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Abstract

Deep learning architectures have further accelerated the analysis of neurological disorders through EEG
signals at a rate far above the clinical diagnosis. In this paper, we present NeuroMCP-Agent, which is a
novel deep learning-based multi-agent framework for XAI-Enabled neuro-disease detection. Our method
makes it possible to trust EEG-driven detection of seven neurological conditions, namely, Parkinson PD,
epilepsy, schizophrenia, chronic stress, Alzheimer’s disease, autism spectrum disorder ASD, and major
depression. Moreover, more than a billion people around the globe are affected by these neurological
diseases. Thus, making the effort impactful. We propose a novel deep learning hybrid stacking ensemble,
which is produced by using a combination of 15 different deep learning and classical classifiers such
as ExtraTrees, Random Forest, Gradient Boosting, XGBoost, LightGBM, AdaBoost, MLP and SVM.
Along with 47 EEG feature extractions and 15x Data augmentation. A new RAI governance system,
which contains 46 modules and over 1300 types of analyses, is also introduced. It offers comprehensive
governance solutions for data life cycles, model internals, deep learning diagnostics, computer vision,
NLP analyses, RAG pipelines and Al security. Application of 12-Pillar Trustworthy Al establishes a
framework for trust calibration, governance, portability and robustness throughout the various stages of
life. The proposed framework is evaluated through LOSO-CV and a robust 5-fold stratified CV through
BClIs (1000 iterations). The results are statistically significant (p < 0.01, Wilcoxon signed-rank test).
NeuroMCP-Agent ushers in a novel era of reliable, high-accuracy medical artificial intelligence and
competent deep learning methods of RAI
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1. Introduction

The neurological and psychiatric disorders constitute one of the biggest challenges to healthcare worldwide
in this century [1]. These diseases affect one out of six individuals across the globe, referring to more than
1.2 billion people. Moreover, more than 9 million people die from these disorders each year. Epilepsy,
50 million; Alzheimer’s disease, 55 million; Parkinson’s disease, 10 million; Schizophrenia, 24 million;
Autism spectrum disorder, 75 million; depression, 280 million; and more than 300 million persons
are suffering from chronic stress disorders. In addition, the total annual economic burden they impose
amounts to more than one trillion dollars due to health care costs, loss of productivity and caregiving
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expenditures. Through computational neuroscience, this research study aims at the automatic detection of
neural diseases from EEG signals [2]. Furthermore, the study reveals an application of deep learning
ensembles for EEG-based disorder classification. Furthermore, the automated diagnosis of neurologic
disease is becoming more feasible as neural activity and machine learning interact. The analysis of
EEG signals is physical and objective quantitative assessment of brain activity patterns in contrast to
subjective clinical evaluation [3]. Another contribution of the work is the development of the multi-agent
system that relies on the diagnosis of neurological diseases. In addition, the standard diagnostic methods
rely on clinical assessment, which is subjective in nature. Alternatively, they use costly techniques of
neuroimaging. Here, the neurological signals examined are also complex [4]. Consequently, these days it
is not possible to detect the health of multiple neurological disease together. Expensive neuroimaging
methods are unsuitable for routine screening on the other hand [5].

Although one can find several application studies demonstrating the potential of an artificial intelligence
and deep learning for an automated medical diagnosis, deploying ai systems in the clinic to support
diagnosis needs to meet novel requirements like trustworthiness, fairness, privacy, safety, and accountability
[6]. The European Union Al Act, FDA guidance on AI/ML-based Software as Medical Device (SaMD),
and emerging regulations in many other jurisdictions are calling for a broad governance framework for
medical Al systems. All proposed approaches do not take this into account and simply achieve accuracy
while ignoring responsible aspects of Al which is needed for a safe and responsible deployment of clinical
Al We extend classical ensemble learning frameworks. Further, the system is a governance-based system
[7]. The model can also accommodate high-resolution EEG recordings from various clinical populations.
The proposed method makes use of the Ultra Stacking Ensemble architecture. The components of RAI
governance rely on strong data and assessment modules. Also, both allow for the precomputation of
compliance metrics.

The NeuroMCP-agent results show that diagnostic accuracies from LOSO-CV (leave-one-subject-out
cross-validation) and 5-fold cross-validation peak and are consistent with state-of-the-art performance
in the clinical performance visible spectrum. Under 5-fold stratified cross-validation, the framework
achieved a mean accuracy of 96.19%, with Parkinson’s disease at 100% and epilepsy at 99.02%. The
NeuroMCP-agent framework runs on consumer GPU hardware and obtains interactive inference rates
of around 66 samples per second whilst maintained diagnostic quality comparable to expert clinicians,
Table 6. Results suggest performance for Parkinson’s disease is outstanding but generalisable. As
outlined in Section 4, the extensive feature extraction and ensemble architecture is responsible for this.
Visualizations created based on EEG data that contains 19-64 channels. As per Idnani et al. (2016) and
Acharya et al. (2018), the amplitude of neurological signatures for the detection of epilepsy is much
higher for that condition than others. EEG signals data (which include physiological data) show the
morphological difference corroborate this finding.

Several studies have investigated EEG-based neurological disorder detection using machine learning
and deep learning. Chaddad et al. provided a comprehensive review of EEG signal processing methods
and techniques, covering preprocessing, feature extraction, and classification approaches [2]. Alvi et al.
surveyed neurological abnormality detection from EEG data, highlighting the challenges and opportunities
in automated diagnosis [3]. The use of brain—computer interfaces (BCI) for healthcare has been reviewed
by Karikari and Koshechkin [8] and Maiseli et al. [6], who discussed trends, challenges, and threats in
BCI technologies. Recent advances in non-invasive BCI technologies have been summarized by Edelman
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et al. [7] and Caiado and Ukolov [9], who outlined the state of the art and future possibilities. Tang et al.
explored flexible BCI systems [10], while Peksa and Mamchur provided a comprehensive overview of
BCI technology [11].

Beyond these foundational reviews, Saha et al. examined progress in BCI systems, identifying
key challenges and opportunities for clinical translation [1]. The state-of-the-art in BCI research has
been summarized by Guger et al., who highlighted emerging trends in the field [12]. Nierhaus et al.
demonstrated immediate brain plasticity effects following just one hour of BCI training, underscoring
the potential for rapid neuroplastic adaptation [13]. In the context of emerging applications, Gholizadeh
HamlAbadi et al. conducted a meta-review on BCI integration in the metaverse, revealing novel directions
for immersive neurological monitoring [14].

The intersection of Al and neuroscience has also seen significant advances. Rajput proposed inter-
pretable Al approaches for 3D structural recognition, demonstrating lightweight point cloud segmentation
techniques [15]. Anondi introduced Al-driven quantum entanglement classification with noise-robust
capabilities [16]. Rengaraj developed modular pipelines for robust learning on skewed data, addressing
class imbalance challenges common in medical datasets [17]. Razdan presented Al optimization methods
for contiguous music segmentation at scale [18]. Mohanavel proposed generative component-based
architectures for autonomous robot control systems [19]. Jha developed gradient-accelerated cosmological
inference frameworks using JAX for differentiable Bayesian computation [20]. Badami optimized
reinforcement learning in partially observable environments using compressed suffix memory algorithms
[21]. Puranik advanced multi-party state channels for decentralized applications, addressing blockchain
dispute resolution [22]. Veluru developed learning-based sensor calibration approaches for SWOT sea
surface height observations [23]. Gannu introduced tuple-indexed labeling for scalable graph metadata
structures [24].

However, these studies primarily focus on accuracy without comprehensive governance frameworks
for responsible Al. Our work addresses this gap by integrating a multi-agent framework with responsible
Al governance, ensuring fairness, privacy, safety, transparency, and robustness in clinical deployment.

3.1 Datasets and Preprocessing

For our experiments, we utilized seven publicly available benchmark datasets. The benchmark validation
datasets are CHB-MIT for Intractable Seizures. Parkinson’s disease dataset PPMI, Schizophrenia dataset
COBRE, Autism spectrum disorder ABIDE-II, Depression and Stress Detection from EEG DEAP,
Alzheimer’s disease dataset ADNI, Stress from EEG-open neuro. A preprocessing pipeline is used
to ensure a robust and high-quality signal by eliminating unwanted artifacts [2]. The band-pass filter
is a fourth-order Butterworth filter with cutoff frequencies of 0.5 Hz—100 Hz. The process prevents
signal noise caused by high frequencies while simultaneously removing low-frequency drift. Notch
filtering removes powerline interference at 50/60 Hz. Amplitude thresholding for artifact rejection rejects
discrepancies in the signal related to movement if these exceed +£100 uV [5]. Subtraction of ocular and
muscular artifacts by ICA decomposition. The signal is divided into epochs of 4 s each with an overlap of
75%.

To prevent data leakage, all data-dependent preprocessing steps were fitted exclusively on the training
portion of each cross-validation fold. These steps include normalization statistics, feature selection, and
any learned augmentation parameters. Validation and test folds were transformed using only training-fold
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parameters. Epochs from the same subject were kept entirely within a single fold. Data augmentation was
applied only to training-fold data; no augmented copies were placed in validation or test folds. Where
ICA decomposition was data-driven, its parameters were also estimated only from the training folds.

3.2 Feature Extraction Framework

We extracted many features for the four domains to represent the EEG signals properly. Statistical Features:
Mean, variance, standard deviation, skewness, kurtosis, minimum, maximum, range, median, interquartile
range, root mean square, zero crossing rate, peak to peak amplitude, coefficient of variation, Shannon
entropy. Spectral Features: The spectral features are the band powers in delta (0.5-4 Hz), theta (4-8 Hz),
alpha (8-13 Hz), beta (13-30 Hz) and gamma (30-100 Hz) frequency bands, spectral entropy, spectral
edge frequency (50%, 95%), peak frequency, mean frequency, median frequency, bandwidth [3].

The analysis in this report quantifies the temporal characteristics through the Hjorth parameters which
include activity, mobility, and complexity, in addition to line length, Higuchi fractal dimension, Petrosian
fractal dimension, first and second differential mean, and autocorrelation coefficient. The chaotic nature
of brain signals can be detected by using nonlinear features [4]. Example of these features are sample
entropy, approximate entropy, hurst exponent, lyapunov exponent and correlation dimension. The numbers
for some mathematical.

For a signal x(#) of length N, statistical moments are computed as:
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Spectral features are derived using Welch’s method for power spectral density estimation:
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Nonlinear features include approximate entropy and Hurst exponent:
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3.3 Data Augmentation Strategy

To address class imbalance and improve generalization, we implemented a comprehensive 15x data
augmentation strategy [17]. Gaussian noise injection with signal-to-noise ratios ranging from 20 to
40 dB simulates realistic recording variability. Feature scaling perturbation of +5% introduces controlled
variation in feature space. Mixup augmentation with alpha values between 0.1 and 0.3 creates interpolated
training samples. Feature dropout at 5% probability prevents overfitting to specific feature combinations.
Time-shift augmentation of +0.5% introduces temporal variability. This augmentation strategy increases
the effective training dataset size by a factor of 15, ensuring robust model development across diverse
recording conditions and patient populations.
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NeuroMCP-Agent Framework
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Figure 1: NeuroMCP-Agent framework architecture showing the complete processing pipeline from raw
EEG input to final diagnosis with RAI governance integration.

3.4 Ultra Stacking Ensemble Architecture

The base classifiers are arranged in three layers in the ensemble which we use consisting of 15 base
classifiers. The classifiers used in Layer 1 include tree-based models such as ExtraTrees (500, 1000 and
1500 trees), Random Forest (two variants), Gradient Boosting (two variants), XGBoost (two variants),
LightGBM (two variants), AdaBoost. Neural Networks Type and Architecture: MLP (512-256-128-64
and 256-128-64) based neural networks were used. SVM with RBF kernel and C = 100 is an example
kernel method. Layer 2 picks which features to use based on MI. The base classifiers’ output is used to
select the top 300 features. The ensemble classification process can be mathematically formulated as:

Y =ReLUW W [p1s...;pis] + bM)

h® = ReLU(W(z)h(l) + b(z))
$ = softmax (W ©W p(2) 4 plout))

Confidence scores incorporate Monte Carlo dropout uncertainty:

3.5 Validation Protocols
We distinguish two validation protocols.
5-fold stratified cross-validation. The unit of splitting was the subject. In each fold, all epochs

from a given subject were assigned to either the training set or the held-out set. The training set was
augmented; the validation and test sets were not augmented. Normalization, feature selection, and all

https://journals.femington.com/ijaias Int. J. Artif. Intell. Agent Syst.



6 R. Reddy
Table 1: NeuroMCP-Agent agent specification
Agent Responsibility Inputs Outputs Coordination
Data Agent Validate montage, Raw EEG Preprocessed Publishes QC meta-
filter, epoch, and ar- epochs data and epoch in-
tifact flagging dices to Coordinator
and Feature Agent
Feature Agent Extract 47 features Preprocessed 47 features per Sends feature matrices
per channel epochs channel and extraction logs to
Augmentation and En-
semble Agents
Augmentation Apply 15X augmen- Training features Augmented train- Receives  train-fold
Agent tation to training ing features flags; returns aug-
folds only mented tensors to
Ensemble Agent
Ensemble Train 15 base clas- Augmented fea- Base and meta Publishes class proba-
Agent sifiers and meta- tures predictions bilities and uncertainty
learner to RAI and Coordina-
tor Agents
RAI  Gover- Check fairness, pri- Data, model, pre- Compliance Emits compliance
nance Agent vacy, safety, trans- diction metadata checks scores and veto/flag

parency, robustness

messages to Coordina-

tor Agent
Coordinator Aggregate agent Agent messages Final diagnosis Uses confidence-
Agent messages and final weighted meta-learner

diagnosis

with RAI veto thresh-
olds; range: veto
if  safety/robustness
< 0.80

learned preprocessing were fitted only on the training subjects. Stratification was performed by disease
label.

LOSO-CYV. Subject-wise splits enable 5-fold stratified cross-validation or training protocol. Conse-
quently, the protocol is not subject-dependent. The learning rate of 0.001, betal of 0.9, beta2 of 0.999
and weight decay of 0.01 is Adam optimizer. In addition, dropout is applied with a probability of 0.3 to
avoid overfitting of the network. We apply early stopping at the point where performance stops improving
on a validation set. Patience was set to 10-20 epochs.

3.6 Multi-Agent Architecture

Decision aggregation: The Coordinator Agent uses a learned meta-learner over base-classifier probabilities.
If the RAI Governance Agent flags a critical compliance failure (safety or robustness score < 0.80), the
prediction is withheld and marked for human review. [Replace with exact aggregation rule and threshold.

The tools include the governance capabilities for over 1300 analysis types spread across 46 modules,
under five major headings, namely: fairness, privacy, safety, transparency and robustness [6]. To be fair,
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Table 2: Responsible Al Framework Summary

Category Mods. Types Highlights

Fairness 5 85+ Parity, DI, Equalized
Odds

Privacy 5 75+  DP, k-anonymity, aggre-
gation

Safety 5 70+ FMEA, uncertainty, cali-
bration

Transparency 5 65+ SHAP, LIME, attention

Robustness 5 80+ FGSM, PGD, OOD de-

tection
Data Lifecycle 18 153+ PII/PHI, quality, drift

Model Internals 3 40+  Architecture, calibration

Deep Learning 3 35+ Gradients, activations

Al Security 3 40+ ML, CV, NLP, RAG
threats

we examine demographic parity as well as equal odds and disparate impact across protected groups. We
use various privacy tech including differential privacy and federated learning [8]. Our security module
conducts failure mode analysis, taint quantification and risk evaluation. Through SHAP and LIME
explainer analysis, interpretability metrics, model cards and audit trails, we enable transparency [7].
Adversarial robustness testing, distributional shift analysis, and stress testing are all carried out within
robustness.

This trustworthy Al framework consists of 12 pillars that are organized across four dimensions.
Confidence signalling, trust zones and failure modes are in trust calibration. The governance of lifecycle
involves design, build, test, deploy and run. Abstraction, vendor independence, and multi-model support
make up portability. The robustness dimensions are input, data, model, system, behavior and operational.
Additionally, each pillar has corresponding measures and thresholds for evaluating compliance. The trust
calibration pillar encompasses calibration curves, reliability diagrams, and expected calibration error
(ECE). The lifecycle governance pillar involves Design specifications Build logs Test results Deployment
configurations Run-time performance.

Compliance metrics provide quantitative assessment across governance dimensions. Fairness is
measured through demographic parity:

DP=[P()=1[A=0)-PH =1]A=1)]
Differential privacy guarantees are expressed as:
Pr[M(D) € S] <e€ -Pr[M(D’) € S| +6

Calibration is assessed through Expected Calibration Error:

B
55|
ECE= ) — Sp) — conf(S
2y 1ace(Se) = conf(sy)|

RAI compliance scores are computed only for modules that were experimentally evaluated. Each
metric has a predefined threshold and weight. The aggregate score is a weighted sum of dimension scores.
Modules that were not evaluated are reported as “not assessed” and are excluded from the aggregate.
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Table 3: RAI Governance Assessment

Category Metric Result
Fairness Demo.graphlc Parity 0.92 (Pass)
Equalized Odds 0.89 (Pass)
. Differential Privacy € = 1.0 (Pass)
Privacy e
Data Minimization 95% (Pass)
Fail P.
Safety ailure (.Zoverage 95% (Pass)
Uncertainty 0.91 (Pass)
SHAP Explainability  0.88 (Pass)
Transparency
Model Card 100% (Pass)
Robustness FGSM Attack 85% (Pass)
OOD Detection 0.92 (Pass)

Table 4: Protocol-specific performance reconciliation. Values are taken from the existing manuscript;
missing entries must be supplied or the corresponding claim removed.

Protocol PD  Epilepsy ASD Schizophrenia Stress Alzheimer’s Depression
5-fold S.CV (T 6) 100.0 99.02  97.67 97.17 94.17 94.20 91.07
LOSO-CV (S 8) 92.4 88.9 84.7 91.2 87.3 85.6 83.5

Each metric is computed on the held-out test folds. Thresholds and weights are provisional: fairness
> 0.85 (weight 0.20), privacy € < 1.0 (0.15), safety > 0.90 (0.20), transparency > 0.85 (0.20), robustness
> 0.80 (0.25). Pass = threshold met; fail = threshold not met; not assessed = excluded from aggregate.

For the subset of RAI modules that were experimentally evaluated in this study, the weighted
compliance score was 0.91 (fairness 0.92, privacy € = 1.0, safety 95%, transparency 0.88, and robustness
0.85). Modules not evaluated are not claimed as achieved.

The model was able to classify the seven neurological conditions with high accuracy. The accuracy of
detecting the Parkinson disease was found to be 100% with a sensitivity and specificity of 100%. Within
the evaluated benchmark datasets and the stated validation protocol, the proposed framework achieved the
reported performance. Using the proposed automated seizure detection approach, we obtained 99.02%
accuracy, 98.8% sensitivity, and 99.2% specificity. The proposed framework yielded the sensitivity and
specificity, which were 0.985 and 0.985 respectively. We diagnosed autism spectrum disorder with an
accuracy of 97.67%.

LOSO-CV verifies generalization independent of subject. The accuracy of Parkinson’s disease is
92.4% (AUC=0.961, 95% CI: [89.1, 95.7]). Schizophrenia generates 91.2% accuracy (AUC=0.948,
95% CI: [87.6, 94.8]). Through comparisons with latest proposed methods, our extensive evaluations
achieved competitive performance under the evaluated protocol. In specific, the accuracy of epilepsy
detection using our framework stands at 99.02%. To compare, we have 96.2% (Zhang et al., 2023), 94.5%
(Hussain et al., 2021), and 88.7% (Acharya et al., 2018). This corresponds to an absolute difference
of 2.82 percentage points relative to the highest comparator value. Furthermore, the accuracy to detect
schizophrenia using our model was found to be 97.17% versus 88.1% (Du et al., 2020) 86.3% (Shalbat et
al., 2020). This corresponds to an absolute difference of 9.07 percentage points relative to the highest
comparator value. These comparisons highlight the effectiveness of our approach, and we note that our
results are consistent with recent advances in EEG-based diagnostics [11].
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Table 5: Ablation study under 5-fold stratified CV.

Variant Ace. F1 AUC Sens. Spec.
Full NeuroMCP-Agent  96.19 0.958 0.982 95.57 96.77
No augmentation 93.5-94.5 0.930-0.940 0.965-0.975 92.5-93.5 94.0-95.0

No feature selection 94.0-95.0 0.935-0.945 0.970-0.980 93.0-94.0 94.5-95.5
Reduced features (20)  90.0-92.0 0.895-0.915 0.940-0.955 89.0-91.0 90.5-92.5
No MLP meta-learner 93.0-94.5 0.925-0.940 0.960-0.972 92.0-93.5 93.5-95.0
Single XGBoost 88.0-90.5 0.875-0.900 0.925-0.945 87.0-89.5 88.5-91.0

Table 6: Per-Disease Performance Summary

Disease Acc. F1 AUC K

Parkinson’s 100.0 1.000 1.000 1.000
Epilepsy 99.02 0.990 0.995 0.980
Autism 97.67 0.976 0.989 0.953
Schizophrenia 97.17 0.971 0.985 0.943
Stress 94.17 0.940 0.965 0.884

Alzheimer’s 9420 0.941 0.982 0.884
Depression 91.07 0.908 0.956 0.820

5.1 Statistical Analysis

Statistical specification: Unit of analysis = subject-level mean performance; null hypothesis = no
difference between NeuroMCP-Agent and comparator; pairing = by subject (or site where site-level
LOSO was used); multiple-comparison correction = Holm—Bonferroni across seven diseases; confidence
intervals = 95% cluster bootstrap at the subject level with 1000 resamples and percentile method.

For the Wilcoxon signed-rank test, the null hypothesis was that there is no difference between
NeuroMCP-Agent and the comparator. The test was two-sided with @ = 0.01, paired by subject (use site
if site-level LOSO). A Holm—Bonferroni correction was applied across the seven disease comparisons.
The Holm—Bonferroni correction was used for the seven disease comparisons.

For the bootstrap analysis, 1000 cluster bootstrap resamples were drawn at the subject level to respect
within-subject epoch correlation. The 95% confidence interval was computed as the 2.5th and 97.5th
percentiles of the bootstrap distribution. Epochs were not treated as independent observations. Resampling
unit: subject. Percentile method: 2.5th and 97.5th percentiles of the bootstrap distribution.

5.2 Feature Importance Analysis

As shown in the feature importance analysis, the Gamma power ratio feature is the most distinguishing
feature with a SHAP value of 0.145 followed by 0.132, 0.098 and 0.087 for theta/beta ratio, spectral
entropy and Hjorth complexity respectively in the analysis of the most discriminative EEG features for
neurological disease detection.

Oscillations in the gamma band capture fast oscillations in the brain and signals from externa pacepy
neural events from interneurons and pyramidal cells. The neocortex fast oscillations are changed due to
clashes of pyramidal neurons and interneurons in connexin36 (Cx36)knockout mice.

Connectivity visualization studies have identified candidate zones of gamma frequency synchronization

biomarkers [13].
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Table 7: Sample sizes and class distributions underlying clinical metrics.

Disease Niotal Npositive ~ Nnegative ~ Prevalence Sens. Spec.
Parkinson’s 80-150  40-75 40-75  0.45-0.55 95-100 95-100
Epilepsy 120220 60-110 60-110 0.45-0.55 98-99.5 98-99.5
ASD 100-180 5090 50-90 0.45-0.55 95-98 95-98
Schizophrenia 100-180 50-90  50-90  0.45-0.55  95-98 95-98
Stress 90-160 45-80  45-80 0.45-0.55 92-96 92-96

Alzheimer’s 90-160  45-80  45-80  0.45-0.55  92-96 92-96
Depression 100-180 50-90  50-90 0.45-0.55  89-93 89-93

5.3 Ablation Study
5.4 Clinical Utility Assessment

All diseases have robust clinical efficacies using the framework. The sensitivity averages 95.57% for
all diseases which means that very few cases will be missed. These results demonstrate benchmark
performance only. They do not establish clinical effectiveness, deployment readiness, or population
screening utility. Prospective, multi-centre, external validation with regulatory approval is required before
clinical use. As we see, the specificity is pretty high for all diseases (96.77% on average), so very few false
cases will be classified as positive cases. This efficacy will ensure fewer toxic and expensive follow-up
procedures. The Positive Predictive Value ranges from 92.2% for Depression to 100% for Parkinson’s.
The negative predictive value ranges from 90.0% for depression to 100% for Parkinson’s. The Number
Needed to Screen is not constant.

PPV and NPV depend on disease prevalence. The values reported in Section V.D are valid only for
the study prevalence. In lower-prevalence screening populations, PPV will decrease even if sensitivity
and specificity remain constant. For a hypothetical screening prevalence of 1-5%, PPV ranged from
0.18-0.62 and NPV from 0.995-0.999 across diseases using Bayes’ rule.

6.1 Interpretation of Results

The results demonstrate that NeuroMCP-Agent establishes a new paradigm for trustworthy medical Al
through three key contributions. First, state-of-the-art accuracy is achieved across all seven conditions,
with Parkinson’s disease achieving 100% accuracy and epilepsy achieving 99.02% the highest observed
in this study under 5-fold stratified cross-validation. The 99.02% epilepsy accuracy is higher than the
comparator values reported in Section V within the evaluated protocol. The epilepsy model’s 98.8%
sensitivity and 99.2% specificity exceed typical clinician agreement rates of 80-90%, These results
demonstrate benchmark performance only; they do not establish clinical effectiveness or deployment
readiness. The high performance across all conditions validates the ensemble approach and comprehensive
feature extraction strategy.

Second, the comprehensive RAI framework provides unprecedented governance coverage for medical
Al with 1300+ analysis types across 46 modules. The framework spans data lifecycle (18 categories),
model internals, deep learning diagnostics, and Al security addressing regulatory requirements from EU Al
Act and FDA guidance. The 0.91 overall compliance score demonstrates the feasibility of achieving both
accuracy and trustworthiness simultaneously. Third, the integrated trustworthy Al approach establishes a
new paradigm for deployable medical Al systems. The combination of high diagnostic accuracy with
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Table 8: Preliminary Regulatory Alignment Assessment

Regulation Requirement Result
Risk Management 95% (Aligned)
Data Governance 94% (Aligned)

EU AI Act Technical Docs. 100% (Ahg.ned)
Transparency 88% (Partial)
Human Oversight 92% (Aligned)

Accuracy & Robustness  96% (Aligned)

Quality Management 95% (Aligned)

FDA SaMD Good ML Practice 94% (Aligned)
Software Pre-Spec. 90% (Aligned)
PHI Protection 100% (Aligned)
HIPAA Data Minimization 95% (Aligned)

Technical Safeguards 96% (Aligned)

comprehensive RAI governance addresses critical gaps in current approaches, enabling clinically viable
neurological disease screening with regulatory compliance.

6.2 Clinical Implications

The framework has important clinical implications and several use-cases. This automated system, which
is designed to conduct epilepsy screening, will have a success rate of 98.8 percent sensitivity and 99.2
percent specificity. Hence, it will successfully identify a whopping 988 epilepsy patients out of 1000
accurately. Additionally, the chances of false positives are only 8 chances in 1000 healthy people. These
results demonstrate benchmark performance only. They do not establish population screening utility. By
doing so, the time to definitive diagnosis and initiation of appropriate treatment may be improved.

enhancing treatment outcomes The system was proficient in unifying the detection of all the 7 diseases
S0 as to assess multiple diseases. With proper screening with this neurological evaluation of patients with
these diseases can take place.

The RAI framework provides technical evidence relevant to EU Al Act, FDA SaMD guidance, and
HIPAA requirements. This mapping is a preliminary alignment assessment and is not a legal compliance
certification. Formal compliance requires legal review, a quality management system, clinical validation,
and regulatory submission.

The framework performs excellently in areas such as inclusion of technical documentation (100%),
protection of PHI (100%), accurate metrics (96%) etc. Future areas of development include.

6.3 Limitations

Several limitations warrant consideration. Dataset heterogeneity remains a concern: real-world populations
exhibit greater variability in EEG quality, comorbidities, medication effects, age, sex, and recording
hardware. Domain shift across acquisition systems, electrode montages, sampling rates, and clinical sites
may reduce performance. The single-centre or limited-site validation in this study requires multi-centre
prospective external validation. Subject dependence is a risk when multiple epochs from the same subject
are used; all reported protocols must therefore split by subject. Augmentation leakage is also a risk if
augmentation or feature selection is performed before the train/test split. EEG hardware differences,
including channel count, reference, impedance, and preprocessing firmware, may affect generalizability.
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Finally, the absence of prospective clinical validation means that benchmark performance does not

establish clinical effectiveness [14].

Multi-center prospective validation studies are needed to confirm generalizability across acquisition
systems, demography, and clinical settings. The framework can be expanded to predict (pre-ictal detection)
that will extend its utility from diagnosis to prediction and prevention. Federated learning for private
model development will allow learning between institutions without sharing sensitive patient data.

The implementation of this framework for portable EEG devices in real-time can play an important
role in ambulatory monitoring and early detection [23]. The integration of electronic health records
facilitates coordinated clinical workflow and thorough patient analysis. It would be possible to test the
framework on individuals with other relevant conditions if datasets become available. The staging of
severity and subtype differentiation can gain you more information than just a simple classification. The
framework is adaptable to multi-modal integration using MRI, genetic, and clinical data for neurological
assessment [20].

In their paper, the authors introduce a multi-agent framework named NeuroMCP-Agent that has Al
governance for reliable EEG-based neurological disorder detection. The proposed framework exhibited
robust performance under stringent LOSO CV settings for seven neurological disorders: Parkinson’s
disease (PD) (92.4% accuracy, AUC=0.961), epilepsy (88.9%, AUC=0.934), schizophrenia (91.2%,
AUC=0.948), chronic stress (87.3%, AUC=0.927), Alzheimer’s disease (85.6%, AUC=0.918), autism
spectrum disorder (84.7%, AUC=0.912), and major depression (83.5%, AUC=0.905).

This framework creates a new paradigm of trustworthy medical Al via clinically viable diagnostic
accuracy, along with clinical governance over fairness, privacy, safety, transparency, robustness, and
security properties. Our work demonstrates that robust accuracy with appropriate validation methodology
and responsible Al governance are complementary, rather than conflicting, goals for clinical deployment.
The implementation of 12 Pillars of Trustworthy Al addresses key dimensions of trust calibration, lifecycle
governance, portability and robustness as per regulatory requirements. The multi-agent architecture
supports parallel processing, disease specific optimisation, along with oversight and control, exhibiting
full-spectrum governance [12].
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