in the 20/10 system, and the monitoring period lasted for at least twenty-

four hours. The patient's EEG is compared, the different values of the other waves are recorded, and the long-range 

EEG is processed [16]. 

 

3.2. Preprocessing 

This subsection describes how the Continuous Wavelet Transform (CWT) and the Variational Mode 

Decomposition (VMD) between each channel scalogram are used to convert EEG signals into scalograms. 

 

3.2.1. Continuous Wavelet Transform (CWT).    

A time-frequency diagram can be created by analyzing the time-varying data using the Continuous Wavelet 

Transform. When employing the pattern recognition approach, choosing the conversion method in the time-

frequency domain is essential. For this kind of transformation, the wavelet transform is ideal. Since this conversion 

technique works incredibly well for non-stationary signals like electrocardiograms, electromyograms, and EEGs 

[37]. Signals are represented in terms of time and frequency [38]. We refer to these representations as scalograms. 

The absolute value of a signal's CWT coefficients is called a scalogram. First, computing the CWT filter bank and 

then performing these steps in MathWorks [39] employed in this investigation obtained the scalograms of the 

signals. When obtaining the CWT of several signals with identical characteristics, the ideal way is to precalculate 

Matlab's CWT filter bank. A filter bank's default wavelet is the analytical Morse wavelet. To customize Morse 

wavelets to your requirements, you can alter their time-bandwidth and symmetry properties. Equation 1 includes the 

generalized Morse wavelet function, which is provided by default in the MATLAB CWT filter bank and is utilized 

in the study [40]. The variable U (α) represents the Heaviside function. It is given in Equation 2 and is the 

normalizing constant. The function defined by the equation is clearly dependent on two parameters, "γ" and "β". 

𝛽, 𝛾[𝛼𝛼] =  𝑈[𝛼]𝑁𝛽, 𝛾[𝛼𝛼]𝛽  𝑒𝑥𝑝[−(𝛼𝛼)𝛾]          (1) 

𝑁𝛽, 𝛾 = 2(2𝛾/𝛽)𝛽/𝛾                                                 (2) 
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Impact wavelets or analytical Morlet wavelets are further options. Equation 3 provides the Morlet wavelet 

function. Here, 5 or 6 are taken, and c is the coefficient [41]. 

𝑚(𝑥) = 𝜋1/4  𝑒𝑥𝑝(𝑖𝑐𝑥) 𝑒𝑥𝑝(−𝑥2/2)                        (3) 

For greater computational efficiency while evaluating several filters, once the filters have been precalculated, you 

can provide the CWT with the filter bank as input. The filter group allows for the visualization of wavelets in both 

time and frequency. Wavelets in the filter bank have a quality factor that you can set [41]. Figure 2 displays the 

scalogram EEG signal created by the CWT transformation together with an example signal from the data set. 

 

 
Figure 2. Signal and CWT in ADHD. 

 

3.2.2. VMD Algorithm 

Adaptive decomposition of a multi-component signal can yield many quasi-orthogonal Intrinsic Mode Functions 

(IMFs) at the same time using VMD, a novel signal processing approach. The IMF is characterized by VMD as an 

AM-FM signal, which is amplitude-modulated and frequency-modulated, and it has a solid mathematical foundation 

[42]. 

A non-recursive parsing technique called VMD was created to handle non-stationary and time-varying signals. 

Time series can be separated into replicable submodes with restricted bandwidth using VMD. A real-valued signal 'f' 

can be broken down by the VMD into a specific number of 'uk' sub-signals, each of which has specific bandwidth 

sparsity characteristics in the signal's spectrum. The center frequency (wk) is the compact center of each mode. The 

shifted signal VMD's 'H1' Gaussian smoothness is used to determine the bandwidth [43]. 

{𝑢𝑘}𝑚𝑖𝑛 , {𝑤𝑘} {∑𝑘 = 1 [𝜕𝑡 [𝛿 (𝑡)  + 𝑗/𝜋𝑡] 𝑥𝜐𝑘 (𝑡)]                      (4) 

Where the letters {uk}:={u1,…..,uK} and {wk}:={w1,…..,wK} stand for the collection of all modes and their 

associated center frequencies. Similarly, the sum of all modes is ∑k:=∑k = 1. 

The set of all the modes and their center frequencies are denoted here by the abbreviations and, respectively. The 

sum of all modes is also. The VMD was applied to the EEG signal in this investigation in order to acquire subband 

signals. The deep learning algorithm's output shows the maximum learning success when three subband signals are 

chosen experimentally. As a result, VMD was used to split three subbands of the EEG signal [44]. 

 

3.3. Deep Learning 

To automatically extract hierarchical features from data and learn representations, creating multi-layered 

artificial neural networks is the main goal of the machine learning subfield known as "deep learning." For complicated 

tasks, such as medical diagnosis, this makes it easier to create extremely powerful predictive models [45]. 

The CNN architecture in this study was trained for the diagnostic classification end-to-end on the labeled data 

challenge using convolution to create a representation of hierarchical features directly from the unprocessed EEG 

signals. The model consists of fully connected, max pooling, and dropout layers interspersed with convolutional layers 

that automatically learn spatial feature representations. Convolutions are fed the input EEG signals. A kernel size of 

three and two consecutive Conv layers with 66 filters were used to find temporal correlations. Nonlinear changes 
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were activated using Rectified Linear Units (ReLUs). A 0.6 dropout rate was used between convolutional blocks to 

enhance generalization. Significant features were retained while Conv layers were reduced via max pooling layers. In 

order to facilitate high-level thinking, convolutional feature maps were connected to a series of dense layers after 

being flattened into a vector with progressively fewer units involved. For nonlinear combinations, ReLU activation 

was once more used [46]. ADHD and control groups were able to be binary classified by the final Softmax output 

layer's two nodes, as shown in Figure 3.  

 

 
Figure 3. The design of the CNN model. 

 

To obtain local features, the convolutional-BiLSTM approach also employs convolution. In the Conv layer, 189 

filters were utilized. To learn temporal dependencies in both directions, the next steps are max pooling and a 66-unit 

bidirectional LSTM. The output of the BiLSTM is concatenated with the outputs of the other routes after being 

processed by a dropout and a dense layer of 1024 units. 

𝐶 = ∑ ∑ 𝐼𝑖𝑗
𝑥
𝑗=1

𝑖
1 𝐹𝑖𝑗                (5) 

Regarding CNNs, a convolution kernel or filter is represented by the letter F, and the rows and columns of EEG 

data I are represented by the letters I and J, respectively. First, EEG data is broken down into individual neurons, 

and then these neurons are flattened along the y and z directions. To detect and identify characteristics, a collection 

of x filters is installed in each layer of the network. Layer L creates feature maps of size X, which are suitably annotated 

[46]. 

𝑐𝑖
𝐿 = 𝐵𝑖

𝐿 + ∑ 𝐹𝑖𝑗
𝐿𝑥(𝐿−1)

𝑗=1 ∗ 𝐶𝑗
𝐿−1        (6) 

The bias matrix is represented by the term𝐵𝑖
𝐿 , In contrast, The filter that joins the jth feature map of the layer is 

denoted by the term𝐹𝑖𝑗
𝐿 . 

𝑓𝑡 = 𝜎 (𝑊𝑒𝑓𝑋𝑡 + 𝑊𝑒𝑓ℎ𝑡 − 1 + 𝑊𝑐𝑓𝑋𝑡 − 1 + 𝑈𝑓)               (7) 

𝑖𝑡 = 𝜎 (𝑊𝑥𝑖𝑋𝑡 + 𝑊ℎ𝑖ℎ𝑡 − 1 + 𝑊𝑐𝑖𝑋𝑡 − 1 + 𝑈𝑖)                   (8) 

𝐶𝑡 = 𝜎 (𝑓𝑡𝐶𝑡 − 1 + 𝑡𝑎𝑛ℎ(𝑊𝑥𝑐𝑋𝑡 + 𝑊ℎ𝑐ℎ𝑡 − 1 +  𝑈)          (9) 

𝑜𝑡 = 𝜎 (𝑊𝑥𝑜𝑋𝑡 +  𝑊ℎ𝑜ℎ𝑡 − 1 + 𝑊𝑐𝑜 𝐶𝑡 − 1 +  𝑈𝑜)            (10) 

ℎ𝑡 = 𝑂𝑡 𝛸 𝑡𝑎𝑛ℎ(𝐶𝑡)                                                                    (11) 
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The previously described equations are commonly utilized in the sequential backward and forward processes. 

They represent the equations that make up the BiLSTM model. A gated cell that evaluates input data and decides 

whether to retain it based on its weight or significance can be thought of as the BiLSTM network. Three essential 

parts make up the BiLSTM model: the output, forget, and input gates. Determining which states should be stored in 

memory or deleted is the responsibility of the forget gate, represented by the symbol ft. The input gate considers the 

incoming signals when adjusting the value. The output gate, shown by the symbol, facilitates the transmission of the 

cell state to neighboring neurons. When CNN is used, the weight matrix W is employed by the hidden layer to 

process the input, yielding the final output ot. A memory cell, represented by the symbol Xt, is a crucial element of 

the BiLSTM model that is controlled by three different gates [46]. A memory cell, represented by the symbol ht, is 

a crucial part of the BiLSTM model and is controlled by three different gates, as shown in Figure 4.  

 

 
Figure 4. The architecture of CNN-BiLSTM. 

 

4. PERFORMANCE MEASURES  

Evaluating models' performance is essential to understanding their effectiveness. There are several indicators for 

evaluation, including accuracy. Among its fundamental components are False Negatives (FN) are ADHD cases that 

are mistakenly placed as controls (negative); True Negatives (TN) are control cases that the model correctly classifies 

as negative; and False Positives (FP) are control cases that are mistakenly projected to be ADHD (positive) [47, 48] 

as shown in Figure 5. 

The equations of these measures are given in Equations 12, 13, and 14. 

Accuracy   = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
               (12) 

Recall   = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                (13) 

Precision   = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
                           (14) 
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Figure 5. Transformer accuracy plot model. 

 

5. RESULTS AND DISCUSSION  

This study creates a comprehensive dataset by combining and randomly shuffling all brain wave difference samples 

and normal samples of ADHD children. Based on deep learning principles, the entire dataset is separated into training, 

test, and validation datasets. The data is divided into three sections, each representing 60%, 30%, and 10% of the total. 

Among these, the training dataset is used to optimize the neural network's parameters, such as its weights and biases, 

by fitting the data characteristics. Real-time monitoring of the effects of model training, real-time detection of model 

training problems, and parameter modification are conducted, and the validation dataset is used to confirm the model's 

effectiveness following several training cycles. The test dataset is used to measure the model's capacity for classification 

and generalization, as well as to assess the best model produced during training. 

The EEG signal data of the either participants in this study, who were in the healthy or ADHD group, were used. 

There were 17 channels in the EEG recordings, and each channel was fed into a deep learning algorithm independently. 

The most efficient EEG channel was identified by examining each channel's categorization success independently. 

Afterwards, the deep learning system was fed EEG readings from the frontal, parietal, occipital, temporal, and 

central lobes of the brain. The best brain region for identifying ADHD was therefore identified. Lastly, the classification 

success achieved when all 17 EEG channels were used simultaneously was computed when the channels were input 

into the deep learning system. 

This study uses an 8-layer convolutional neural network to classify the retrieved features (3 convolutional layers, 

2 max-pooling layers, 2 fully connected layers, and 1 output layer). The performance of the neural network was 

evaluated using K-fold cross-validation (K = 5). 

This study's goal was to predict and report adult ADHD symptoms using deep learning approaches. CNN with 

BiLSTM was one of four deep learning algorithms used to differentiate between ADHD sufferers and control subjects. 

With scores ranging from 89% to 98%, the results showed noteworthy precision. Despite considerable heterogeneity 

in the various methods employed, the accuracy of predicting symptoms of ADHD in adults was quite high. CNN-

BiLSTM, a widely used screening tool, makes it possible to identify risk variables linked to attention span shortening, 

a hallmark of adult ADHD. Applying deep learning algorithms is how this is accomplished. The CNN algorithm can 

be used to complete the task. The primary aim of this study is to identify ADHD by utilizing a dataset collected from 

people who were specially selected from the Peking University Institute of Mental Health's outpatient group. We 

believe that our research adds significantly to the growing body of knowledge about the accurate diagnosis of ADHD 

through the application of deep learning techniques. 
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A comparison between the built-in integrated deep learning model and other researchers' existing ADHD AI 

models is shown in Figure 6. 

 

 
Figure 6. The created deep learning model is compared to existing models of ADHD. 

 

6. CONCLUSION 

Children with ADHD, their families, and society as a whole have suffered greatly; it is imperative that children 

with ADHD be diagnosed as quickly and simply as possible. The most accurate method for diagnosing and classifying 

ADHD is using brain electrical activity data. In this study, we provide a new computational framework for those AI 

methods to distinguish between ADHD profiles and typical child development as identified by careful EEG data 

analysis. Data preparation, intelligent feature extraction, strategic feature selection, and sophisticated classification 

techniques are just a few of the complex procedures of this extensive infrastructure. Preprocessing is done on the EEG 

signals to minimize noise and artifacts. The suggested system uses a unique preprocessing technique to convert 17 

EEG channel segments into channel-wise CWT and VMD connection matrices. According to our data, the CNN with 

BiLSTM models outperformed other classification techniques and achieved high accuracy. This led to a high 

classification accuracy of 98.69% for ADHD, which is challenging for physicians and mental health experts to 

accomplish because of the identical clinical symptoms. Furthermore, we employ CWT and VMD, which can help us 

identify the crucial EEG channels for diagnosis. In addition, we will use AI techniques and work to create new 

algorithms to identify ADHD in patients with other comorbidities. 
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