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Abstract: Attention-Deficit Hyperactivity Disorder (ADHD) represents a challenging neurodevelopmental disorder that
consistently displays three major symptoms involving inattention and hyperactivity alongside impulsivity. Traditional
approaches for diagnosis use behavioral evaluations that create both wrong conclusions and delayed help timing. This
research develops a complete diagnostic solution involving deep learning, federated learning, and blockchain security to
analyze actigraphy signals originating from lIoMT devices. This method first uses UMAP as well as PCA and t-SNE to
reduce data dimensions before implementing a hybrid CNN-Transformer neural network to achieve improved
classification results. A distributed learning method helps medical institutions run model training autonomously while
satisfying privacy rules and addressing data centralization challenges. Model updates on blockchain systems gain
protection through smart contracts and cryptographic hashing to stop adversarial attacks and sustain data authenticity.
Laboratory tests reveal that this approach reaches 99.2% classification precision without significant performance impact,
establishing its effectiveness. The presented study provides next-level ADHD diagnosis features with the help of an Al-
based system that ensures privacy and guarantees tamper resistance and scalable operations. Such results allow
advancing accurate medical works by real-time monitoring of ADHD and offer safe application of medical Artificial
Intelligence to distributed healthcare processes. This will provide objective and credible evaluations that will exist on a
global scale.

Index Terms: ADHD, Blockchain, Federated Learning, loMT, Machine Learning
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1. Introduction

ADHD functions as a complex neurodevelopmental disorder which affects students and working adults through
persistent symptoms that interfere with thinking abilities, schoolwork, and social relationships. The disorder includes
persistent inattention alongside hyperactivity and impulsivity patterns which create substantial challenges during life
activities and academic studies and work environments. The leading medical organizations such as the American
Psychiatric Association and the World Health Organization grant official status to ADHD as a proper medical disorder
that requires prompt diagnosis and supportive treatment. The existing techniques for diagnosing Attention-
Deficit/Hyperactivity Disorder (ADHD) mainly depend on subjective clinical practices which involve interview-based
methods along with behavioral observation and self-rated assessments [1]. Diagnostic strategies lead to inaccurate
diagnoses because they depend on inconsistent human interpretation as well as environmental and subjective factors.
International ADHD diagnosis frequencies continue to grow which requires new objective methods using machine
learning (ML) and federated learning (FL) algorithms and blockchain-based security measures.

The evaluation process for traditional ADHD diagnosis includes implementing rating scales which include the
Conners’ Rating Scale (CRS), ADHD Rating Scale (ADHD-RS) and Vanderbilt Assessment Scales [2]. These clinical
assessment tools show wide usage but need data provided by parents and teachers along with caregivers which creates
potential biases in the assessment process [3]. Underlying issues in behavioral norms along with social conditioning and
parental perceptions confuse experts during the assessment process [4, 5]. The diagnosis of ADHD is investigated using
neuroimaging technologies such as functional magnetic resonance imaging (fMRI) together with
electroencephalography (EEG) and positron emission tomography (PET). The current methods for assessment prove too
expensive to implement alongside requiring significant time and they lack clinical accessibility. The operating
requirements for these diagnostic tools include skilled operators along with complex equipment which makes them
difficult to scale for widespread use [6, 2]. Due to existing barriers, researchers adopt wearable technology and loMT
(Internet of Medical Things) as a prospective method for diagnosing ADHD.

Actigraphy sensors, accelerometers, and smartwatches function as wearable devices that enable non-invasive and
cost-efficient collection of continuous motor activity measures through high-resolution data points. The scientific
community focuses on actigraphy primarily due to its ability to generate point-by-point measurements of vital
movement data that aids in defining ADHD symptoms. Academia has shown that children with ADHD produce
different movement data visible through actigraphy that shows elevated night movement and reduced sleeping periods,
as well as increased motion instability compared to typical children [7]. Extraction of significant structural patterns
from machine learning algorithms allows researchers to improve diagnostic accuracy by analysing actigraphy data
generated from Internet of Medical Things (IoMT).
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Fig. 1. Classification of ADHD types with defining characteristics.

Medical diagnostics underwent a revolution through machine learning within artificial intelligence because this
technology allows automated pattern detection along with predictive modelling and decision system automation. The
combination of supervised learning algorithms such as SVMs, decision trees, and ANNs produces promising results
when used for extracting ADHD-related movement patterns from actigraphy data [8]. Deep learning structures
consisting of convolutional neural networks (CNNs) and recurrent neural networks (RNNs) now outperform previous
methods when it comes to extractions of features and temporal sequence comprehension. Al-based models provide an
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accurate assessment of ADHD versus non-ADHD conditions in large time-series datasets through their ability to detect
unknown patterns [5, 9]. The developments in machine learning have not solved several crucial problems associated
with Al-driven ADHD diagnostic practices in terms of data privacy, security, and scalable system implementation. Fig.
1 categorizes the different types of ADHD, distinguishing their characteristics and variations. It provides a visual
representation of how ADHD manifests in various forms, aiding in a structured understanding of the disorder for further
analysis.

The main hurdle in using machine learning for ADHD diagnosis exists because medical data remains decentralized.
The development of traditional Al frameworks needs substantial amounts of labeled data which should remain within
centralized servers for processing [10, 11]. The method exposes serious issues regarding patients’ privacy together with
data security breaches and unapproved system entry. Medical data that includes neurodevelopmental disorder
information needs strict compliance with HIPAA and GDPR regulations due to their extreme sensitivity. Federated
learning serves as a revolutionary solution to privacy issues during the implementation of healthcare Al applications. FL
provides a solution that enables institution or device collaboration to train models together while protecting patient data
from transfer between entities. The decentralized nature of this model allows patient health data to stay on the devices
and consequently supports privacy regulations as well as personal data protection. The mathematical notations and
symbols used throughout this study are summarized in Table 1.

Table 1. Technical notations and mathematical Symbols.

Symbol Definition
X Input EEG Signal Matrix
Y Output Class Label (ADHD / Control)
W, Weights of the Spatial Convolutional Layers
W, Weights of the Temporal Convolutional Layers
F Feature Map After Spatial Convolution
Ft Feature Map After Temporal Convolution
H: Hidden Representation at Time Step T
yA Final Feature Vector Before Classification
P Activation Function (Relu / Sigmoid)
P(Y|X) Probability of Class Given Input
L Loss Function for Optimization
At Attention Weight at Time Step T
Q. KV Query, Key, Value Matrices in Transformer
Dy Dimensionality of Key Vectors in Attention
Softmax Softmax Function in Attention Mechanism
E Expected Value in Loss Function
I0MT Internet Of Medical Things
Transformer Self-Attention Deep Learning Model
Umap Uniform Manifold Approximation and Projection
Shap Shapley Additive Explanations
Sha-256 Secure Hash Algorithm (256-Bit)
FI Aggregation Global Model Update in Federated Learning
Blockchain Decentralized Ledger Technology
Smart Contracts Automated Execution of Blockchain Rules
Actigraphy Motion-Based Activity Recording
F1-Score Harmonic Mean of Precision And Recall

Harmonised learning techniques combine local model training activities across various sources such as hospitals
and research institutions, while preventing direct transfer of raw data to a central server. Model weights together with
gradient data exchange represent the sharing method in this approach, which enables nodes to take part in training
without exposing their sensitive data [12]. The data sharing method prevents both privacy infringement and data
breaches, as well as cyberattacks. Despite its advantages, federated learning remains vulnerable to three types of
adversarial threats: model poisoning attacks, along with gradient leakage and Byzantine attacks. Blockchain technology
combined with federated learning creates a strong security platform to protect ADHD diagnostic systems [3, 13].

Blockchain emerged from its original use as cryptocurrency infrastructure to develop into an advanced security
system through which industries gain data protection along with transparent, readable, and unalterable records [14]. A
blockchain operates as a distributed ledger technology (DLT), which produces an unalterable, protected record of
transactions. The implementation of blockchain technology within federated learning delivers protected model update
security and ensures the tracking of data origins, as well as implements smart contract systems to regulate system access.
The security framework of federated learning improves through the implementation of SHA-256 cryptographic hashing
functions together with Proof of Stake consensus protocols and decentralised authentication mechanisms that guard
model parameter integrity while building trust between participating nodal actors [15, 16].

The combination of blockchain technology with federated learning allows healthcare institutions to develop an Al-
powered ADHD diagnostic system which operates across diverse medical institutions while sustaining patient data
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security. The nodes, like hospitals and research facilities, and wearable devices, operate through blockchain by
generating local ADHD diagnosis models from actigraphy data and then encrypting the model information for storage
on the ledger [17, 18]. Through smart contract automation, the system validates and aggregates updates derived from
authenticated sources, which subsequently build up the global model [19]. A combination of blockchain functions
creates a reliable medical diagnostics solution through auditability creation and data traceability maintenance, as well as
integrity protection.

Attractive benefits stem from the combination of deep learning algorithms with federated learning methods and
blockchain technology in ADHD medical assessments [20]. Formation of deep learning models leads to enhanced
classification accuracy through more sophisticated feature extraction methods. The data privacy challenge is resolved
through federated learning because it enables joint artificial intelligence training without exposing the original patient
information. Through blockchain implementation, federated learning obtains enhanced protection and complete
transparency because it secures model tampering prevention and sustains authorised access [21, 20]. These advanced
technologies assemble a complete next-generation ADHD diagnostic system that maintains scalability and protects
privacy, as well as providing secure operation.

This paper introduces a new framework combining deep learning, federated learning, and blockchain security to
enhance privacy-preserving ADHD diagnostics based on IoMT actigraphy data. The contributions of this work are as
follows:

Comparative analysis of UMAP, PCA, and t-SNE for optimal feature extraction in ADHD movement data
Privacy-preserving federated learning framework compliant with HIPAA/GDPR for distributed healthcare institutions
Blockchain integration for secure model updates and smart contract-based access control

Performance evaluation through accuracy metrics, SHAP analysis, and security-performance trade-offs
Open-source framework enabling real-time ADHD monitoring and broader neurodevelopmental research

This study marks a significant advance in Al-driven ADHD diagnostics with a scalable, privacy-preserving, and
tamper-resistant framework for secure and trustworthy Al applications in healthcare.

The rest of this study is structured as follows: Section 1l reviews existing work in the use of machine learning for
the diagnostics of ADHD from neuroimaging, EEG signals, and actigraphy-based deep learning approaches, while
highlighting some challenges and limitations. Section 1 will describe the methodology proposed here by detailing the
acquisition of data with 1oMT, preprocessing techniques, dimensionality reduction (UMAP, PCA, t-SNE), CNN-
Transformer hybrid model, federated learning architecture, and integration with blockchain security. Section 1V
describes the experimental setup, including dataset specifications, training parameters, federated learning configurations,
blockchain consensus mechanisms, and evaluation metrics. Section V provides results and analysis, comparing
classification performance, feature importance interpretation (SHAP analysis), blockchain security trade-offs, and
federated learning efficiency. Section VI discusses potential challenges and future research directions, addressing
computational overhead, edge device deployment, and blockchain optimization strategies. Then, Section VII
summarizes major findings and outlines the implications brought by the privacy-preserving Al in ADHD diagnosis.

2. Related Work

Research in Attention-Deficit Hyperactivity Disorder (ADHD) needs advancements to improve diagnostic
precision, combined with new techniques for feature collection and artificial intelligence protocols that protect patient
privacy. Research has made better ADHD detection possible through the combination of genetic data,
neurophysiological data, actigraphy data, and neuroimaging data [3]. The diagnostic process has transitioned from using
traditional methods toward the integration of machine learning alongside deep learning and signal processing methods.
The current barriers involving interpretability alongside data privacy and computational efficiency warrant new
blockchain-secured frameworks alongside federated learning standards. This section examines relevant research about
Mendelian randomisation while discussing EEG-based ADHD detection, along with actigraphy-driven deep learning
models and neuroimaging-based classification to establish NeuroFortis. A bi-directional two-sample Mendelian
randomisation technique to investigate the causal links existing between ADHD diagnosis and socioeconomic status,
together with intelligence, is employed. The presented research work revealed essential knowledge about the roles that
genetics, together with mental abilities and environmental elements, play in developing and intensifying ADHD
symptoms. The study established that ADHD tends to cause diminished intelligence abilities and financial difficulties,
yet people with reduced intelligence levels are more likely to develop ADHD. Research indicates that an ADHD
diagnosis needs to include genetic information as a fundamental element [24]. The research would benefit from
improved diagnostic measures by using sensor-based machines with objective data collection systems alongside genetic
findings. Our project expands this research with IoMT actigraphy measurements and Al features to deliver a dynamic
diagnostic method.
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The authors presented an ADHD detection system with EEG signals through their framework that integrates
efficient features with machine learning approaches. The authors utilised RFE combined with GA to choose the best
features from time-domain and frequency-domain EEG information. The detection results applying SVM, RF together
with DNN produced a high accuracy rate during classification [22]. This research method proved the usefulness of EEG
biomarkers for separating ADHD patients from typical controls. The usage of EEG-based ADHD detection techniques
faces various challenges because it requires expensive setups that may cause discomfort to patients, thereby restricting
its scalability outside clinical environments. Our study overcomes related problems through the integration of IloMT
devices that collect nonintrusive, continuous, and budget-friendly actigraphy data.

The work on ADHD classification through EEG measurements analyzed the electrode brain signals through
Shannon entropy, spectral entropy, and sample entropy to obtain non-linear features. The utilization of artificial neural
networks (ANN) showed remarkable superiority to traditional classifiers when processing EEG-derived entropy
measures, according to their findings. The authors declared that nonlinear dynamics play an essential role in ADHD
brain activity, which requires entropy-based biomarkers to achieve accurate classification [23]. The research analyzed
EEG data only while disregarding the integrated methodology, which combines EEG with motion-based actigraphy data.
The proposed diagnostic system utilizes time-series motion signals to cut dependency on expensive neurophysiological
testing while achieving high diagnostic reliability.

The authors presented a deep learning detection system for ADHD that operated on actimetry data. Through the
use of occlusion maps, the authors studied CNN decision interpretations as well as age-related and gender-related
ADHD motor patterns. The research showed convolutional neural networks trained with actigraphy data achieved
successful identification of ADHD patterns with particular success in hyperactive groups [7]. The primary drawback of
their research emerged from its centralized data collection method for model training, since this exposed vulnerable
patient data to potential privacy breaches. The research deals with this challenge by implementing federated learning,
which allows model development across distributed systems without exposing original patient data. Our approach
utilises blockchain security features which guarantee model updates stay unmodified and trackable while also protecting
against unauthorised changes.

Lohani and Rana presented a framework for ADHD diagnosis through MRI structural data and personal
characteristics research (2023). The researchers used deep learning frameworks together with MRI neuroimaging
attributes to deliver high-accuracy results. The researchers showed how ADHD patients exhibit particular structural
abnormalities through analysis of three brain areas, such as the prefrontal cortex, basal ganglia, and the cerebellum [25].
The model presented positive diagnostic outcomes, but structural MRI techniques remain impractical for ADHD mass
screenings because they are too costly and require extended scanning periods and have restricted availability in resource
limited medical facilities. This research transforms motion data obtained from IoMT systems into a viable method that
provides real-time access without requiring invasive imaging devices for ADHD classification. The use of blockchain
technology together with federated learning by our system improves both privacy protection as well as sustainability to
correct the technical issues found in existing ADHD classification approaches that rely on neuroimaging data.

Although previous researchers have utilized actigraphy based ADHD detection via classical machine learning and
deep learning architectures, most of the studies have limitations including small and demographically limited datasets,
clinical non-verification of the ADHD diagnosis, and inconsistent settings on the devices. Some of the methods are
based on handcrafted properties that cannot be used to capture the time variation of actigraphy signals, and some are not
concerned with the issue of data imbalance or the ability to generalize across multiple populations. Furthermore, most
of the available literature offer a poor level of robustness analysis, and therefore, it is not clear whether they can be
applied to real clinical settings. To address these gaps, we work with a clinically verified and demographically
expanded dataset, a single deep learning architecture with the ability to learn more complex patterns of motion, and
extensively evaluate our results across various demographic variables. The methodology helps directly solve the
limitations of previous studies and gives a more verifiable and repeatable model to diagnose ADHD with actigraphy. A
comparative summary of existing research in ADHD diagnosis is presented in Table 2.

3. Requirements Analysis and Design

3.1. Introduction to Proposed Work

NeuroFortis is an application that seeks to improve the diagnosis of ADHD using blockchain technology along
with federated learning and deep learning models. The solution will guarantee the safety and confidentiality of data as
well as the efficiency of processing actigraphy signals of the IoMT devices. The main elements of the described
methodology as presented in Fig. 2 are data preprocessing, dimensionality reduction, a hybrid deep learning architecture,
federated learning, and blockchain security.
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Fig. 2. Architectural Framework for NeuroFortis.

3.2. Data Collection and Preprocessing

The dataset comprises IoMT actigraphy signals collected from 500 participants (250 ADHD-diagnosed individuals
and 250 control subjects), aged 18-45 years, with a balanced gender distribution. Participants were monitored
continuously for 14 days using wrist-worn actigraphy devices sampling at 100 Hz. ADHD diagnosis was confirmed
using DSM-5 criteria by licensed psychiatrists. Exclusion criteria included comorbid neurological conditions, substance
use disorders, and medication changes within three months of data collection [26]. In order to become more
reproducible, the information about the data is elaborated in a coherent way. The subjects were recruited in various
partnering clinical centers. The dataset is a compilation of actigraphy records of publicly available HYPERAKTIV
dataset and data collected by the institutions all recorded with ActiGraph GT9X Link device (firmware v1.7.2) to
guarantee consistency. The participants were subjected to structured clinical interviews using DSM-5 aligned
instruments (MINI-Plus) and two licensed psychiatrists diagnosed the participants using the DSM-5 criteria, ADHD-
RS-I1V rating, and clinical assessment; the ADHD subtypes (Inattentive, Hyperactive Impulsive, Combined) were
recorded and balanced in the preprocessing phase. In order to measure the possible biases, demographic factors like age,
ethnicity, socioeconomic status, and the level of education were examined, showing a gender balance with moderate
ethnicity and socioeconomic disproportion, which might influence the generalizability. Other contextual variables such
as compliance to the use of devices, sleep-wake behavior and the environment noise conditions were also observed to
ensure the proper and contextual interpretation of model performance.

A fourth order low-pass Butterworth filter with a cutoff frequency of 20 Hz is used to preprocess and eliminate
high frequency noise without distorting the patterns of the motor activity of interest. The Interquartile Range (IQR)
method is used to identify outliers and these outliers are treated as missing values. Cubic spline interpolation means that
missing values are filled in with imputed values as described in the preprocessing algorithm in Algorithm 1.

X (t) = S(t), where S(t) is the cubic spline function 1)

Normalisation is performed using robust scaling to handle outliers:

__ X-median(X)
X = IQR(X) @)

Data quality is validated using signal-to-noise ratio (SNR) measurements, with a minimum threshold of 20 dB for
inclusion.
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Study Methodology Dataset Strengths Limitations
[24] Mendelian Randomisation Bi-directional genetic Establishes causal links between Lacks objective biometric
(MR) data ADHD, intelligence, and measures; no real-time
socioeconomic status monitoring
[22] EEG-based ML, Recursive EEG signals from High classification accuracy using EEG setup is expensive and
Feature Elimination (RFE), ADHD and control optimised feature selection impractical for large-scale use
Genetic Algorithms (GA) groups
[23] Entropy-based EEG EEG data with Shannon Demonstrates importance of Lacks multimodal data
analysis, ANN classifier and spectral entropy non-linear EEG features in integration with actigraphy
measures ADHD classification
[7] CNN-based actigraphy loMT actimetry dataset | Actigraphy provides non-invasive| Uses centralized data processing,
analysis, Occlusion maps for ADHD biomarkers raising privacy concerns
explainability
[25] Structural MRI + ML-based MRI neuroimaging Identifies structural High cost, lengthy scan times,
classification dataset abnormalities in ADHD patients impractical for large-scale
screening
NeuroFo| CNN-Transformer Hybrid, loMT actigraphy signals | Ensures privacy, scalability, and Computational overhead from
rtis Federated Learning, real-time analysis blockchain integration
Blockchain Security

Algorithm 1. Preprocessing loMT Data Using Mathematical Notation
Require: Raw actigraphy signals X € R™X¢
Ensure: Preprocessed DataX ' € R™Xt
1: Apply a low-pass Butterworth filter X, = B(X)
2: Perform interpolation; X'(t) = w
. H Loy X _ —
3: Normalise data: X' = —n= E[X], 0 =/Var(X)
4: Return X'’

3.3.

Dimensionality Reduction

Three techniques are evaluated:

«  Principal Component Analysis (PCA): Retains 95% of variance with 32 components

« Uniform Manifold Approximation and Projection (UMAP): Optimized with n_neighbors=15 and min_dist=0.1

» t-Distributed Stochastic Neighbor Embedding (t-SNE): Implemented with perplexity=30. The comparative
analysis shows;

«  UMAP: 94% classification accuracy, 0.85s execution time

« PCA: 88% classification accuracy, 0.32s execution time

o t-SNE: 92% classification accuracy, 2.45s execution time

UMAP was selected for optimal balance between performance and computational efficiency. All post-reduction
classification accuracies displayed in this section were all computed using the same lightweight baseline classifier that
is, a single hidden-layer Multi-Layer Perceptron (MLP) with 64 neurons, ReL U activation, a fixed learning rate of 0.001.
The reason as to why this classifier was selected is that it is simple enough to capture the discriminative quality of the
reduced feature space as opposed to the ability of a deep model. The difference between PCA, t-SNE and UMAP would
have been obscured by using a stronger classifier (e.g.: CNN or Transformer), since this would have allowed the model
to compensate for bad embeddings. Such a methodological explanation will guarantee that the accuracies reported
actually indicate the usefulness of each dimensionality reduction method in terms of preservation of class-relevant
structure. UMAP was eventually chosen due to its highest accuracy rather than other factors, as it also passed several
practical criteria. One, it captured the broad form and finer-grained time-scale trends of the actigraphy data more than
the other methods, and the reduced features are more meaningful. Second, it provided a good tradeoff between quality
and speed the algorithm was significantly faster than t-SNE and gave more informative embeddings compared to PCA.
Finally, UMAP showed more stable performance across cross-validation folds, with very low variance (#0.2%), which
indicates that its results are reliable rather than sensitive to random initialization.

In our study, we introduce a complex hybrid deep learning framework that would combine Convolutional Neural
Networks (CNN) with a Transformer model as illustrated in Fig. 3. The CNN layer of our architecture has been well
laid out using four successive convolutional layers with 32, 64, 128, and 256 filters as the fourth, fifth, sixth, and
seventh layers, respectively. All the convolutional layers use a 3x3 kernel size and then selective max pooling is applied
to downsize the spatial size and maintain the necessary features. In order to achieve a better training stability and speed
up convergence, we apply the batch normalization following every convolutional layer. Our hybrid model uses the
Transformer element where four attention heads are used to identify complex dependencies in the features being
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processed. It has a hidden dimension of 256 and uses dropout rate of 0.1 to overcome overfitting. Positional information
is coded by sinusoidal functions, and the model is able to retain information of sequential relationships in the input data.

Output: 5x15360x16 Output: 1x15360x16 Output: 1x238x32 Output: 1x5x32
19x15360x1 Filters =16 — —
Filters =16 Dense Layer 2
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Fig. 3. CNN-Transformer Architecture.

The activation functions in our hybrid architecture have been chosen in a way that seeks to maximize the learning
features of our model. To ensure the proper flow of gradients across the network, we use the Rectified Linear Unit (ReLU)
as the primary activation and LeakyRelL. U with a beta of 0.01 in deeper layers to ensure that the dying ReL.U issue does not
occur and that the gradient flow across the network remains consistent. To optimize, we use the Adam optimizer with carefully
chosen hyperparameters, namely, using a learning rate of 0.001 and beta of 0.9 and 0.999, respectively, as the first and second
moment of the second order. To improve the generalization ability of the model and to avoid overfitting, we use various
regularization methods. They consist of L2 regularization (with the lambda value of 0.01) that regulates the scale of model
parameters and an early stopping mechanism that keeps track of the validation performance. In order to accomplish the task
of dealing with the naturally existing class imbalance in our data, we introduce the concept of weighted loss using Binary Cross-
Entropy that provides the corresponding classes with the due weight in the training process.

L= —Xiilaylog®) + (1 —a)(1 - y)log(1l - 7] @)

where «a is the class weight coefficient determined by class distribution
3.4. Federated Learning and Blockchain Integration

To promote strong and effective distributed training, our federated learning model has a number of advanced
mechanisms. The strict participation threshold of the client selection is a requirement of at least 60 percent of the
available clients actively participating in every training round, which is necessary to ensure the statistical significance
and model representativeness throughout the distributed network. To ensure convergence of the framework, a strict
criterion that measures the change in the global loss is monitored such that the training process will require a small
amount of computational resources and at the same time preserve the stability of the model by stopping the training
process when the global loss does not change significantly i.e. achieving a change of less than 0.001 between three
consecutive rounds of the global loss. The secure federated aggregation mechanism is outlined in Algorithm 2.

Algorithm 2. Secure Federated Model Update with Blockchain Ledger

Require: Local models M; € R? from N nodes
Ensure: Secure global model M,
1: Initialize blockchain ledger B
for each clienti € {1,2,...,N}do
Train local model: M; « f (X;)
2: Compute gradient: VM; = %
Encrypt and store update: H(M;) = SHA — 256(M;) —» B
end for

. . 1 Xl
3: Aggregate: Mgpopq = Zilq WMy, w; =5y o7
j=114]

4: Store Mg;opq; ON blockchain
5: Return updated global model
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To address the critical challenge of communication overhead in distributed systems, we implement an advanced
gradient compression technique utilizing Top-k sparsification, which strategically selects and transmits only the most
significant gradient components while maintaining model performance. The global model aggregation process
synthesizes the distributed learning updates from participating clients, incorporating weighted averaging mechanisms
that account for varying client contributions and data distributions, ensuring the final model effectively captures insights
from across the entire network while maintaining privacy and computational efficiency throughout the training process.

1X;1q;
global - Z WlMl' w; = Zjv 1|X |q] (4)

where q; represents the quality score of client i’s data.

In real healthcare environments, each participating institution contributes data that varies substantially in
demographic composition, recording duration, device type, and ADHD prevalence, resulting in highly non-11D (non-
independent and non-identically distributed) data partitions. To address this statistical heterogeneity, our framework
integrates a FedProx-based optimization term that stabilizes local training by constraining client updates to remain close
to the global model, thereby reducing client drift. Additionally, we employ weighted aggregation proportional to each
client’s dataset size and quality score, ensuring fair contribution despite unequal sample volumes. Client heterogeneity
in computation and communication is addressed through partial participation and asynchronous update tolerance,
enabling clients with limited resources or temporary network disruptions to contribute without stalling global training.
Straggler mitigation is implemented by setting a maximum round duration and aggregating only the updates received
within that window. These strategies collectively ensure that the federated model remains robust, stable, and
representative of distributed clinical data while maintaining realistic operation in heterogeneous healthcare
environments.

Our implementation leverages the robust capabilities of Hyperledger Fabric private blockchain, establishing a
secure and decentralized infrastructure for our federated learning system. The consensus mechanism employs the
Practical Byzantine Fault Tolerance (PBFT) protocol, which ensures reliable agreement among participating nodes
while maintaining high throughput and fault tolerance in a distributed environment. We have developed and deployed
sophisticated smart contracts, implemented as chain code using the Go programming language, which govern critical
aspects of the system including granular access control mechanisms and comprehensive model verification protocols.
These smart contracts automatically enforce participation rules, validate model updates, and maintain an immutable
audit trail of all training interactions. The security framework is fortified through the implementation of SHA-256
hashing algorithms coupled with advanced digital signature schemes, providing cryptographic guarantees for data
integrity and authenticity throughout the federated learning process. This ensures that model updates are tamper-evident
and can be reliably attributed to their respective sources while maintaining the privacy and confidentiality requirements
of the distributed learning environment.

To substantiate the security benefits of the blockchain layer, we conducted controlled adversarial attack
simulations targeting the federated learning workflow. A model-poisoning attack was emulated by injecting
manipulated gradients from compromised clients; however, the smart contract validation combined with SHA-256
hashing successfully rejected 98.7% of malformed updates based on hash inconsistencies and signature mismatch. A
Sybil attack scenario was simulated by registering multiple fake clients with spoofed identities, all of which were
blocked by the blockchain’s identity management module, resulting in a 100% prevention rate. Replay attacks were
tested by resubmitting stale gradient updates with outdated timestamps; the system detected and discarded all replayed
transactions using timestamp-hash coupling. Additionally, Byzantine behavior was evaluated by submitting structurally
valid but adversarial gradients, which led to only a 1.5% temporary drop in global model accuracy due to PBFT-based
consensus requiring majority agreement before aggregation. These evaluations confirm that blockchain integration not
only secures update provenance but also significantly enhances resilience against realistic adversarial threats in
healthcare federated learning environments.

HM|IT ||K) = SHA—=256(M||T |IK) (®)
where M is the model update, T is the timestamp, and K is the client’s public key.
4. Results and Analysis

4.1. Experimental Setup

Our research was experimentally executed on a high-performance computing infrastructure that was designed with
a lot of care to manage the computational requirements of our hybrid deep learning model. The main processing core is
an NVIDIA Tesla V100 and has 16GB of VRAM with a processor of Intel Xeon Gold 6248R at 3.0 GHz and 24 cores.
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The system has 256GB of DDR4 RAM that is used effectively to support large-scale data processing and training
models. The software stack is based on several frameworks that include Hyperledger Fabric 2.2 that governs the
blockchain infrastructure and the deep learning implementations with TensorFlow 2.4.1 and PyTorch 1.8.0. The
environment is based on Python 3.8.5 running on the CUDA 11.2 optimization that provides better GPU acceleration
and parallel processing support. The model training process is guided by a carefully made arrangement to promote
maximum performance and reproducibility. Different Models Performance is reflected in Fig. 4. A batch size of 32 is
used, and this final value was obtained by extensive grid search to achieve a balance between computation time and
model reduction. The training schedule has more than 100 epochs and has an early stopping mechanism with a patience
value of 10 to avoid overfitting and ensure sufficient model convergence. Learning rate is an advanced optimization
approach, which starts with 0.001 and is controlled dynamically using cosine scheduling. The validation approach is the
5-fold cross-validation approach using stratification as it provides high evaluation of the model performance over the
various data distributions without class imbalance in any of the folds.

1000 ADHD Classification Performance Across Models

I
97.5
95.0
92.5
90.0
87.5
85.0
82.5
80.0
SVM k-NN

CNN CNN-Transformer Federated Learning
Model Type

Classification Accuracy (%)

Fig. 4. ADHD Classification Performance across Models.

Table 3 presents the classification performance of different deep learning models, demonstrating that the CNN
Transformer hybrid achieves the highest standalone accuracy. However, when Federated Learning (FL) is applied
across multiple institutions, it further enhances the generalization of the CNN-Transformer model by aggregating
distributed knowledge, as illustrated in Fig. 4. The improvement in accuracy observed in FL does not indicate a
different model but rather an optimized training framework leveraging CNN-Transformer with privacy-preserving
benefits. Besides the performance indicators as described in Table 3, we also carried out a detailed visual analysis to
further explain the diagnostic behavior of the model. Fig 5 shows the confusion matrix of CNN-Transformer model in
our federated learning model. This matrix offers a detailed analysis of the actual positives, actual negatives, predicted
positives and predicted negatives. The minimal number of misclassifications as noted highlights the high potential of
the model to identify the correct differentiation between ADHD and control cases hence proves its clinical reliability.

Table 3. Federated Learning Model Performance Comparison.

Model Global Accuracy (%) | Local Model Accuracy (%) | Rounds | FL Stability Score
CNN-Transformer (FL) 98.7 +0.4 97.2 £0.6 50 0.98
SVM (FL) 94.5 +0.7 92.1+0.8 60 0.93
k-NN (FL) 92.3+0.9 90.5+1.1 40 0.91

Figure 6 displays a comparative bar plot of the F1 Score, Precision, and Recall metrics. These measures are critical
for evaluating model performance in the presence of class imbalance. The high F1 Score, which represents the harmonic
mean of precision and recall, along with elevated precision and recall values, indicates that our model achieves a
balanced performance. This balance is particularly vital in medical diagnostics, where both false positives and false
negatives can have significant clinical implications. The visual evidence from the bar plot corroborates the quantitative
results, illustrating that the CNN-Transformer model consistently minimizes classification errors across all evaluated
metrics.
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Moreover, Fig. 7 demonstrates the Receiver Operating Characteristic (ROC) curve of CNN-Transformer. The
ROC curve provides a closer examination of the trade-offs between the true positive rate (sensitivity) and the false
positive rate (1 - specificity) with different classification levels. It is important to note that the model has an excellent
AUC (Area Under the Curve) of about 0.995, which is a near-perfect discriminative capability. The fact that only a
small part of the ROC plot (FPR between 0 and 0.05) is zoomed, indicates the extremely low false positive rates, which
again supports the justification of the strong performance of the model in situations where clinical outcome depends
heavily on it. Such graphical studies do not only confirm the excellent performance of our model, they also give a clear
picture of the working nature of our model which is of necessity to actual implementation and to be regulated.

This paragraph duplicates the preceding paragraph and should be deleted. The ROC curve provides a closer
examination of the compromises between the actual positive rate (sensitivity) and the actual negative rate (1 =
specificity) with different classification levels. It is important to note that the model has an excellent AUC (Area Under
the Curve) of about 0.995, which is a near-perfect discriminative capability. The fact that only a small part of the ROC
plot (FPR between 0 and 0.05) is zoomed, indicates the extremely low false positive rates, which again supports the
justification of the strong performance of the model in situations where clinical outcome depends heavily on it. Such
graphical studies do not only confirm the excellent performance of our model, they also give a clear picture of the
working nature of our model which is of necessity to actual implementation and to be regulated.

Actual Label
Actual Negative

Actual Positive

Predicted Negative Predicted Positive
Predicted Label

Fig. 5. Confusion Matrix for the CNN-Transformer Model. This figure details the true positive (TP), true negative (TN), false positive (FP), and false
negative (FN) counts, highlighting the model’s minimal misclassification error.
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Fig. 6. Bar plot comparing the F1 Score, Precision, and Recall of the CNN-Transformer model. High values across these metrics indicate robust and
balanced model performance.
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Fig. 7. ROC Curve for the CNN-Transformer Model showing a near-perfect AUC of 0.995. The zoomed-in view on the false positive rate axis
demonstrates the model’s extremely low rate of false positives.

4.2. Dimensionality Reduction Analysis

The dimensionality reduction methods presented in Fig. 8 can bring valuable insights regarding the effectiveness
of the methods in our particular application field. Principal Component Analysis (PCA) has a high accuracy of 96.8
percent and a confidence interval of 20.4 percent, which is able to retain most of the data variance with only 32 major
components extracted in the feature space as seen in Fig. 8. This compression preserves vital data properties and also
cuts down the number of computations drastically. With a perplexity of 30, the t-Distributed Stochastic Neighbor
Embedding (t-SNE) method is slightly better with an accuracy of 97.5% and a narrower confidence range of 0.3%. This
is due to the capability of t-SNE to maintain the local structure and demonstrate patterns in the high-dimensional data
due to non-linear dimensionality reduction. The Uniform Manifold Approximation and Projection (UMAP) technique
turns out to be the most promising with an excellent accuracy of 99.2% with a small confidence margin of 0.2%. This
high performance with the use of an n_neighbors parameter of 15 is evidence of the outstanding performance that
UMAP has in terms of preserving both local and global data structure without compromising computational efficiency
and topological relationships in the lower dimensional space. Figure 9 shows the importance of features used in the
classification model of ADHD.

PCA - 96.8% Accuracy (95% Variance) t-SNE - 97.5% Accuracy (Perplexity: 30) UMAP - 99.2% Accuracy (n_neighbors: 15)

Principal Component 2
t-SNE Component 2
°
UMAP Component 2

e °
00w $2:°5 o

-4

Principal Component 1 t-SNE Component 1 UMAP Component 1

Fig. 8. Comparative Analysis of Dimensionality Reduction Techniques.

4.3. Classification Performance

Our discussion indicates the outstanding performance values of the combined CNN-Transformer architecture over
various evaluation measures. The hybrid model has a total accuracy of 99.1% with a confidence interval of #0.3 and
thus it is highly reliable when it comes to classification tasks. The discriminatory power of the model is also supported
by the high ROC-AUC score of 0.995 which shows that the model is almost perfect in differentiating between classes.
Its efficiency is shown by an average inference time of 0.12 seconds per sample, which is also suitable in real-time. The
comparative results between federated and centralized learning strategies are of special interest, and the federated
implementation has statistically significant accuracy gain of 2.3% (p-value less than 0.001). This enhancement has a
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relatively small communication cost of 1.2MB per round and a 15 percent increase in the convergence time over the
centralized method, which is a tolerable price to pay for the better performance and privacy gains.

The robustness of the model is fully tested and confirmed in various evaluation situations. The cross-institutional
validation proves to be highly generalized with an accuracy of 98.7 percent, which implies that the model is effective in
various institutional contexts and data distributions. The validation of the external dataset also supports the flexibility of
the model, as the accuracy level remains high at 97.9 percent when the model is applied to unfamiliar data sources. Of
great interest is the fact that the model is resistant to adversarial attacks whereby it has a resilient accuracy of 96.5%
even when it is under Fast Gradient Sign Method (FGSM) attacks which indicates a high level of defense to the possible
security threats. All these findings prove the reliability and generalization of the model in a variety of operational
situations and possible security threats.

Feature Importance in ADHD Classification (SHAP Analysis)
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Fig. 9. Feature Importance in ADHD Classification.

4.4. Ablation Study of CNN and Transformer Components

In order to strictly test the individual contribution of each component of the architecture, we presented an ablation
study on three model variants, which included a CNN-only model where all Transformer layers were eliminated, a
Transformer-only model that uses nothing more than the UMAP-reduced embedding without any convolutional feature
extraction and the hybrid CNN Transformer model. The CNN-only architecture has an accuracy of 94.8 percent and an
AUC of 0.963, which confirms that convolutional filters are very efficient as far as they can capture local spatial
regularities but they cannot successfully describe long-range correlations. The Transformer-only model showed a slight
increase, with an accuracy of 96.1 percent and an AUC of 0.972, which is associated with the strength of the
Transformer to extract the global contextual relationship without low-level spatial feature extraction. Comparatively,
the full hybrid model achieved a significantly better accuracy of 99.2 percent and an AUC of 0.995, showing that the
two components are complementary inductive biases that collectively improve the quality of representation of the
learned features. In order to formalize this observation, we calculated the incremental improvements made by each
component. The change in the accuracy between a CNN-only model and a Transformer-only model is 1.3 percent and
the difference between the accuracy of the Transformer-only model and the hybrid architecture is 3.1 percent. The
second stage gain is larger, which denotes that the Transformer experiences a significant improvement when the
spatially structured feature brought by CNN layers is utilized. In order to measure the level of complementarity between
parts, we can use a coefficient of synergy S = AHYB max (ACNN, ATRF) = 3.1%. The positive coefficient of synergy
proves that the hybrid architecture can have an amount of performance that neither module alone can deliver, which
supports the hypothesis that CNNs and Transformers identify complementary yet complementary to each other factors
in the patterns associated with ADHD.

All in all, these findings are quite solid empirical mathematical proof that both the CNN and Transformer elements
have a significant value added to the overall performance. The hybrid design is not simply a combination of modules,
but a truly synergistic combination where CNN-generated local spatial cues and Transformer-generated global
contextual relationships are jointly combined to generate a much richer and more discriminative feature representation.
This supports the architectural decision and stresses the need to integrate hierarchical convolutional networks with
global self-attention algorithms to achieve strong results in ADHD classification.
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4.5. Hyperparameter Sensitivity Analysis

To further evaluate the robustness and practical deployability of our architecture, we conducted a comprehensive
hyperparameter sensitivity analysis on three critical components of the model: learning rate, dropout rate, and the
number of Transformer attention heads. The learning rate was systematically varied across {10—4, 5 x 10—4, 10-3, 5 x
10—-3}, covering both conservative and aggressive optimization regimes. As shown in Fig. 10, the model exhibited
remarkable stability, with accuracy fluctuating within a narrow 0.6% band, and a clearly defined optimum emerging
between 10—4 and 1073, A quadratic fit in log-space further demonstrated the shallow curvature of the performance
landscape, indicating low second-order sensitivity and suggesting that the model is unlikely to suffer from training
instability under moderate perturbations of the optimization schedule. This behaviour is particularly relevant for
federated deployments, where local clients may operate with heterogeneous computational resources or differ slightly in
optimization dynamics. Dropout sensitivity was examined across the range 0.2-0.6, covering low, moderate, and high
regularization intensities. As illustrated in Fig. 11, both accuracy and the corresponding confidence interval (computed
as mean standard deviation over repeated runs) remained tightly clustered, with total variation below 0.5%. The
coefficient of variation remained exceptionally low (< 0.004), confirming that the hybrid CNN-Transformer
architecture does not rely heavily on dropout-based regularization to maintain strong generalization performance. This
observation suggests that the model’s representational capacity is well-balanced and not excessively prone to
overfitting—a desirable property for medical datasets that may exhibit significant inter-institutional distribution shifts.
We further investigated the effect of varying the number of Transformer attention heads from 2 to 8. As presented in
Fig. 12, the highest AUC was observed at 4 heads, with performance degrading only marginally (approximately 0.3-0.7
AUC drop) at non-optimal configurations. Polynomial curvature analysis revealed a low-magnitude second derivative
around the optimum, indicating that performance degrades gradually rather than abruptly as the attention configuration
deviates from the ideal setting. This gradual sensitivity profile is advantageous in federated and IoMT environments
where device-level constraints may necessitate approximate or resource-efficient Transformer configurations.
Collectively, these results demonstrate that the proposed architecture preserves stable and reliable performance across a
wide hyperparameter spectrum, reinforcing its robustness and validating its suitability for deployment in heterogeneous,
real-world healthcare environments.

Learning Rate Sensitivity and Stability
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Fig. 10. Learning rate sensitivity analysis for the CNN—Transformer model, showing stable performance across a range of learning rates with optimal
accuracy around 10—3.

4.6. Benchmarking Against Recent Federated Learning and Blockchain Systems

To achieve a consistent interpretation of our work and not exaggerate the novelty, we made a thorough
benchmarking study against the latest federated learning and blockchain-based healthcare models published in 2021-24.
Solutions like FedHealth, MedFL-Net, FLChain, and BlockchainFedMed state the worldwide accuracy of their models
(93%-96%), communication overhead (3-10MB/train round) and blockchain validation times (220-350ms). By
comparison, our CNN-Transformer FL model serves with a much higher global accuracy of 98.7 percent and decreases
the communication overhead to 1.2MB per round and latency of about 150 ms induced by the blockchain. Even though
these gains are substantial, they are not a paradigm change, but a step in the right direction, making our system an
enhanced and better version of the currently existing federated healthcare systems, as opposed to a new architecture.
This benchmarking is a confirmation of the fact that the main strengths of our solution are (i) the hybrid CNN-
Transformer architecture, which is specialized in the neurocognitive features, (ii) lower cost of communication due to
the ability to use effective model update algorithms, and (iii) optimized blockchain integration that ensures security
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assurance with a minimal computational cost. These advances are more or less consistent with modern literature trends
but are not a disruptive break with current FL theories and paradigms. Hence, our work can be perceived as a federated
learning pipeline that will be technologically improved and privacy-sensitive and will be able to improve performance
without compromising the existing approaches to secure medical Al systems.

Dropout Sensitivity
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Fig. 11. Dropout sensitivity analysis. The model maintains high accuracy across dropout rates, indicating robustness to regularization strength.

4.7. Blockchain Security Evaluation

The security of our system proves to be very high in a number of key measures. The integrity mechanisms of data
demonstrate the perfect reliability of data with a 100 percent rate of hash verification, which guarantees full verification
of all transactions in the blockchain. The system is efficient in block creation, at an average time of 2.3 seconds but also
maintains the integrity of data where no cases of tampering have been detected during the active period. The access
control system has almost perfect reliability where its authentication rate is 99.99 percent and the average time taken to
obtain an authorization is 0.5 seconds. The effectiveness of the multi-layered security measures of the system is also
supported by the fact that the number of unauthorized access attempts was zero, meaning that our security measures
were sufficiently efficient.

Transformer Attention Head Sensitivity Analysis
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Fig. 12. Sensitivity analysis of Transformer attention heads.

4.8. 1oMT Edge-Device Deployment Feasibility

We tested a reduced-bit version of our framework on an ARM Cortex-A72 edge processor to estimate the
feasibility of implementing our framework in Internet-of-Medical Things (Io0MT) systems. The model was also able to
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reach a score of 94.3 per cent accuracy at an average inference latency of 0.41 seconds and a maximum memory usage
of 610 MB. On wearable grade wireless modules, energy consumption per federated round was determined as 0.18 J.
These results suggest that edge devices can participate in federated rounds with a limited number of resources, but full-
scale training is still resource-intensive with ultra-low-power wearables. This discussion gives a real-world
understanding of deployment situations and eliminates the issue of scalability to the loMT ecosystems.
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Fig. 13. Computational and energy overhead on the IoMT edge device, including inference latency, memory footprint, and energy per federated round.

Statistical Significance and Variance Analysis. To provide statistical rigor and ensure that the observed
performance improvements were not attributable to random variation, we computed 95% confidence intervals (Cl) for
all evaluation metrics and conducted paired hypothesis testing. Let ai denote the accuracy of our proposed model and bi
denote the accuracy of a baseline model on fold i € {1,...,5}. The paired differences are defined asd; = a; — b;.
The two-tailed paired Student’s t-statistic is computed as

. d
T (6)
Vn
Where,
n n
1 1 .
d= ZZali,sd= n_lz(di—d) =5 ™
i=1 =1

Across all baselines (SVM, k-NN, CNN-only, and Transformer-only variants), the computed t-statistics exceeded the
corresponding critical values, yielding highly significant results with p < 0.001. This confirms that the superiority of the
proposed CNN-Transformer architecture is statistically robust. To further quantify uncertainty, we computed the 95%
confidence interval for each evaluation metric using

S
CI95% =X £ tyg;s,n—1— (8)

Vn

where x and s represent the fold-wise sample mean and standard deviation, respectively. Error bars corresponding to
these confidence intervals are incorporated into the updated cross-validation plot (Fig. 14). The fold-wise standard
deviation remained notably low, between 0.2% and 0.5% for accuracy and between 0.002 and 0.006 for AUC across all
folds, indicating strong consistency across data splits. These results address reproducibility concerns and demonstrate
that the improvements of our architecture are reliable, stable, and statistically significant.
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Cross-validation Accuracy and Fold-to-Fold Variability
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Fig. 14. Cross-validation accuracy across the 5 folds with error bars showing standard deviation, demonstrating low variance and stable generalization
performance.

4.9. Clinical Implications

The exceptionally high accuracy, precision, and AUC achieved by our model underscore its strong potential to
support clinical assessment and risk stratification for ADHD. The confusion matrix results indicate extremely low false
positive (FP) and false-negative (FN) rates, which directly reduces diagnostic uncertainty. Formally, if FP and FN
denote the false prediction counts, and N the total number of samples, then the misclassification risk

_FP+FN

err — N (9)

remains consistently below 1%, highlighting the model’s high discriminative reliability. This is particularly important
for early-stage identification, where the cost of false negatives can delay intervention and the cost of false positives may
lead to unnecessary clinical follow-up. From a deployment perspective, the federated learning (FL) infrastructure
enables secure multi-institutional model training without requiring centralization of sensitive patient data.

Let w,Et)denote the local model parameters at institution k in round t, and w® the global parameter vector. The
secure aggregation step computes

K

n
w(ttD) = Z akWIEt). Ak = T - (10)
k=1 j=11y

where n,, is the local dataset size. This weighted averaging scheme ensures that institutions contribute proportionally to
the global model without exposing raw data, thereby satisfying the core privacy principles required for clinical
collaboration. To guarantee integrity, authenticity, and traceability of all federated updates, the system integrates a

blockchain layer that maintains an immutable ledger of model-update transactions. Each update W}Et) is hashed using
hO = H(w®|l t 1| k) (11)

where H(+) denotes a cryptographic hash function and // represents concatenation. This mechanism ensures tamper
evident provenance of all contributed model updates, satisfying indispensable regulatory requirements under
frameworks such as HIPAA and GDPR. These features—namely, high diagnostic accuracy, statistically validated
robustness, federated privacy-preserving learning, and blockchain-supported auditability make the proposed system a
secure, scalable, and clinically meaningful solution in the real-world deployment of ADHD assessment pipelines.
Federated analytics combined with advanced deep learning and distributed ledger technologies is a reliable source of
next-generation clinical Al systems
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Fig. 15. Blockchain Overhead in Federated Learning.

Our comprehensive system performance analysis reveals the computational implications of integrating blockchain
technology with our federated learning framework shown in Fig. 15. The incorporation of blockchain functionality
introduces a minimal training time overhead of 3% with a variance of #0.5%, demonstrating efficient integration of the
security layer. The additional memory requirements amount to 2.1GB, while network utilization peaks at 5SMB/s during
intensive operations. The scalability characteristics of the system are particularly noteworthy, exhibiting linear scaling
capabilities up to 100 nodes without performance degradation. The system maintains impressive throughput rates of
1000 transactions per second while keeping average latency to a modest 150 milliseconds, indicating excellent
scalability potential for larger deployments. These metrics collectively demonstrate the system’s ability to maintain high
performance while providing robust security guarantees and efficient resource utilization. Although the performance is
good, there are some weaknesses that should be noted. To start with, there is a possibility that some institutions might
have highly non-11D data distribution, which might diminish federated convergence stability. Second, even though the
deployment of IoMT can take place, the computational complexity is a problem to ultralow-power wearables. Third,
although the data were collected across several institutions, demographic diversity on a larger scale would also confirm
the possibility of generalization. Last but not least, blockchain overheads are minimal up to 100 nodes, but increased
latency and memory usage are possible with larger scale deployments. These limitations present opportunities for future
work in model personalization, adaptive FL aggregation, and lightweight blockchain protocols shown in Fig. 15.

5. Conclusion and Future Work

This paper outlines a deep learning-based architecture for enhancing the precision and the ability to interpret the
actigraphy signal to detect ADHD. The proposed model can bring a high level of performance in comparison with
traditional diagnostic tools and recently developed machine-learning techniques by combining the three following
features into one model: temporal-spatial feature extraction, attention-based learning, and loMT-driven secure data
handling. Clinical relevance of the results is further improved by the use of explainability tools like SHAP and UMAP
that give a clear understanding of the decisions of the model. Although it possesses a number of shortcomings: First, the
sample employed in the research is mostly adult, which restricts the applicability to children’s populations, in which
developmental EEG patterns significantly vary. Second, even though the suggested framework is technically sound, it is
yet to be effectively tested in the context of actual clinical processes. Practical considerations (including differences in
EEG hardware, availability of clinicians, noise in data acquisition, and cross-centre dissimilarities) can influence
performance. These limitations underscore the importance of caution before wide-range clinical implementation.
Further, the model requires well-organized EEG recording conditions, and it can be assumed that it might not be able to
implement it in the usual outpatient or telemedicine-based services. Future directions would involve eliminating these
limitations through increasing the study sample size by incorporating children and adolescents to be better able to
understand the developmental variability of ADHD biomarkers. Another area of enhancement we intend to make is
further integration with clinical information systems, IoMT devices, and decentralized healthcare infrastructures to
enhance real-time decision making in the real world. Additional advancements will be adaptive and individualized
learning processes, multimodal behavioral data synthesis, and additional analysis of interpretability methods to
guarantee trustworthiness and clinician embrace. These recommendations will bring the suggested framework to
scalable, transparent, clinically integrated diagnostic support of ADHD.
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