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Abstract: Attention Deficit Hyperactivity Disorder (ADHD) diagnosis is often challenging
due to subjective assessments and symptom variability, which can delay accurate detec-
tion and treatment. To address these limitations, this study introduces DETEC-ADHD, a
web-based application that combines machine learning (ML) techniques with multi-source
data to enhance diagnostic accuracy. Unlike traditional approaches, DETEC-ADHD pri-
marily utilizes extensive personal, medical, and psychological information for its initial
classification. DETEC-ADHD further refines diagnoses by identifying ADHD subtypes
(inattentive, hyperactive, combined) through theta/beta wave ratio analysis from EEG data,
offering neurophysiological insights that complement its classification process. Logistic
Regression, selected for its validated accuracy and reliability, served as the ML model for
the app. The case studies demonstrated DETEC-ADHD's effectiveness, achieving 100%
accuracy in children and 90% in adults. By integrating diverse data sources with real-time
EEG analysis, DETEC-ADHD provides a scalable, cost-effective, and accessible solution
for ADHD detection and subtype identification, addressing diagnostic challenges and
supporting healthcare providers, particularly in resource-limited environments.

Keywords: ADHD; EEG; machine learning; neurofeedback; wearables

1. Introduction

In recent years, the number of children diagnosed with Attention Deficit Hyperactivity
Disorder (ADHD) has shown a notable increase. Although ADHD has been studied for
many years [1], current techniques such as clinical interviews and psychometric assessments
are not sufficient for an accurate diagnosis. Subjectivity in evaluations, the non-specific
nature of symptoms, comorbidities, and environmental factors complicate the diagnosis. In
addition, access to a complete diagnosis is difficult due to the time and cost involved. Since
detecting ADHD remains a challenge, it prevents individuals who are unaware of their
condition from receiving the appropriate treatment, which can result in obstacles across
various aspects of their lives, including social interactions, academic performance, and
work productivity.

According to the World Health Organization (WHO), approximately 8.8% of the
world’s population suffers from ADHD [2]. It is estimated that between 2 and 12% of the
child population and between 2.5 and 5% of adults suffer from this disorder [3]. About half
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of children with ADHD continue to have symptoms into adulthood, reflected in emotional
and interpersonal problems [3]. Early diagnosis and appropriate treatment can reduce the
risks involved, such as child abuse, school rejection, social isolation, and substance abuse
during adolescence [4].

The exact cause of ADHD is not yet fully understood. Factors such as a family
history of ADHD, the use of unhealthy substances during gestation, or a deficiency in birth
weight [5] are the most associated factors with ADHD. Advanced neuroimaging techniques,
including Quantitative Electroencephalography (QEEG), Magnetoencephalography (MEG),
and functional MRI (fMRI), have been explored for ADHD diagnosis due to their ability to
detect specific neurophysiological markers associated with the disorder. For example, EEG-
based methods have identified abnormal theta and beta wave patterns linked to attention
and impulse control mechanisms [6]. Techniques such as entropy measures and frequency
analysis have further refined the classification of ADHD subtypes and their distinct neural
signatures, achieving high diagnostic accuracy [7]. However, neuroimaging methods
like fMRI remain costly and resource-intensive, limiting their practicality for real-time or
scalable use. In contrast, Electroencephalography (EEG) offers a cost-effective, portable,
and non-invasive alternative that is particularly suited for resource-limited environments.
EEG data combined with advanced ML algorithms have demonstrated the capability to
distinguish ADHD subtypes, such as inattentive, hyperactive, and combined presentations,
with high accuracy [8].

Despite the promise of EEG, traditional analysis techniques are limited by the depen-
dence on manual interpretation, which can be subjective and inefficient. Integrating EEG
with ML has resolved many of these limitations by automating the detection and analysis of
ADHD-related patterns. For instance, entropy-based techniques and convolutional neural
networks have achieved classification accuracies exceeding 96% [9]. Recent advancements
also include interpretable ML models, which not only classify ADHD subtypes but also
provide insights into the underlying neurophysiological markers of the disorder. For exam-
ple, researchers have demonstrated the importance of integrating spatial and temporal EEG
features to improve diagnostic accuracy and make these tools more applicable in clinical
settings [10]. Additionally, recent developments in knowledge distillation techniques, such
as those proposed by Jia et al. [11], have shown that transferring knowledge from large,
complex models to smaller, resource-efficient models can maintain high diagnostic accuracy
while enabling deployment in portable devices. These methods effectively utilize multi-
level knowledge from sleep EEG signals, addressing challenges in scale differences and
heterogeneous model compatibility. Furthermore, ML approaches have identified predic-
tive biomarkers in specific brain regions, such as the frontal and central lobes, significantly
enhancing diagnostic precision [12]. While these models have achieved high accuracies, in-
tegrating interpretability frameworks ensures that the decision-making process aligns with
neurophysiological findings. Such advancements not only increase diagnostic reliability
but also enhance clinical trust in ML-driven solutions.

Therefore, this manuscript presents DETEC-ADHD, a web-based application de-
veloped to support ADHD detection by integrating ML techniques with the real-time
processing of personal, medical, and psychological data while incorporating EEG data
specifically for subtype classification. Unlike offline approaches, which are often limited to
controlled research settings, DETEC-ADHD operates as a web-based platform, enabling
immediate data analysis and providing timely diagnostic insights. The contributions of
this study include the following: (1) developing a diagnostic framework that integrates
multiple data sources, where ML is applied to personal, medical, and psychological data,
and EEG biomarkers are used to refine subtype identification; (2) implementing a real-time
ML pipeline validated for reliability, with Logistic Regression achieving 90% accuracy in
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classification tasks. These features aim to address limitations in traditional ADHD detection
methods and provide a practical tool for broader healthcare applications.

The remainder of this research is structured as follows: Section 2 discusses state-of-the-
art work on ADHD, ML, and neurofeedback. Section 3 presents our proposed workflow
for ADHD detection using the DETEC-ADHD web app. Section 4 presents the architecture
of the web app. Section 5 details the Artificial Intelligence (Al) techniques employed and
the datasets used to test and train the ML model in the web app. Section 6 introduces
the case study where DETEC-ADHD is used for ADHD detection in children and adults.
Section 7 presents the results from the case studies. Finally, Sections 8 and 9 document our
discussions and concluding remarks, respectively.

2. Related Work
2.1. ML Works

Bo Miao et al. [13] addressed the need for an accurate method to detect ADHD in
children and adolescents. Using the Fractional Amplitude Altered Low-Frequency Fluc-
tuation (FALFF), Relief algorithm, and Support Vector Machine (SVM), they achieved a
classification of ADHD patients with a maximum accuracy of 98.04% based on neuroimag-
ing data and ML. On the other hand, Bautista et al. [14] developed an app that uses the
extension of the Dynamic Time Warping (DTW) method and classifiers such as GMM and
APE to recognize ADHD behavioral patterns through gestures. The use of a Kinect© device
significantly improved the accuracy of their approach compared to pure DTW techniques.
Itani et al. [15] addressed the challenge of working with large heterogeneous datasets in the
automatic detection of ADHD. Using white-box models, such as Decision Trees, they were
able to detect disorders and classify the type of disorder in case of a positive diagnosis,
providing transparent explanations on decision-making.

Khanna et al. [16] highlighted the importance of accessibility to ADHD diagnoses,
especially in developing countries. The authors introduced pupil size dynamics as a promis-
ing biomarker and proposed a method based on automatic learning to analyze metric pupil
variation with high accuracy, surpassing traditional clinical diagnostic rates. Uluyagmur-
Ozturk et al. [17] focused on the classification of participants with ADHD and Autism
Spectrum Disorder (ASD) using an emotion recognition experiment. Using algorithms
such as AdaBoost and response time features, they achieved 90% accuracy when separating
participants with ADHD, ASD, and control groups. Mengi et al. [18] highlighted the impor-
tance of automated diagnostics in the early stage of neurodevelopmental disorders. The
study revealed that using data from multiple modalities improved the diagnostic accuracy
but pointed at the paucity of standardized datasets as a key problem.

Slater et al. [19] conducted a review on EEG variation in patients diagnosed with
ADHD. The review’s findings indicate that electrophysiological measures such as the
resting state and task modulation of alpha, beta, and theta power and event-related N2
and P3 components for the discrimination of existing ADHD subtypes and symptomatol-
ogy provide significant information on ADHD heterogeneity. On the other hand, Mohd
et al. [20] proposed a machine learning algorithm to classify or detect ADHD cases. The
algorithm was trained using the HYPERAKTIV dataset with information from 143 subjects
and 29 characteristics, achieving an accuracy of 82%. The model was evaluated using
cross-validation and the metrics of accuracy, Mathew correlation coefficient (MCC), root
mean square error (RMSE), recall, F1 score, and precision. From another perspective, Alim
et al. [9] developed an algorithm to identify children with ADHD from EEG waves. The al-
gorithm was evaluated using an SVM-based Gaussian model using statistical, time-domain,
and frequency-domain features of four sub bands of EEG signals, which was trained on data
from 120 children. The model results show ~93% accuracy for cross-validation and holdout
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and 94% accuracy for holdout. Attallah [21] presented the ADHD-AID tool for ADHD
identification based on multiresolution analysis techniques. ADHD-AID extracts 30 time-
and time—frequency-domain features, such as nonlinear, band-power, entropy-based, and
statistical features, from EEG data. The results indicate a specificity of 0.991, a sensitivity of
0.989, a specificity of 0.992, an F1 score of 0.989, and Mathew correlation coefficients of 0.982.
Bakhtyari et al. [22] proposed a new approach for feature extraction for ADHD detection
using dynamic connectivity tensor assessment between EEG channels. The approach uses
a convolutional long-term memory neural network model (ConvLSTM) and evaluates the
metrics of accuracy, precision, recall, and F1. The results were evaluated using the K-fold
cross-validation method, and a mean accuracy of 99.34% was obtained with a dataset of
400 instances from 46 ADHD and 45 control children. Tor et al. [23] presented an automated
support system for the classification of ADHD, CD (Conduct Disorder), and ADHD+DC.
The system used data EEG from 123 children. It extracted eight nonlinear features for clas-
sification: (1) qualitative recurrence analysis, (2) activity, (3) fractal dimension, (4) entropies,
(5) Hurst exponent, (6) Lempel-Ziv complexity, (7) most prominent Lyapunov exponent,
and (8) Kolmogorov complexity. The best results were achieved using the K-NN classifier
with an accuracy of 97.88%, a sensitivity of 96.68%, and a specificity and F1 score of 100%
and 0.98, respectively. In another approach, Barua et al. [24] proposed a new model for
classifying people with ADHD based on EEG data. The model, called TMP19, incorporated
a new ternary motif pattern (TMP) to extract features from EEG signals. The model used
neighborhood component analysis (NCA) and a k-nearest neighbor (kNN) classifier for
feature selection and classification. The model was validated using the 10-fold CV and
LOSO CV techniques, obtaining 95.57% and 77.93% classification accuracy, respectively. In
their study, Vimalajeewa et al. [25] presented a method for detecting people with ADHD
based on the self-similarity of pupil dynamics using wavelets of pupil diameter data in
the wavelet domain. This method estimated the wavelet energies level-wise through the
distance variance. The sensitivity, specificity, and correct classification accuracy metrics
were used to evaluate the performance of the proposed method, obtaining an accuracy of
more than 78%. Chen at al. [26] proposed a predictive model for the diagnosis of ADHD
using a National Health Service mental health service dataset of 69 patients. The data
included demographic data and data from validated self-reported screening questionnaires
and clinical interviews. Ninety-four variables and the Decision Tree algorithm were used
to design the model, which had an accuracy of 85.507%.

2.2. Neurofeedback

Kwon et al. [27] addressed the use of fMRI in neuropsychology to map brain ac-
tivity during various cognitive tasks. The fMRI allowed the identification of the active
brain areas with high spatial and temporal resolution, improving the understanding of
mental processes and behaviors. Shojaei et al. [28] evaluated the effectiveness of neurofeed-
back on hyperactivity and attention deficit symptoms in elementary school students with
ADHD. They used a randomized clinical trial with pre- and post-treatment measurements;
50 students were included in the experimental group and 50 in the control group. The
results, analyzed with SPSS5-25, showed the significant effectiveness of neurofeedback in
reducing ADHD symptoms (p < 0.05). Popovova et al. [29] investigated the feasibility
of improving attention by neurofeedback training with fMRI in the right anterior insular
cortex (rAIC). Fifty-six healthy adults participated in two training sessions. Only the group
with neurofeedback in the rAIC had increased activity in that area and showed increased
attention-related alertness up to three months later. Ging-Jehli et al. [30] examined the
cognitive effects of neurofeedback for ADHD as a secondary outcome of a randomized
clinical trial. In a double-blind clinical trial, 133 children aged 7 to 10 years old with ADHD
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received 38 sessions of neurofeedback or control treatment. The results showed that before
neurofeedback, children with ADHD had difficulty integrating stimulus information, result-
ing in less accurate and slower responses. The neurofeedback group showed a significant
improvement in the integration of auditory information compared to the control group.

From another perspective, Rahmani et al. [31] presented a review of randomized con-
trolled trials (RCTs) using the Conner’s Teacher Rating Scale (CTRS), the Conner’s Parent
Rating Scale (CPRS), and the ADHD Rating Scale (ADHD-RS) as the primary outcome
measures. The review’s results indicated that neurofeedback treatment is not an adequate
clinical method for treating ADHD. Meanwhile, Arns et al. [32] addressed a quantita-
tive review using APA guidelines to classify neurofeedback-based treatments for ADHD.
Treatments were evaluated, considering the efficacy and effectiveness through effect size
(ES) and remission, with special attention to long-term effects. The results indicate that
neurofeedback treatments based on standard protocols are efficient for symptoms rated
by parents and teachers with a medium effect size, as well as multicenter randomized
controlled trials (RCTs) with medium-large effect sizes at the end of treatment or follow-up
and remission rates of 32-47%. Similarly, Garcia Pimenta et al. [33] reviewed 11 RCTs and
open-label studies for treating ADHD. This review aimed to (1) determine the effect size and
remission rates at the end of treatment and during follow-up and (2) compare the effects of
personalized and multimodal NF treatments (neurofeedback) with non-personalized NF
monotreatments and baseline medication studies. Standard protocols with medium to large
ES, remission rates of 32-47%, and sustained effects on follow-up are practical and spe-
cific. The long-term effects of personalized interventions are superior to non-personalized
NF and similar to medication alone or with behavioral intervention. Sverko et al. [34]
preprocessed data to define neurofeedback parameters for ADHD classification. The statis-
tical characteristics included mean value, overall mean value, and their proportions. The
results indicated an increase in the overall mean power values of theta/high beta ratios
(TLBRs) at a Cz electrode in people with ADHD. On the other hand, Janssen et al. [35]
analyzed the effects of NF theta/beta with methylphenidate (MPH) and long-term physical
activity using the electroencephalogram (EEG) power spectra of 67 children. EEG data
were collected during a naturalistic follow-up 6 months after completing a 10-week RCT
and an immediate post-assessment. The results did not reflect a reduction in theta and
alpha power in the neurofeedback group compared to the control groups. Himmelmeier
et al. [36] analyzed the efficacy of personalized neurofeedback (pNFB) and its method-
ological quality in children with ADHD. The studies found were evaluated using Loney’s
criteria. Studies were found based on (1) personalized theta/beta using individual alpha
peak frequencies (1APFs) and (2) methodological features such as feedback animations,
self-monitoring instructions, the timing of feedback presentation, behavioral performance,
individual prerecorded ERP components, and stimulant medication dosage. The use of
iAPFs was concluded to be promising for NFB personalization. Vlachou et al. [37] re-
viewed the effects of neurofeedback for the treatment of ADHD. The main findings are that
(1) the clinical effects of neurofeedback are stable between 6 and 12 months after treatment;
(2) hyperactivity can decrease with age using NF; and (3) EEG measurements such as the
theta/beta ratio are an indicator for the diagnosis of ADHD; it is necessary to consider
other factors for a final decision.

3. DETEC-ADHD Detection Workflow

DETEC-ADHD is designed to integrate with a wide range of smart devices, enabling
the collection and processing of diverse physiological data. In addition to EEG data, the
app can obtain relevant biomarkers such as brain wave signals, oxygen saturation, and
heart rate, among others. The data obtained are sent to an external server where one or
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more classifiers oversee the processing and interpretation operations and save the results
for consultation and follow-up. The data collection and processing workflow is as follows:

1.

Preprocessing and

Synchronization

Preprocessing and synchronization: The user consents to obtaining biomarker mea-
surements (brain wave signals, oxygen saturation, and heart rate) and physical ac-
tivity measurements via a wearable device (we used the Muse Band S Gen 2) (see
Figure 1). These biomarkers serve as parameters to detect the likelihood of ADHD
using Al techniques.

Classification: The biomarker data obtained via the headband are classified using ML
techniques and a compatible development library to detect the presence of ADHD in
the patient (see Figure 2). The result is ultimately displayed on the web app.

Each step of the classification process is described below:

a.  Upload information: Retrieve all useful patient information. Attention level
measurements as obtained by EEG are uploaded by the wearable to the client
device used.

b.  Set properties: Select and filter the data of relevance and group patient personal
and medical information.

C. Extract attributes: Process patient personal and medical data previously filtered.

d.  Execute ML model: A model stay is performed with the data (features included
in the dataset) processed previously. This model performs the classification
with ML techniques.

e. Obtain classification: A previous detection is obtained depending on the
classification result of the model.

f. Validate the presence of ADHD: An exhaustive analysis of all the patient’s
previous test results is performed. These results are compared and integrated
to obtain a final diagnosis, which includes an ADHD probability percentage to
indicate confidence in the diagnosis.

Prognosis: Once the patient has completed several tests, an overall analysis of all the

results is performed to obtain the final diagnosis and its corresponding probability: no
ADHD; ADHD—inattentive; ADHD—hyperactive; or ADHD—mixed (see Figure 3).

J

Select Patient

H

Start Test

H

Select Device

H

Sync Device

H

Real-Time
Information

Obtain Device
Information

{

Figure 1. Data collection and synchronization process workflow.
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4. Architecture of DETEC-ADHD

DETEC-ADHD has a layered architecture to provide a scalable solution that organizes
the ADHD detection module into several layers or tiers, each having a specific functionality.
Each layer is built on top of the previous layer and provides services to the layer above it
(see Figure 4).
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Figure 4. Architecture of DETEC-ADHD, detailing the workflow: (1) Web client manages tests and
results; (2) Wearable data sent for processing; (3) Data sent to ML models; (4) ADHD classification
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performed; (5-7) Results stored and managed; (8) Monitoring ensures accuracy; (9) Results visualized;
(10) Historical data displayed.

The following is a description of each of the layers that make up the DETEC-ADHD
web app:

o  Presentation Layer. Interacts with the end user. It allows them to visualize their
patient information and medical profile and take cognitive tests that will help the app
in its ADHD detection efforts.

e Integration Layer. Processes the requests of the Presentation Layer and sends them to
the corresponding Service Layer. It also retrieves data from the Data Access Layer and
sends them to the Presentation Layer. The Integration Layer contains three important
modules. The Testing Module is where tests are performed on patients with the
help of the wearable device. The Monitoring Module (also contained in this layer) is
responsible for receiving the real-time data obtained by the device. This information is
processed and interpreted by the Services Layer. Finally, the Results Module allows
the results to be displayed clearly and concisely.

e  Services Layer. It is an additional layer that exposes the functionality of the business
logic layer through an API. The web Services Layer provides a standardized and
secure way to access system services from any app or device with access to the internet.
This layer uses communication protocols such as HTTP or HTTPS to receive requests
and send responses in standard data exchange formats such as JSON or XML. This
layer contains a Communication Module (connection with an API) and an Automatic
Learning Model Module that contains different learning algorithms to perform data
classification. These data are sent to the Data Access Module that connects with the
Data Layer.

e Data/Storage Layer. Oversees storing and retrieving data from the system, either
in a database or in another type of storage. This information is displayed in the
Presentation Layer, ready for interpretation by the end user.
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The process workflow of DETEC-ADHD can be outlined as follows:

1. The web client allows end users (e.g., healthcare professionals) to access the system to
manage tests and view results.

2. Data obtained from the tests performed with the wearable device (e.g., headset) are
sent to the Testing Module in the app for processing.

3. The Communication Module receives the processed data and sends them to the ML
models for analysis.

4. The ML models process the data and perform classification to detect the presence
of ADHD.

5. The Data Access Module stores the classification results and allows their retrieval
when needed.

6.  The classified results are stored in the storage system.

7. The system stores all historical records and classified data.

8. The Monitoring Module supervises the execution of the tests and ensures that all the
data are processed correctly.

9. The Results Module provides a clear visualization of the results through the
web client.

10.  Finally, the web client displays the historical and classified results to the end users.

This structure ensures an efficient and accurate process workflow, facilitating the
detection of ADHD through an accessible and well-organized platform.

The architecture of DETEC-ADHD is distinguished by its integration of wearable
devices with machine learning models optimized for diagnosing ADHD. Unlike traditional
approaches that rely primarily on clinical questionnaires, this system incorporates real-time
objective data processed through advanced algorithms, enabling a more accurate and
accessible diagnosis. The methodological design of DETEC-ADHD combines a layered
architecture with cutting-edge technologies, integrating wearable devices for real-time data
acquisition and machine learning models specifically tailored for ADHD diagnosis. This ap-
proach is innovative as it prioritizes objective data to complement subjective questionnaires,
fostering a more comprehensive and reliable assessment.

Figure 5 illustrates the proposed methodological workflow for ADHD diagnosis. The
DETEC-ADHD architecture processes input data and EEG signals in a structured and
systematic pipeline. Input data, including medical history, test results, and expert medical
opinions, are initially cleaned, normalized, and prepared for analysis. In parallel, EEG sig-
nals undergo independent preprocessing and analysis to extract relevant frequency patterns.
These cleaned input data and EEG analysis results are subsequently processed through a
machine learning model specifically designed for ADHD classification. The model applies
attention-based rules to classify individuals into one of three ADHD subtypes: inattentive,
hyperactive-impulsive, or combined. These classification rules, developed in collaboration
with ADHD specialists, ensure accuracy and relevance to clinical contexts. The probability
of belonging to a specific subtype is calculated as a weighted average of previous diagnostic
outputs, incorporating all relevant features. Finally, the model’s results are combined with
clinical observations to deliver a comprehensive and well-founded diagnosis. This ap-
proach enables DETEC-ADHD to integrate objective data with expert evaluations, fostering
a reliable and nuanced diagnostic process.
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Figure 5. DETEC-ADHD methodological architecture for ADHD diagnosis. The workflow consists of
three layers: the Input Layer, which collects medical history, test results, and expert opinions; the
Processing Layer, where data and EEG analysis results are processed through a machine learning
model; and the Output Layer, which integrates the results to provide a comprehensive final diagnosis.

5. ML Models for ADHD Detection

In this section, we examine various features and conduct feature selection to develop
an ML model for ADHD detection. First, we provide an analysis of existing state-of-the-
art datasets, identifying limitations in ADHD detection. Subsequently, we describe the
preprocessing process applied to the selected dataset, followed by data partitioning and
relevant feature extraction. Finally, we detail a rigorous validation process to ensure the
effectiveness and accuracy of the proposed model.

5.1. Analysis of ADHD-Related Datasets
Well-established datasets for ADHD detection include the following:

e  HYPERAKTIV [38]: Itis a public dataset with data related to heart rate and movement
from 51 adult patients without ADHD and 52 clinical patients with ADHD. HYPER-
ACTIV includes health data (medication and substance use), attributes such as age
and gender, and output data from various neuropsychological tests that inform the
patient’s mental state. The HYPERAKTIV dataset has been used in other research [39]
for the diagnosis of ADHD in adults using machine learning algorithms (MLAs).

e ADHD?200 [40]: Provides a preprocessed dataset from the ADHD-200 World Compe-
tition and consists of 776 anatomical and resting-state fMRI datasets, including 285
from children and adolescents with ADHD. This dataset includes data on age, sex,
diagnostic status, medication status, ADHD symptom dimension measures, scores on
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some of the most common ADHD screening questionnaires, and intelligence quotient
(IQ). Researchers Zou et al. [41] relied on the ADHD200 dataset to develop a series
of ADHD classification methods based on 3D convolutional neural networks (CNNs)
and multi-channel [42] deep learning neural networks.

e EEG Data for ADHD [43]: This dataset contains information from 61 children with
ADHD and 60 healthy patients. EEG recording was performed during visual attention
tasks, and children were asked to count the number of characters in each picture. Each
picture was displayed immediately after the child’s response. EEG recording was
based on standard 19-channel EEG recordings (Fz, Cz, Pz, C3, T3, C4, T4, Fp1, Fp2,
F3, F4, F7, F8, P3, P4, T5, T6, O1, O2) at a sampling rate of 128 Hz, and Al and A2
electrodes were placed on the earlobes. The EEG Data for ADHD dataset has been
used in other studies for the detection of ADHD from EEG features. For instance,
Mohammadi et al. [44] classified nonlinear EEG features in children with and without
ADHD as equivalent to attention using this dataset. The results confirmed the defect
in the forebrain segment of children with ADHD. Similarly, Barua et al. [24] used
EEG signals to propose a new manual classification model to differentiate individuals
with ADHD. The proposed model used the Tunable Q Wavelet Transform (TQWT)
to generate wavelet sub-bands and a new ternary motif pattern (TMP). The results
obtained through cross-validations yielded 95.57% and 77.93% classification accuracy.

e EEG Data for ADHD/Control Children [45]: Consists of EEG recordings from
61 children with ADHD and 60 healthy controls, aged 7 to 12 years old. The ADHD
children were diagnosed according to DSM-1V criteria, and some had been treated
with Ritalin. EEG recordings were performed using standard 10-20 with 19 channels
at a sampling rate of 128 Hz, using electrodes A1l and A2 as references on the earlobes.
Moghaddari et al. [43] applied visual tasks during EEG recording that involved count-
ing cartoon characters in pictures to stimulate visual attention. The model obtained an
average accuracy of over 99%, suggesting an effective and non-invasive method to
assist in the early diagnosis of ADHD in children.

Table 1 introduces a comparative summary of the ADHD datasets discussed above:

Table 1. Comparison of datasets for ADHD detection.

Dataset No. of Attributes No. of Records Data Description
vPERAKTIV g v ADEDand  Movement bt e, nd
2 Tosbieds whew Marchldrn Mulifunio] M
EEG Data for ADHD 12 o1 Chélg‘rjﬁg ﬁ{‘ :[I))PII{DD and Atomic EEG data
ADHD)/Control Children 3 o witout ADHD . Atomic (EEG) dat

The selection of the HYPERAKTIV dataset is based on its alignment with the objectives
of the project, prioritizing the integration of complementary data and system accessibility.
This dataset not only includes EEG records but also additional data such as heart rate,
movement, and results from computerized neuropsychological tests, which enhance the
analysis and allow for a more comprehensive evaluation of patterns associated with ADHD.
In contrast, other EEG-based datasets, such as “EEG Data for ADHD” or “EEG Data for
ADHD/Control Children,” are limited exclusively to EEG signals, and they do not incorpo-
rate these additional variables. This limitation could restrict the model’s ability to identify
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important correlations between physiological markers and behavioral patterns, potentially
reducing diagnostic accuracy in real-world clinical scenarios. Furthermore, alternative
datasets typically employ EEG configurations with 19 or more channels, requiring more
expensive and specialized equipment, which contrasts with the accessible and portable
approach of the DETEC-ADHD system, designed to operate with devices such as the
Muse Band S (Gen 2). To date, HYPERAKTIV represents the only most suitable option
to achieve a balance between diagnostic accuracy, data integration, and applicability in
resource-constrained contexts, fully aligning with the project’s objectives of accessibility
and scalability.

5.2. Experimental Settings and Model Evaluation

We used a stratified 80/20 split to divide the dataset into training and testing subsets,
ensuring a balanced representation of ADHD and non-ADHD cases. Within the training
set, five-fold cross-validation was employed to validate the robustness of the models and
optimize hyperparameters. This combined approach provided insights into the models’
ability to generalize and prevented overfitting. The testing set was carried out exclusively
to evaluate the final model’s performance. While multiple algorithms were evaluated,
Logistic Regression demonstrated the best trade-off between accuracy and computational
efficiency. Its mean training time of 3 s was significantly faster than models like XGBoost
(15 s) and Random Forest (12 s). This computational efficiency, combined with its strong
generalization metrics (mean accuracy of 90% in cross-validation), made Logistic Regres-
sion the most suitable choice for real-time ADHD detection. To ensure replicability, we
configured Logistic Regression using C = 100, max_iter = 500, and the solver “saga” in
Scikit-learn. These parameters were tuned to balance regularization and convergence
efficiency. This combination of methodological rigor and computational optimization
highlights the practical applicability of Logistic Regression in ADHD detection tasks.

5.3. ML Models

To determine the best model, we evaluated 10 ML classifiers on the HYPERAKTIV
dataset: Logistic Regression, CatBoost, SVM, Gradient Boosting, AdaBoost, Random Forest,
Decision Tree, LightGBM, XGBoost, and KNN. Each model was evaluated in terms of the
accuracy, precision, completeness, F1 score, and area under the curve (ROC-AUC). Table 2

shows a comparison of the performance results obtained by each of these models on the
HYPERAKTIV dataset.

Table 2. Comparison of algorithm performance for ADHD detection.

AI Algorithms Accuracy Precision Recall F1 Score ROC-AUC
Logistic Regression 0.9047 0.9090 0.9166 0.9000 0.9166
CatBoost 0.9047 0.9047 0.9047 0.9047 0.9047
SVM 0.8571 0.8750 0.8750 0.8571 0.8750
Gradient Boosting 0.8571 0.8545 0.8611 0.8421 0.8611
AdaBoost 0.8571 0.8545 0.8611 0.8421 0.8611
Random Forest 0.8095 0.8136 0.8194 0.8000 0.8194
Decision Tree 0.76 0.7785 0.7785 0.7608 0.7792
LightGBM 0.7619 0.7777 0.7777 0.76 0.7619
XGBoost 0.7628 0.7760 0.7783 0.7625 0.7780
KNN 0.6666 0.6636 0.6666 0.6315 0.6666
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To rigorously determine whether the observed performance differences among
the models were statistically significant, the Kolmogorov-Smirnov Predictive Accu-
racy (KSPA) test was employed. This statistical approach, suitable for both parametric
and non-parametric data distributions, is aligned with the methodology described by
Hassani et al. [46]. The evaluation was performed on a test dataset comprising 20% of the
total dataset. This ensures that the analysis reflects the models” generalization capability to
unseen data. The KSPA test was implemented in Python, utilizing the ks_2samp function
from the scipy.stats library. This computational approach ensured methodological rigor and
reproducibility, aligning with best practices for statistical analysis in data-driven research.

The KSPA test was performed pairwise across all ten models, and the results re-
vealed no statistically significant differences in their error distributions, indicating com-
parable predictive accuracy across the evaluated methods. For example, the comparison
between Logistic Regression and Gradient Boosting produced a Kolmogorov—-Smirnov
(KS) statistic of 0.0476 and a p-value of 0.9999, indicating no meaningful difference in their
predictive accuracy. Similarly, comparisons such as Logistic Regression vs. Random For-
est (KS statistic = 0.0952, p-value = 0.9999) and LightGBM vs. XGBoost (KS statistic = 0.0,
p-value = 1.0) further supported the conclusion of statistical similarity. Both absolute and
squared errors were analyzed to ensure comprehensive evaluation. Absolute errors fo-
cused on the magnitude of individual deviations, while squared errors penalized larger
deviations more heavily. Notably, even when emphasizing larger errors through squared
error analysis, the results remained consistent, as exemplified by the comparison between
Logistic Regression and LightGBM (KS statistic = 0.1428, p-value = 0.9870). This uniformity
underscores the robustness of all evaluated models in this context.

To supplement the statistical findings, cumulative distribution function (CDF) plots
were generated (see Figure 6) for the absolute errors of all models. These visualizations
offered additional insights into model behavior. Logistic Regression demonstrated the
steepest rise in its CDF curve, indicating a higher proportion of small errors compared to
other models. The KSPA test confirmed no significant statistical differences between their
error distributions and those of the more advanced models.

AdaBoost

Decision Tree

Gradient Boosting

KNN

LightGBM

Logistic Regression

Random Forest

SVM

XGBoost

0.0 0.2 0.4 06 0.8 10

Absolute Errors

Figure 6. The ridgeline plot illustrates the distributions of absolute errors for predictive models,
providing a comparative overview of their performance variability.
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5.4. Validation Process

To verify the robustness of the models, we performed a five-fold cross-validation
using the training set. This method allowed each model to be trained and validated
five times, each time with different subsets of data, ensuring reliable evaluation. For
consistency and reproducibility, the random seed (random_state) was fixed at 42 during
this process. During the cross-validation phase, we optimized the hyperparameters for each
model using GridSearchCV. The configurations explored included regularization strengths
(C=10.1,1, 10,1 00]) and solvers (“liblinear” and “saga”) for Logistic Regression, penalty
values (C =[0.1, 1, 10]) and kernels (“linear” and “rbf”) for SVM, and different numbers
of estimators (n_estimators = [25, 47, 100, 200]) and tree depths (max_depth = [3, 5, 10])
for Random Forest and Gradient Boosting. For AdaBoost and LightGBM, variations in
learning rates (learning_rate = [0.01, 0.1]) and estimators were tested, while KNN was
evaluated using different numbers of neighbors (n_neighbors = [3, 5, 7]) and distance
metrics (“euclidean” and “manhattan”). Decision Trees and XGBoost models underwent
similar tuning processes to ensure a comprehensive evaluation.

The Logistic Regression model presented the highest accuracy scores at each fold,
achieving fold-wise values of 0.8571, 0.857, 0.9047, 0.95, and 0.95, with a mean accuracy
of 0.88. These scores indicated that Logistic Regression is reliable and generalizes well.
Overall, Logistic Regression, CatBoost, and SVM achieved the best results in accuracy,
precision, recall, F1 score, and ROC-AUC, as depicted in Figure 7. This comparative
plot highlights their superior performance relative to other models. To select the final
models for evaluation on the testing set, we used the configuration with the highest ROC-
AUC score in cross-validation. For Logistic Regression, the optimal parameters were
C =100C =100C = 100, max_iter = 500, and the “saga” solver. Probabilities were generated
using the predict_proba method, allowing for the calculation of ROC-AUC values. Logistic
Regression once again achieved the highest mean accuracy of 0.90, affirming its suitability
for real-world applications.

EKNN HYPERAKTIV
# Decisi 0.92
ecision Tree

= SVM 0.87
Gradient Boosting 0.82
m LightGBM
H Linear Regression 0.7
XGBoost 0.72
® Random Forest 0.67
m CatBoost I I
0.62

® AdaBoost Accuracy Precision Recall F1-Score ROC AUC

|

Figure 7. Comparative plot of key metrics of ML models trained with HYPERAKTIV dataset.

To provide deeper insights into the model’s performance, we have included conver-
gence and ROC-AUC plots. The convergence plot for Logistic Regression in Figure 8
demonstrates how the model’s log loss decreases over iterations, stabilizing after approx-
imately 400 iterations. This indicates that the model achieves consistent optimization
without overfitting, aligning with its performance metrics.
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Figure 8. Convergence plot for Logistic Regression, showing the decrease in log loss over iterations.

The ROC curve in Figure 9 illustrates the performance of multiple models evaluated

in this study, with Logistic Regression achieving an AUC of 0.92. This value highlights its

ability to distinguish between ADHD and non-ADHD cases effectively. In comparison,
other models such as CatBoost and SVM also perform well, with AUC values of 0.91 and
0.88, respectively, showcasing their potential in similar applications. These visualizations

provide further evidence supporting the selection of Logistic Regression for its balance of

accuracy and computational efficiency.

1.0 4

0.8

0.6

True Positive Rate

0.4 1

0.2

0.0 1

|

KNN (AUC = 0.81)

Decision Tree (AUC = 0.87)
SVM (AUC = 0.88)
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Figure 9. ROC curves of the 10 models assessed on the HYPERAKTIV dataset.

To evaluate the individual contribution of features within the HYPERAKTIV dataset
and identify the components that play a decisive role in ADHD classification, we conducted

an ablation experiment. This analysis involved iteratively removing one feature at a time
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from the dataset to measure its impact on the model’s performance using the F1 score
metric. The results of this experiment are visualized in Figure 10, where the impact of
removing each feature is represented through a color gradient: darker colors indicate
features with a significant reduction in the F1 score, while lighter colors represent features
with minimal impact.

-0.90
AGE - 0.900
UNIPOLAR - 0.900
-0.88
ANXIETY - 0.900
SUBSTANCE - 0.900
-0.86
cT- 0.900
< MDQ_POS - 0.900
0 - 0.84
3 ASRS - 0.900
= o
&  HAFSA- 0.900 8
v 0.82 o
3 HADSD- 0.900
o
w MED - 0.900

0.80
BIPOLAR - 0.800

WURS - 0.800
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ADD - 0.762

SEX - 0.762
0.76
MADRS - 0.762

F1 Score

Figure 10. Impact of feature removal on F1 score (ablation experiment).

Each feature in the dataset represents an important aspect of ADHD classification.
For instance, SEX refers to the biological sex of the patient, which has been associated
with varying ADHD symptomatology. AGE represents the patient’s chronological age,
an important variable due to the developmental nature of ADHD symptoms. ADD corre-
sponds to Attention Deficit Disorder scores derived from EEG data, which reflect dynamic
brain activity and attention states. BIPOLAR and UNIPOLAR indicate the presence of
bipolar or unipolar Depressive Disorders, respectively, as these comorbidities are common
in ADHD cases. ANXIETY reflects the patient’s levels of anxiety, while SUBSTANCE
accounts for any history of substance use, as both can influence ADHD symptoms or mimic
their presentation. CT refers to cognitive test results, providing quantitative insight into the
patient’s cognitive performance. MDQ_POS (Mood Disorder Questionnaire Positive) is a
score indicating the likelihood of a mood disorder. WURS (Wender Utah Rating Scale) mea-
sures retrospective ADHD symptoms during childhood. ASRS (Adult ADHD Self-Report
Scale) captures current ADHD symptoms in adult patients. MADRS (Montgomery-Asberg
Depression Rating Scale) evaluates depressive symptoms that may coexist with ADHD.
Finally, HADS_A and HADS_D assess anxiety and depression severity, respectively, while
MED records whether the patient is currently taking medication.

The results highlight that certain features, such as “SEX”, “ADD” (EEG-derived score),
and “MADRS”, have a significant impact on model performance, as indicated by a no-
ticeable reduction in the F1 score when removed. Specifically, the removal of “ADD”, the
only feature derived from physiological data (EEG), resulted in a substantial decrease in
performance, underscoring its critical role in ADHD classification. To further understand
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the combined effect of key features, we evaluated the model using only the subset SEX,
ADD, BIPOLAR, and WURS. With these five features, the model achieved an accuracy of
0.870967, a precision of 0.8, a recall of 0.923076, an F1 score of 0.857142, and an ROC AUC of
0.9658. These findings demonstrate the potential of a reduced feature set to maintain high
classification performance while simplifying the model, which could enhance its applicabil-
ity in resource-constrained environments. The inclusion of the “ADD” feature enables the
model to capture dynamic brain activity patterns, complementing the psychological scales
("MADRS” and “WURS”), which provide a static but critical assessment of ADHD symp-
toms. The high recall (0.923076) and ROC AUC (0.9658) achieved with this subset highlight
the model’s ability to accurately identify ADHD cases while minimizing false negatives.
Despite the strong performance of this reduced subset, we maintained the use of all features
in the full model for several reasons. First, the full set of features provides redundancy,
which enhances the model’s robustness to noise and missing data, especially in real-world
applications where not all data points may be consistently available. Second, while some
features individually show minimal impact when removed, their collective contribution
may support finer distinctions in borderline cases. Finally, using the complete feature set
allows the model to capture additional patterns and interactions that may not be evident in
smaller subsets, potentially improving generalizability to diverse clinical populations.

6. Case Study: Detection of ADHD Among Children and Adults

This case study documents the development of DETEC-ADHD, a web app for ADHD
detection. We used Python [47] technologies to develop the API that would contain the key
app functionalities. The web app leverages the FastAPI framework [48] and the Scikit-learn
library [49] (containing the ML modules). The user interface was built with TypeScript
and the Angular framework, whereas MySQL served as the database management system.
In this case study, DETEC-ADHD was utilized in a group of students to monitor brain
activity using a non-invasive smart headset. As a proof of concept, brain activity was
monitored during the performance of different cognitive and relaxation activities to obtain
a preliminary diagnosis.

The validation of the activities was carried out considering both the professional
expertise of specialists and the feedback obtained during preliminary tests. Key adjust-
ments were made to the duration of activities, rest intervals, the environment designed for
participants, and the order in which tasks were presented, aiming to minimize the impact
of factors such as anxiety and restlessness, particularly in children diagnosed with ADHD.
Additionally, the selected activities were carefully designed to address the cognitive and
behavioral challenges typically faced by children and adults with ADHD. For children,
activities focused on promoting relaxation and concentration through auditory stimuli and
simple games. In contrast, for adults, more complex tasks, such as solving a Rubik’s cube,
were included to evaluate their problem-solving abilities under pressure.

The selection of activities was based on prior research on ADHD diagnosis. CPTs
served as a key reference, as they are widely used to assess sustained attention. CPTs
objectively measure cognitive performance by monitoring responses to continuous stimuli,
making them particularly useful for identifying patterns associated with ADHD:

o  Theta wave activities: Auditory relaxation tasks and guided meditation were chosen
for their ability to stimulate theta waves, which are frequently associated with states
of calm and relaxation. These waves are often altered in individuals with ADHD,
making them a key indicator for diagnosis.

e  Beta wave activities: Problem-solving and interactive learning activities were selected
due to their effectiveness in stimulating beta waves, which are associated with attention
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and cognitive processing. Previous research indicates that individuals with ADHD
tend to exhibit suppression or inefficient regulation of these waves.

These activities, tailored for both children and adults, were designed to maximize
the generation of brain wave patterns relevant to diagnosis while ensuring the safety and
comfort of participants.

6.1. Test Design

Continuous Performance Tests (CPTs) [50] are recommended by neuropediatricians
to evaluate sustained attention. CPTs comprise a series of cognitive and relaxation activ-
ities that allow for beta and theta waves to be measured and used as indicators of both
concentration and relaxation levels. The Table 3 describes the main characteristics of these
brain waves:

Table 3. Main characteristics of target brain waves for ADHD detection.

Wave Frequency (Hz) Physiological Association

Related to deep sleep, usually the presence

Delta 0.2-4 Hz
of dreams.

Found in the cerebral cortex and are seen in
Theta 4-8 Hz young children and adults in a state of
wakefulness or deep meditation.

Arise in the occipital lobe and are associated

Alpha 8-12 Hz with rest while awake and with eyes closed.

Associated with concentration and normal
Beta 12-30 Hz waking consciousness and are suppressed
during movement.

Linked to simultaneous information
processing in several areas of the central
nervous system, i.e., the brain is in a state of
high resolution.

Gamma 30-90 Hz

To enrich the capability of our model for detecting ADHD, we used a combined
approach to correlate patterns of brain activity with cognitive behaviors. On the one hand,
we used the Fast Fourier Transform (FFT) [51] to analyze brain wave data because of its
efficiency in decomposing EEG signals into frequency components, which are crucial for
analyzing neurological states. The FFT’s speed and effectiveness in processing data enable
the identification of specific frequency bands (delta, theta, alpha, beta) associated with
ADHD. On the other hand, we administered cognitive tests (CPTs) to gather quantitative
data on attention and distractibility, thus complementing EEG measurements.

After conducting extensive research, we resorted to the help of five psychologists
with over 15 years of experience managing ADHD in children and adolescents to design
two CPTs—one for the child group and one for the adult group. The results of the CPTs
aimed at strengthening the validation of our neurophysiological findings and improving
our model’s accuracy in ADHD detection. Significant differences in cognitive function
among participants with and without ADHD were highlighted, ensuring the relevance and
efficacy of this study. The characteristics of the activities comprising the child group CPT
are listed in Table 4:



Big Data Cogn. Comput. 2025, 9, 3 19 of 32

Table 4. Characteristics of cognitive activities for ADHD detection in children.

Wave Type of Activity Activity Length
Auditory Listening to music or relaxing sounds W1th 4-8 min
Theta the purpose of reaching a state of relaxation.
Meditation Perform deep breathing exercises. 6-8 min
Beta Problem-solving Solve a jigsaw puzzle (age appropriate). 5-15 min
Active learning Play an interactive memory game. 20 min

The test administered to the children included one activity of each type. Auditory and
guided meditation activities aimed at theta wave stimulation, whereas a jigsaw puzzle and
a memory game were implemented to promote beta wave production. The activities were
adjusted to a duration of five minutes each to reduce risks of restlessness or anxiety among
the children (see Figure 11).

Figure 11. A case study for ADHD detection in children.

The test administered to the adult group was similar to the children’s test in its design
but was developed with increased complexity and a greater number of activities, thus
making it longer to complete. The Table 5 lists the cognitive activities commonly used for
ADHD detection in adult populations.

Table 5. Characteristics of cognitive activities for ADHD detection in adults.
Wave Type of Activity Activity Duration
Auditory Listen to music or .relaxmg sounds w1th the 4-8 min
Theta purpose of reaching a state of relaxation.
Meditation Perform deep breathing exercises. 6-8 min
Solve a jigsaw puzzle (age appropriate). 5-15 min
Problem-solving Solve a Rubik’s cube. 10 min
Solve a “Word Search” game. 5-10 min
Beta Answer reading/listening .
. . 15 min
_ . . comprehension questions.
Active learningAuditory - - - -
Listen to music or relaxing sounds with the 20 min

purpose of reaching a state of relaxation.

Similar to the children’s test, auditory and guided meditation activities were selected
for theta wave stimulation; however, for beta wave stimulation, the adult test comprised
three activities instead of two: solving a higher-piece-count jigsaw puzzle, solving a Rubik’s
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cube, and answering comprehension questions from an educational video (see Figure 12).
During the case study, significant differences were observed in task performance between
participants with and without an ADHD diagnosis. The performance in each activity was
evaluated based on the time required for completion, the level of progress achieved, and
the accuracy of responses. Additionally, direct observation methods were employed to
classify levels of attention and impulsivity into three categories, low, medium, and high, as
determined by the criteria of medical specialists. The integration of these observations with
brain wave data enabled the correlation of neurophysiological patterns with the cognitive
behavior of participants. This robust approach highlighted key differences in brain activity
and cognitive performance, reinforcing the effectiveness of the DETEC-ADHD model for
ADHD diagnosis.

Figure 12. A case study for ADHD detection in adults.

6.2. EEG Data Collection

EGG data were obtained via the Muse S (Gen 2) smart headband [52] to identify the
patient’s state of attention during the cognitive test. The Muse S (Gen 2) smart headband
collects real-time data on brain activity. It is a smart device that offers advanced technical
features with four high-quality EEG sensors (TP9, TP10, AF7, and AF8). The TP9 and
TP10 channels are located near the posterior temporal regions of the brain, while the AF7
and AF8 channels are in the frontal region. The position of the sensors is important since
the temporal and frontal regions of the brain are associated with cognitive and emotional
functions, such as attention, memory, and emotional regulation. Some experts consider that
the four sensor channels on the headband are sufficient to detect basic patterns of brain
activity, while others argue that more channels are needed to obtain an accurate and reliable
EEG. The Muse S (G2) smart headband is not classified as a medical device by the US Food
and Drug Administration (FDA) or any other regulatory agency; therefore, it has not been
validated for use in the diagnosis or treatment of any medical condition, including ADHD.

The EEG data collected were processed using a combined approach. The Muse S (Gen
2) smart headband provides basic onboard processing, including real-time EEG signal
acquisition and the calculation of predefined metrics. However, additional algorithms
were employed in this study to ensure data quality and extract more precise patterns. The
processing steps included the following;:

e  Frequency filtering: A band-pass filter with a range of 0.5 to 40 Hz was applied to
retain relevant EEG signals, including delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz),
and beta (13-30 Hz) frequencies. This filter effectively removed noise from frequencies
outside this range, such as high-frequency interference or very-low-frequency signals
unrelated to brain activity.

e  Artifact removal: Techniques were implemented to detect and mitigate artifacts caused
by muscle movements, blinks, or body motion. These included interpolating contami-
nated segments and removing outlier signals.
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e  Fast Fourier Transform (FFT): This method decomposed the EEG signals into spe-
cific frequency components (delta, theta, alpha, beta) to analyze cognitive and
relaxation states.

The reference electrodes (AF7 and AF8) were set up following the manufacturer’s
guidelines, ensuring stable contact with the skin. Impedance levels were continuously mon-
itored during testing to remain within acceptable ranges, and participants were instructed
to minimize movement to reduce potential noise. These steps ensured the reliability of
the signals collected. During specific activities, they were also asked to close their eyes to
reduce interference. These precautions complemented the signal processing techniques to
improve data accuracy.

While the Muse S (Gen 2) provides an accessible solution for EEG data collection, its
non-medical nature introduces limitations in signal precision compared to multi-channel
medical-grade devices. To address this limitation, additional analyses were conducted
using complementary metrics, such as Continuous Performance Tests (CPTs), to enrich
the assessment of attention and impulsivity. These metrics included hit rates, omission
errors, commission errors, reaction times, and reaction time variability, all adjusted to the
experimental context of this study.

6.3. Use of DETEC-ADHD for ADHD Detection

The ADHD classification results were stored in a persistence service as historical
patient records. Figure 13 illustrates the main user interface (UI) screen of the DETEC-
ADHD web app, which displays a menu on the left side. Healthcare specialists have access
to several screens to manage the app as needed. The main app screens are the Home page,
the Patient Profile (and their medical records) page, the Supported Devices management
page, and the Logout option. On the Home screen, the app displays a historical graph of
ADHD cases or their derivatives identified in the list of assigned patients. Also included is
a generalized patient count and a list of recently added patients.
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Figure 13. DETEC-ADHD—main page.

The DETEC-ADHD web app is compatible not only with the Muse S (Gen 2) smart
headband [52] but also with other wearable devices with EEG capabilities that share similar
characteristics (presence of at least the TP9, TP10, AF7, and AF8 channels) and have a
manufacturer API available to facilitate real-time data integration. Compatible devices that
hold promising integration with our web app include the EPOC X [53], Mindwave Mobile
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2 [54], g NAUTILUS PRO [55], Focus Calm [56], and Mendi [57] (which although it is not a
device with EEG capabilities, it provides feedback on the user’s attention state, making it a
valuable tool in this context) (see Figure 14).

MUSE

© CANCEL @ PAUSE @ FINISH
Patient Information Test Details Device Information
Name: e A TestID: BAMZ. 8 23 Name:
Age: 25 years Date: 8-10-2023 Firmware:
Previous diagnosis: No Start: 6:05:1 Battery:
Medication use: — Time: 48:23 Status:
EEG information Physical Activity

Activity Level High

Concentration Level: Low

Comments

B IU Large T M H = E = SansSerif ¢ T

Subject exhibits a high level of upper and lower extremity restlessness during testing

Figure 14. DETEC-ADHD—example of real-time test performance.

Once a test has been completed, the information obtained by the headset is stored in
the cloud in a CSV file, and the rest of the information is stored in the database to be later
collected by the Classification Module of the web app.

6.4. Viewing the Results

After a test is completed, the patient is presented with a three-question survey to
gather medical opinions and diagnoses from healthcare specialists. This information is also
used to obtain an ADHD diagnosis. Upon submitting the survey, the web app directs the
patient to the Profile page (see Figure 15), where they can view their Test History, with the
most recent test report listed at the top. The Profile page also features a graph that provides
visual tracking of both historical and upcoming tests. Additionally, from the same screen,
users (patients) can have access to and complete multiple surveys based on the Diagnostic
and Statistical Manual of Mental Disorders (DSM-5). The responses from these surveys are
integrated with the EEG test results to complement the evaluation of brain wave activity,
thereby enhancing the web app’s capability to detect ADHD.

If the user clicks on any issued test report from the Test History section, the web app
displays the corresponding information in a Test Report Screen (see Figure 16).
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Figure 16. Test Report Screen.

As depicted in Figure 17, the Get EEG Results button in the Test Report Screen displays
the EEG data (attention states) analyzed by the web app during that particular test. The
web app analyzes attention state data and hyperactivity level data to classify ADHD into
different subtypes (see next figure), as supported by findings in neuroimaging studies that
demonstrate the effectiveness of similar methodologies [58]. Currently, DETEC-ADHD
does not support EEG data import from other devices due to the technological differences
between devices in terms of how they receive, store, and share information.

The results generated by the web app’s module are intended to provide informational
support rather than definitive conclusions. These results are designed to assist healthcare
professionals in their decision-making. For a more accurate prognosis of ADHD, conducting
periodic evaluations is advised; however, no specific frequency is universally established.
Typically, assessments are administered on a monthly basis, although the optimal frequency
may vary depending on the DSM-5 guidelines and individual patient needs.
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EEG Results

@ AF7-BetarTheta @ AF8 - BetalTheta

Beta/Theta Ratio

The Beta/Theta ratio is essentially a numerical metric that represents the ratio of the powers of beta and theta waves for a specific channel. Their interpretation
and use depend on the context and purpose of the analysis,

« Ifthe ratio is greater than 1, it indicates that the power of beta waves is dominant compared to theta waves. This could be associated with a state of
alertness or concentration.

« Ifitis less than 1, it suggests that theta waves are more dominant. which could indicate a state of relaxation or distraction.

« Ifitis near 1, it indicates that the potencies of beta and theta waves are similar.

Figure 17. EEG results report page.

The approach of the DETEC-ADHD app provides accurate detection of ADHD and its
further classification into different subtypes by utilizing smart wearables in conjunction
with task-based cognitive activities designed to stimulate varying states of concentration
and relaxation. The data collected through these activities provide valuable insights into
the individual’s behavioral patterns, which can inform healthcare professionals about the
presence and severity of ADHD symptoms. This information serves as a crucial input for
subsequent clinical decision-making.

The child and adult datasets used to validate this case study are publicly available
on Kaggle as the “EEG ADHD Children Dataset” and the “EEG ADHD Adults Dataset”.
The data comprise EEG data in CSV format, collected using the Muse S (Gen 2) smart
headband, and individual recordings from each participant. The datasets are distributed
under the Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International
(CC BY-NC-ND 4.0) license.

7. Results

DETEC-ADHD combines multiple sources of data to obtain a final ADHD result. In
addition to EEG data, the system gathers extensive personal and medical information
during patient registration. These data include medical history, such as previous diagnoses
and treatments, family history of neurological or psychiatric conditions, and other relevant
factors, including age, sex, comorbid disorders, medication use, and substance use. Psy-
chological assessments based on the DSM-5 criteria are also administered to patients and
analyzed by the web app, yielding additional scores that contribute to the performance of
the LM model in the DETEC-ADHD app.

As discussed in Section 5.4, we evaluated the performance of ten ML models, with
SVM, Logistic Regression, and CatBoost exhibiting the highest accuracy scores. We selected
Logistic Regression for its 90% accuracy. This model combines personal, medical, and EEG
data to perform the final classification of ADHD for the web app. EEG data complement the
information as an indicator of attention states during testing and provide additional data
to support the classification. The integration of these multiple types of data significantly
improves the accuracy and reliability of the ADHD results provided by DETEC-ADHD.

The Logistic Regression model utilized in this study is designed to predict the overall
presence or absence of ADHD in a binary manner. The identification of specific subtypes—
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namely inattentive, hyperactive, or combined—is accomplished through a set of classi-
fication rules established by a panel of specialists. These rules incorporate results from
additional psychological assessments, including DSM-5-based questionnaires, clinical ob-
servations, physician expertise, and EEG data processed by the system. While the model
provides valuable support in determining the presence of ADHD, the precise subtype clas-
sification is ultimately dependent on the medical professional’s interpretation, informed by
their clinical experience and the integrated data.

The DETEC-ADHD web app showed remarkable accuracy, correctly classifying 90%
of the adults and 100% of the children in this study. As far as the adult group is concerned,
six out of nine correctly identified cases were diagnosed with ADHD: three with the
inattentive subtype, one with the hyperactive subtype, and two with the combined subtype.
The remaining cases were accurately identified as non-ADHD. In the child group, all ten
correctly identified cases included five with ADHD: three with the inattentive subtype, one
with the hyperactive subtype, and one with the combined subtype. These results highlight
the accuracy and reliability of DETEC-ADHD in the detection of ADHD. The model
provides an initial binary result (presence or absence of ADHD), which is complemented by
a subtype identification process based on EEG wave ratio, medical criteria, and the patient’s
clinical history. The F1 score metric, with a value close to 0.9, supports the effectiveness of
the model in correctly classifying individuals with ADHD. Table 6 summarizes the results
of the classification in the adult group.

Table 6. Results of ADHD in adult patients.

Patient Gender Age Previous Diagnosis Presence of ADHD
1 Female 22 Depressive Disorder (DD) Negative
2 Male 25 Control Negative
3 Male 21 Generalized Anxiety Disorder (GAD) Positive
4 Female 32 Control Negative
5 Female 25 Attention Deficit Disorder (ADD) Positive
6 Male 24 Control Negative
7 Male 25 Attention Deficit Hyperactivity Disorder (ADHD) Positive
8 Female 25 Control Negative
9 Male 23 Attention Deficit Disorder (ADD) Positive
10 Female 27 Depressive Disorder (DD) Negative

The initial sample comprised ten adult participants—male and female, all within
the age range of 22 to 33 years old—including six individuals diagnosed with ADHD or
another related disorder and four control subjects. The data in each test were classified
based on the results of the ADHD detection module in the web app. The classification
was performed by averaging theta/beta ratio and taking into consideration the following
pre-established values for ADHD detection [56] (see Table 7):

Figure 18 presents a comparative analysis of EEG signal patterns between a child with
ADHD and a typically developing child. The image illustrates differences in the signal
profiles across each channel used for EEG filtering. These pattern differences support the
conclusions derived from the analysis performed by the DETEC-ADHD web app.
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Table 7. Reference values for ADHD detection.

Data Type Range Result Description

Theta waves may be dominant
Numeric <0.8 Inattentive compared to beta waves, indicating
a relaxed or distracted state.

Numeric 0.8-1.2 Modera}tely The power o.f beta waves and theta
attentive waves is similar.
The power of beta waves is
Numeric 10 Attentive dominant compared to theta waves.

This is associated with a state of
alertness or concentration.
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Figure 18. Comparison of EEG signal patterns—ADHD child vs. control child.
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The results discussed in this section demonstrate that the DETEC-ADHD web app
is an effective tool for supporting ADHD diagnosis decisions. The web app achieved a
notable accuracy rate, correctly classifying 90% of adult participants and 100% of child
participants in this study. This suggests that integrating EEG data with psychological
assessments and personal information within an ML framework can substantially enhance
the accuracy and reliability of ADHD detection. This approach offers a cost-effective and
efficient solution for healthcare professionals.

8. Discussion

This paper introduces DETEC-ADHD, a web app for ADHD detection developed in
TypeScript (Angular), Python (FastAPI), and MySQL. The web app analyzes clinical data
using MLAs to detect ADHD and further classify ADHD results into subtypes. We trained
and tested ten ML models on the HYPERAKTIV dataset to determine the best model for
the web app. Logistic Regression exhibited the highest accuracy score (90.9%) and thus
was selected.

The ADHD detection approach used in DETEC-ADHD demonstrated superior ac-
curacy compared to previous studies due to several key factors. First, the use of Logistic
Regression allowed for the effective handling of the EEG data variability, a crucial aspect
given the real-time nature of the signals. Additionally, the careful preprocessing and feature
selection from the HYPERAKTIV dataset contributed to minimizing noise and enhancing
the signal quality, which directly impacted the performance of the model in the web app.
Unlike other studies that may have used different populations or experimental designs,
our approach focused on a well-defined population and consistent data collection methods,
leading to more reliable results. These differences in methodology likely explain the higher
accuracy achieved. In addition, the results obtained in controlled settings with children
and adults highlight the effectiveness of the DETEC-ADHD web app in detecting ADHD.
The 100% accuracy results in children and 90% in adults underline the robustness of the
selected Logistic Regression model. These results are promising due to the high quality of
the data and the methodology employed.

In the evolving landscape of ADHD diagnostics, DETEC-ADHD leverages real-time
EEG data processing and machine learning to address key challenges in accessibility and
practicality. Unlike traditional approaches relying on multi-channel EEG systems or neu-
roimaging data, DETEC-ADHD combines portable hardware with complementary clinical
and behavioral inputs, such as heart rate and neuropsychological test results, ensuring
broader applicability in clinical settings. For example, while Mohd et al. [20] achieved
82% accuracy using machine learning models focused on EEG features, their approach did
not explore the integration of multimodal data that could enhance classification accuracy.
Similarly, Alim et al. [9] achieved ~93-94% accuracy using Gaussian SVM models with
time-domain and frequency-domain EEG features; however, their reliance on multi-channel
EEG systems presents barriers to deployment in resource-constrained environments. In
contrast, DETEC-ADHD emphasizes accessibility and practicality by integrating fewer EEG
channels and leveraging complementary data, enhancing diagnostic robustness without
increasing hardware complexity. Attallah et al. [21] demonstrated impressive results (speci-
ficity of 0.992, sensitivity of 0.989) using advanced multiresolution analysis techniques, and
Bakhtyari et al. [22] achieved 99.34% accuracy with ConvLSTM models. However, these
approaches depend on sophisticated equipment and computational resources, making their
implementation in real-time clinical workflows challenging. By focusing on cost-effective,
portable solutions that integrate diverse data types, DETEC-ADHD aligns with the de-
mands of real-world clinical environments. Future efforts could refine feature extraction
techniques and optimize adaptability to various clinical contexts, ensuring the system
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remains both practical and robust while bridging the gap between experimental research
and practical application.

In their work, Ittaqillah et al. [58] emphasized the potential of multimodal data by com-
bining EEG and ECG to predict concentration levels, achieving significant accuracy. While
their innovative approach offers deep insights, DETEC-ADHD extends this by providing a
user-friendly, scalable solution that can be integrated seamlessly into clinical workflows,
enhancing both diagnostic accuracy and user engagement. By emphasizing the real-time
processing of EEG data, DETEC-ADHD not only matches but, in many cases, surpasses
traditional detection methods, providing a faster, more accurate, and clinically adaptable
tool. Using Logistic Regression and cross-validation, our methodology demonstrated high
accuracy and robustness across child and adult populations, enhancing the applicability of
the DETEC-ADHD web app in detecting ADHD. Its real-time diagnostic capabilities and
accessibility offer significant advantages over conventional methods, including reduced
costs and improved ease of use. These advances underscore the relevance of integrating
ML with EEG data to provide actionable insights, facilitating the advancement of ADHD
diagnosis in both clinical and research settings.

The Muse S (Gen 2) headband provided high-quality EEG data, crucial for diagnostic
reliability. Although variability in the EEG signal and artifacts can affect accuracy, addi-
tional data-cleaning methods can be implemented. This study is a pioneer in integrating
ML with accessible EEG data in a publicly available application. The test design, validated
by a group of specialists in psychology and neuropediatrics, ensured that the activities
were suitable for measuring beta and theta waves, indicative of the level of concentration
and relaxation. The CPTs and other cognitive activities used in this study provided a solid
basis for correlating cognitive behaviors with patterns of brain activity. This approach
strengthened the validation of neurophysiological findings and improved the accuracy of
ADHD diagnosis.

The integration of different EEG technologies and other neuroimaging techniques,
such as fNIRS and fMRI, could improve the accuracy and reliability of ADHD diagnosis.
Furthermore, the implementation of deep learning models could offer additional benefits,
extending the capabilities of the system for ADHD detection. Also, expanding the web
app’s compatibility with other EEG measurement devices and biomarkers could enhance
accessibility and diagnostic accuracy. The DETEC-ADHD web app has proven to be a
promising support tool for ADHD diagnosis, integrating EEG data and advanced ML
techniques. The results obtained in this research underline the importance of continuing
to explore and improve Al-based detection technologies to offer accessible and effective
solutions to healthcare professionals.

Therefore, this study highlights the development and validation of DETEC-ADHD, a
web-based system designed to improve the detection and classification of ADHD using
machine learning and EEG data. By integrating personal, medical, psychological, and
neurophysiological information, the system offers a comprehensive approach that has
demonstrated high accuracy in initial evaluations, particularly in resource-limited settings.
The experimental results, including a 90% accuracy rate in adults and 100% in children,
underscore the reliability of the methodology, which combines multi-source data anal-
ysis with EEG biomarkers. Additionally, detailed feature ablation experiments confirm
the importance of EEG data in enhancing classification precision. These findings sug-
gest that DETEC-ADHD is a promising tool for scalable, cost-effective ADHD diagnosis,
complementing traditional clinical practices with objective, data-driven insights.
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Limitations

This study involved only 20 participants (ten children and ten adults), which, although
sufficient for an initial proof of concept, may limit the generalizability of the findings. This
is consistent with other studies, such as those by Bo Miao et al. [13] and Ittaqillah et al. [58],
which also used small samples but provided significant insights into ADHD diagnosis.
Future studies will focus on expanding the dataset through multicenter collaborations to in-
clude larger and more diverse samples, thereby improving the robustness and applicability
of the findings.

Currently, importing EEG data from other devices is limited by technology compati-
bility issues, a common challenge in the implementation of new medical technologies. We
plan to expand the support for diverse EEG devices and technologies, such as fNIRS, to
improve data integration and usability.

Another recognized challenge is the impact of EEG artifacts, such as those caused
by muscle movements or external noise, on model accuracy. These artifacts, while not
invalidating the findings, highlight the importance of developing advanced artifact removal
techniques and robust preprocessing methods to ensure data reliability. Expanding the
support for additional EEG devices and technologies, such as fNIRS, is also planned to
enhance data integration and usability.

Addressing these limitations through targeted research and technological advance-
ments is essential to enhance the DETEC-ADHD web app’s scalability and ensure its
applicability across diverse clinical settings.

9. Conclusions

Information technologies are increasingly being integrated into the health field to
improve the early detection of diseases. ADHD presents particular challenges in its de-
tection because its symptoms often resemble typical behaviors. This research proposed
an innovative solution by developing an Al module accessible through a wearable to
monitor biomarkers and assess the prevalence level of ADHD. This research developed
and evaluated DETEC-ADHD, a web app based on ML and EEG data for ADHD detection.
The app detected ADHD with an accuracy of 100% in children and 90% in adults, demon-
strating its efficacy. The main contribution of this work is the integration of advanced ML
techniques with clinical and EEG data obtained from the Muse S (Gen 2) smart headband.
This approach improved the accuracy and reliability of ADHD results, offering an acces-
sible and efficient support solution for healthcare professionals. The results of this study
highlight the potential of DETEC-ADHD as an innovative tool for the early detection of
ADHD, with a significant impact on its management and treatment. The combination of
personal, medical, and EEG data in an ML model proved to be an effective and promising
strategy. In future research, it is recommended to explore the compatibility of the web app
with FDA-approved EEG measurement devices and expand the study samples to further
validate the effectiveness of the Logistic Regression model. In addition, the implementation
of deep learning techniques could further improve detection accuracy.
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