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Abstract

Recent advances in artificial intelligence have demonstrated remarkable progress in medical
image analysis; however, most deep learning models remain black-box in nature and lack
interpretability—an essential requirement in clinical decision support systems. This study
proposes a Neuro-Symbolic Integration framework based on Knowledge Attention Graphs
(KAGs) combined with advanced deep neural architectures for accurate and explainable
detection of brain disorders. The framework integrates multimodal neuroimaging data—
including MRI, EEG, and patient metadata—through a hybrid CNN-LSTM-Transformer
embedding model that captures both spatial and temporal brain patterns. Extracted embeddings
are then mapped to a Knowledge Attention Graph, where graph neural networks (GNNs)
perform relational reasoning guided by domain-specific neuro-symbolic rules. A symbolic
reasoning layer ensures consistency with established medical knowledge, enhancing
interpretability and transparency. Experimental evaluation on benchmark datasets (ADNI,
0ASIS-3, and TUH EEG) demonstrates that the proposed NS-KAG model achieves a classification
accuracy of 96.87%, an AUC of 0.98, and an Explainability Index (EI) of 82.4%, outperforming
conventional CNN, Transformer, and GNN-based approaches. Statistical analysis (p < 0.01)
validates the significance of performance improvements. The integration of symbolic reasoning
with neural attention not only improves diagnostic accuracy but also bridges the gap between
data-driven learning and human-understandable reasoning, thereby enabling trustworthy and
transparent Al-driven neurodiagnostic systems.

Keywords: Neuro-symbolic Al, Knowledge Attention Graph (KAG), Explainable deep learning;
Graph neural networks (GNN), Brain Disorder Detection, Explainable Al, Multimodal
neuroimaging; Convolutional neural networks (CNN), Long Short-Term Memory (LSTM);
Transformer architecture; Symbolic reasoning; Brain disorder detection; Alzheimer’s disease.

Highlights
e Hybrid Neuro-Symbolic Framework:
Integrates deep neural learning with symbolic reasoning for explainable brain disorder
diagnosis.
o Knowledge Attention Graph (KAG):
Introduces a novel KAG structure that models brain region relationships and prioritizes
medically significant features through attention mechanisms.
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e Multimodal Data Integration:
Combines MRI, EEG, and patient metadata using CNN-LSTM-Transformer hybrid
embeddings to capture spatial, temporal, and contextual patterns.

o Enhanced Explainability:
Employs a symbolic reasoning layer aligned with neuro-ontological knowledge bases to
deliver transparent, rule-based justifications for predictions.

e Superior Performance:
Achieves 96.87% accuracy, 0.98 AUC, and 82.4% explainability index, outperforming
existing neural architectures across multiple datasets (ADNI, TUH, OASIS-3).

e (Clinical Relevance:
Provides interpretable Al outcomes aligned with established medical rules, making it
suitable for integration into clinical decision support systems (CDSS).

1. Introduction

Detecting brain disorders early and accurately remains one of the most significant challenges in
neuroscience and clinical practice. Depending on one-off disconnected data streams and poor
relative clinical interpretability. Recently, the progress of Artificial Intelligence (Al) containing
neuro-symbolic fusion as a new approach, attempts to integrate the learning of deep neural
networks with the reasoning of symbolic systems. This fusion approach focuses on the probable
diagnostic improvement by achieving disappearance of the explainability gap in the clinical
interpretability of Al models [1].

Some of the brain disorders such as Alzheimer’s (AD) and Parkinson’s (PD) as well as Autism
Spectrum Disorder (ASD) represent the most intricate and complex disorders in neuroscience
with multiple factors and heterogeneous symptoms and signs. While the traditional ML and deep
learning (DL) models have shown great performance to a degree in the neural imaging based
diagnosis, the lack of explainability and the deficit of generalizing to other components of the
complex multi-modal medical data remains [2], [3]. The demand for transparent, knowledge-
driven Al systems to explain their reasoning shift and the neuro-symbolic systems as the new
paradigm, incorporating reasoning and neural systems to improve efficiency and the
explainability of the result.

One of the most important parts of this integration is Knowledge Graphs (KGs), which capture
and model the structured interrelations of multiple entities and concepts. Researchers
integrating KGs in Al models have shown enhanced performance in predicting diseases and
discovering biomarkers[4]. Nonetheless, the sophistication needed in models that address the
complexities of brain disorders is yet to be achieved, as models must capture the complex
interrelations of networks of the brain.

Graph Neural Networks (GNNs) have become a very powerful means to model complex
interrelations. GNNs allow the representation of brain regions as nodes and the relations as
edges, which in turn makes the analysis of brain connectivity patterns possible[4].

GNNs and Knowledge Graphs (KGs) enable structured reasoning over bio-medical entities and
integration of imaging, clinical and genetic, by linking and unifying the components in a
framework [5]. The neuro-symbolic approach integrates representation learning and logical
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reasoning to bridge subsymbolic and cognitive reasoning [6],[7]. Existing approaches can be
improved in capturing high-order relations, dependencies, and cross-attention among the other-
streams of multi-modal data[10],[11].

To solve these issues, this work develops a Neuro-Symbolic Knowledge Attention Graph (NS-
KAG) framework that integrates cutting-edge deep learning and symbolic reasoning for the
effective detection and diagnosis of brain disorders[8][9]. The described system utilizes multi-
modal embeddings and Knowledge Attention Mechanisms (KAM) enabling contextual reasoning
and interpretability, dynamically updating inter-node relationships with fMRI, MRI, EEG, and
clinical metadata[10]-[14].

1.1 Research Contributions
The contributions of this work can be summarized as follows:
e Proposes a Neuro-Symbolic Knowledge Attention Graph (NS-KAG) model that combines
deep neural networks and the clinical horizon for explainable diagnostic brain disorder.
e Constructs a multimodal fusion approach that combines MRI, EEG, and metadata
leveraging CNN-LSTM-Transformer hybrid embeddings.
e Proposes an attention-guided knowledge graph for intra and inter regional brain
relationship capture and cognitive region significance highlighting.
e Incorporates a symbolic reasoning layer that imposes clinical logic and consistency of
decisions via ontology and reasoning.
e Introduces new interpretability standards for the rationale opacity evaluation:
Explainability Index (EI) and Symbolic Consistency Rate (SCR).
e The model is validated through exhaustive experimental education.

2. Literature Survey

2.1 Neuro-Symbolic Al: Bridging Reasoning and Learning

Neuro-symbolic Al combines the rational powers of symbolic systems with the learning abilities
of neural networks[15]. This combination intends to aid interpretability and generalization of a
model. A systematic review by Nawaz et al. (2025)[17] classifying neuro-symbolic integration
into three modes: adding symbolic knowledge to neural networks, using neural techniques to
enhance and modernize symbolic systems, and a combination of the two as a hybrid model. The
study also points out the importance of interdisciplinary approaches to fill the gaps in
explainability and the trust problem in a neuro-symbolic AI[16].

2.2 Knowledge Graphs and Attention Mechanisms

Knowledge graphs (KGs) hold a set of relationships and entities, and help Al models understand
the context. The integration of attention mechanisms within KGs helps models concentrate on the
task at hand and improves the performance of models in disease prediction. DeLong et al. [18]
gives a detailed account of the development of neural-symbolic KG reasoning and also discusses
important techniques and challenges of the field.
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2.3 Graph Neural Networks in Brain Disorder Detection
Graph Neural Networks (GNNs) are proving to be very useful in disorder detection through
brain connectivity pattern analysis. The works of Zhang et al. (2023)[19]

2.4. Graph Neural Networks in Brain Disorder Detection

Graph Neural Networks (GNNs) are becoming essential for modelling intricate brain network
structures for detecting brain disorders. Zhang et al. (2023)[19] and Chan et al. (2024)[20]
examine diagnosing neurological disorders using GNNs and emphasize data types, sample sizes,
and accuracy of the diagnosis. GNNs offer unique opportunities for understanding the complex
relations of brain network structures, and they highlight GNNs clinical usage potential..

2.5. Explainable Al in Brain Disorder Diagnosis

Explaining the model's choice using explainable Al (XAI) techniques is essential for clinical
functionalities. GNNs are documented for dementia research by Tewari et al. (2025)[21] as tool
for explainable GNNs and diagnosing disease relevant biomarkers and disrupted brain network
analysis. This study explores the issues of limited generalizability and the integration of large
language models for early detection as significant gaps

2.6. Neuro-Symbolic Reasoning in Cognitive and Medical Applications

Besold et al. (2021) highlights the promise of hybrid neuro-symbolic systems that merges neural
perception and is aimed at cognitive modelling and medical diagnosis reasoning. It is aimed at
integration of flexibility of neural network and the rationality, traceability, and explicability of
symbolic reasoning, thereby enhancing safe and explainable decision making in complex systems
like brain disorder detection [32]. Table 1 shows in Comparative Analysis of Detecting Brain
Disorders

Table 1: Comparative Analysis of Detecting Brain Disorders

Auth
No. uHhors Approach Dataset | Results Pros Cons
(Year)
1 Zhang et al. GNN + ADNI 94.1% | Integrates Complex
(2022)[1] Symbolic Logic Acc. reasoning training
Neuro- High
Liu et al. Strong
2 Symboli OASIS 93.709 t
(2023)[22] ymbOTe % interpretability compute
Transformer cost
K & K led
umar now -e ge UK Efficient multi- Graph
3 | Rao Attention Biobank 95:50% modal fusion overfittin
(2024)[5] | Graph (KAG) &
4 Singh et al. Deep Symbolic | ADNI + 92.60% Model Limited
(2023)[4] Regression fMRI ou transparency scalability
c Park et al. CNN—Ontology HCP 91.40% Biomedicafl Less .
(2021)[23] Fusion ontology link adaptive
6 Wang et al. Knowledge PPMI 90.80% Temporal Sparse
(2022)[34] Graph + RNN learning edges

423

Citation: Rajalakshmi, R.; Unhelkar, B. & Shankar, S. (2025). Neuro-Symbolic Integration Using Knowledge
Attention Graphs with Advanced Deep Learning Techniques for Detecting Brain Disorders. International
Insurance Law Review, 33 (S5), 420-436.



International Insurance Law Review
ISSN: 0968-2090

Vol 33 S5 (2025): Special Issue
https://lumarpub.com /iilr

Hybrid QNN- Quantum- )
7 Patel etal Symbolic ADNI 96.30% | enhanced E.xpen51.ve
(2024)[25] simulation
Graph accuracy
Chen etal. Logic Tensor Embeds logic Data
8 EEG 89.909
(2023)[26] Networks % rules imbalance
Neuro-
Das et al. Robust feat S1
g | asetd Symbolic ABIDE | 94.70% | . ooor CAtUIE | 510w
(2024)[27] Autoencoder fusion convergence
10 Hsu et al. Attention- ADNI 95.20% Excellent spatial | Requires
(2022)[28] Guided KGNN eu reasoning large graphs
11 Rajan et al. Symbolic-CNN OASIS 92.10% Improved Noisy
(2023)[29] Fusion explainability features
Deep Graph
Lee et al. °ep I.‘ap Multi-level GPU
12 Reasoning ADNI 94.90% | . ) ,
(2024)[30] Network inference intensive
Neuro-
Torres et al Symbolic fMRI + Unified Needs large
13 (2025)[31] " | Knowledge EEG 96.80% | symbolic-neural | training
Attention model data
Graph

3 Proposed Methodology

The NS-KAG (Neuro-Symbolic Knowledge Attention Graph) framework incorporates deep
learning with neuro-symbolic reasoning for the precise and interpretable diagnosis of brain
disorders as shown in Fig.1.. Multi-modal neuroimaging data (fMRI, DTI, MRI) sourced from the
ADNI and OASIS databases undergoes preprocessing to create brain connectivity graphs.
Attention is applied to augment a Knowledge Graph (KG) of brain regions, brain biomarkers, and
disease ontology with a Knowledge Attention Graph (KAG) to glean the most pertinent elements.
In brief, the Agent-Based Security and Transparency Framework (ABSTF) strengthens the
security and trustworthiness of Management Information Systems by merging blockchain and
intelligent agent technologies. . For the first time, the proposed methodology integrates neuro-
symbolic reasoning with deep learning and KAGs to significantly uplift the quality of brain
disorder detection and prove explainability around the diagnosis to seamlessly enable
personalized diagnostic, and potentially, treatment planning.

The presented methodology outlines a comprehensive Neuro-Symbolic Architecture designed
for Brain Disorder diagnosis using multimodal data (MRI, EEG, and Patient Metadata). The
process begins with Hybrid Deep Neural Embeddings, where modality-specific networks—
CNN for MRI, LSTM for EEG, and Transformer for metadata—process the raw data. These
embeddings are then integrated at the Neuro-Symbolic stage, where the feature vector Fns(x)
for a specific Brain Region generates a Rule Inference, providing initial interpretability.
Crucially, the model incorporates a Knowledge Attention Graph that integrates external
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symbolic knowledge. It computes Attention Coefficients (aij) to weigh the relevance of external
knowledge to the region's features, resulting in a knowledge-enhanced representation FNS(x)o.

Knowelege /
Attention Graph \,———» 4

MRI
e ——{

EEG Transformer ‘ I Arrrision

@ F.s (.’)C) Poool

A4
Patient I Rule eme |

Brain /
| \ o,
Region % oo Brain

Disorder

Metadata
Multimodal Hybrid Deep Neuro-Symbolic Decision
Data Neural Integration and Explainability
Embeddings

Fig.1 Architecture of NS-KAG (Neuro-Symbolic Knowledge Attention Graph)

4. Explanation of the Workflow Diagram
The proposed neuro-symbolic framework also aims to ensure appropriate interoperability and
accuracy. This is demonstrated clearly in the workflow diagram as shown in Fig.2 .

4.1. Neuroimaging Data

The first step in this process involves obtaining various types of neuroimaging data like functional
MRI (fMRI), Diffusion Tensor Imaging (DTI), and structural MRI files. With these, both the
functional and structural characteristics of the neuroimaging data will help the model analyze the
brain connectivity patterns in relation to the brain disorders. The necessary data is obtained from
benchmark repositories, such as the Alzheimer’s Disease Neuroimaging Initiative (ADNI) and the
Open Access Series of Imaging Studies (OASIS).

4.2. Preprocessing & Feature Extraction

The raw neuroimaging data will first undergo some preprocessing to eliminate noise, artifacts,
and motion distortions. The standard neuroimaging processing steps— such as skull stripping,
slice timing correction, spatial normalization, and smoothing— will be used. During feature
extraction, the brain regions of interest (ROIs) will be segmented and the functional and
structural connectivity matrices will be calculated.
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Fig 2. Algorithmic Flow of NS-KAG (Neuro-Symbolic Knowledge Attention Graph)

4.3. Knowledge Graph Construction

The Knowledge Graph (KG) is constructed to represent domain knowledge in a structured
format. Nodes in the KG denote brain regions, genes, or clinical features, while edges represent
relationships such as anatomical connections, functional correlations, or disease associations.
This KG integrates prior medical knowledge, including neuroanatomical hierarchies, symptom-
disease relationships, and known biomarkers, thereby enriching the learning model with expert-
driven information.

4.4. Apply Attention - Knowledge Attention Graph

An attention mechanism is applied to the Knowledge Graph to assign varying importance to
nodes and edges based on their relevance to the target disorder. This results in the formation of
the Knowledge Attention Graph (KAG). The KAG dynamically emphasizes critical features, such
as regions or connections most affected in specific neurological conditions (e.g., hippocampus in
Alzheimer’s disease), allowing the model to focus computational resources on the most
informative regions of the graph.

4.5. Graph Neural Network (Neural Perception)
These features will serve as the foundational input for the subsequent graph-based modeling. The
Graph Neural Network (GNN) functions as the neural perception module, processing the KAG and
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learning sophisticated spatial and relational dependencies. The message-passing operations
update each node embedding.

4.6. Symbolic Reasoning Layer — Neuro-Symbolic Integration

Incorporating logical constraints, ontologies and medical knowledge, a neural learning system's
parallel symbolic reasoning layer attempts to merge various forms of knowledge into the learning
process. This layer utilizes knowledge rules from clinical evidence (for example, “hippocampal
atrophy indicates Alzheimer’s disease”). The symbolic and neural layer outputs are joined by the
neuro-symbolic integration layer, which produces a hybrid reasoning model that utilizes both
knowledge and logic, as well as data-driven inference. This integration improves model
interpretability and coherence, guaranteeing that the model's predictions operate within the
framework of medical reasoning

4.7. Classification: Brain Disorder Detection

The neuro-symbolic module's combined representations are classified by fully connected layers,
and the output layer produces diagnostic predictions, such as Alzheimer’s or Parkinson’s, along
with probabilistic indicators of being a healthy control. The model is developed under a
composite loss function framework that balances predictive accuracy with cross-entropy loss and
provides symbolic consistency via knowledge regularization loss

4.8. Evaluation & Explainability Analysis

.Model assessment employs accuracy, precision, recall, F1-score, and ROC-AUC as well as
explainability by attention weights in conjunction with the other symbolic reasoning outputs to
detail the most predictive features and neural correlates of the assessed brain regions.

Algorithm 1: Neuro-Symbolic Knowledge Attention Graph Framework for Brain Disorder
Detection
Input:

e Duygip : Structural MRI data

e Dmrip_: Functional MRI data

®  Dpea: Clinical and demographic metadata

e Kiomain: Kdomain: Domain knowledge (clinical ontologies, biomarkers, disease

hierarchies)

Output:

e  Ypreq: Predicted brain disorder class

e Wy : Attention weights for interpretability
Step 1 — Data Acquisition and Preprocessing
1.1 Collect Dyrip, Dpurip and Dpmera from datasets such as ADNI and OASIS.
1.2 Apply preprocessing steps: motion correction, normalization, skull stripping, and
smoothing.
1.3 Segment Regions of Interest (ROIs) using brain atlases.
1.4 Extract connectivity matrices Crand Cs
Step 2 — Knowledge Graph Construction
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2.1 Define nodes N={nj,n,...,nx} representing brain regions, symptoms, and biomarkers.

2.2 Define edges E={e;} based on clinical relations and connectivity data.

2.3 Construct initial Knowledge Graph (KG): KG=(N,E)

2.4 Integrate domain knowledge Kaomqin into the KG as symbolic relationships.

Step 3 — Attention Mechanism for Knowledge Graph

3.1 Compute attention coefficients between nodes:

3.2 Generate the Knowledge Attention Graph (KAG) where edge weights represent attention
scores.

3.3 Emphasize critical node connections (e.g., disease-relevant ROIs).
o exp(LeakyReLU(a” (Wh;||[Wh;]))
Qij \ﬁ-,_'.\-' e.\:p[LeakyReLI..'(aT_“'h; Wh))

Lt K

Step 4 — Graph Neural Network (Neural Perception Layer)

Y = o (3 ene W ORY)

4.1 Input KAG into a multi-layer GNN to compute hidden embeddings:
4.2 Capture global and local dependencies of brain connectivity.
4.3 Obtain final node embeddings Hewny
Step 5 — Symbolic Reasoning Layer
5.1 Define medical logic rules (e.g., “atrophy in hippocampus — Alzheimer’s likely”).
5.2 Convert symbolic rules into differentiable constraints using logical regularization.
5.3 Generate symbolic inference vector Hym
Step 6 — Neuro-Symbolic Integration
6.1 Fuse neural embeddings and symbolic outputs:

Hpusion=A1Henn+A2Hgym
6.2 Pass Hfusion through fully connected layers for classification.
6.3 Predict final diagnosis label Y,req
Step 7 — Model Training and Evaluation
7.1 Define combined loss function:

L=L¢ross-entropy* BLinowledge
7.2 Optimize parameters using Adam optimizer.
7.3 Evaluate performance using Accuracy, Precision, Recall, F1-score, and ROC-AUC.
7.4 Perform explainability analysis by visualizing attention weights W, to identify disease-
relevant ROIs and pathways.
End Algorithm
The proposed algorithm integrates neural learning through GNNs with symbolic reasoning
guided by medical knowledge to improve the interpretability and diagnostic accuracy of brain
disorder detection. The Knowledge Attention Graph (KAG) focuses learning on medically
significant connections, while the neuro-symbolic integration module fuses data-driven
features and logical constraints for explainable predictions.

5. Results and Discussion
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5.1. Experimental Configuration
The proposed Neuro-Symbolic Knowledge Attention Graph (NS-KAG) model was
implemented using Python 3.10 and PyTorch 2.2 frameworks. Experiments were performed
on a workstation equipped with an NVIDIA A100 GPU (40 GB VRAM), 256 GB RAM, and an
Intel Xeon Gold 6258R CPU.
To ensure robustness and statistical validity, five-fold cross-validation was conducted on each
dataset.
Datasets Used:
1. ADNI (Alzheimer’s Disease Neuroimaging Initiative) - 2,200 MRI scans and clinical
metadata.
2. TUH EEG Seizure Corpus - 8,750 EEG samples from epileptic and non-epileptic
patients.
3. O0ASIS-3 - 1,500 MRI samples for aging and dementia studies.
Each dataset was normalized and augmented using z-score normalization and noise injection
techniques to mitigate data imbalance and noise.

5.2. Evaluation Metrics

To assess the system’s diagnostic effectiveness, several standard metrics were used:
Accuracy, Precision, Recall, F1-Score, and ROC-AUC

Performance was quantified using standard classification metrics:

TP + TN
TP +TN + FP + FN

Precision x Recall

Accuracy —

Fl-score — 2 x
Precision + Recall

AUC (Area Under Curve) — Measure of separability between classes.

Additionally, an Explainability Index (EI) and Symbolic Consistency Rate (SCR) were
proposed:
e EI - Percentage of model explanations aligning with clinical rules or expert-verified
regions.
e SCR - Ratio of rule-based inferences consistent with neural predictions.

5.3. Quantitative Results
Table 2. Quantitative Results Comparison for different Models

A F1- EI SCR
Model Dataset ceuracy Precision | Recall AUC

(%) Score (%) | (%)

CNN-LSTM ADNI 89.12 0.85 0.86 0.87 0.91 42.5 55.2
T f

Fanstormer) o xg1s.3 | 91.54 0.88 089 |089 |093 |462 |598
Fusion
GNN-

. TUH 93.01 0.90 0.90 0.90 0.94 53.8 62.1

Attention
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Proposed
NS-KAG Multimodal | 96.87 0.95 0.96 0.95 098 | 82.4 |81.3
(Ours)

The proposed NS-KAG model achieved an overall accuracy of 96.87% and an AUC of 0.98,
outperforming baseline deep learning methods by an average margin of +5.2% in accuracy and
+29.9% in explainability as shown in table.1 Quantitative Results Comparison for different
Models.

As shown in Fig.3 .The inclusion of symbolic reasoning ensured logical consistency between

100 |
90 1
80
70
60
50
40
30

clinical knowledge and model predictions.
20
10

B CNN-LSTM

B Transformer Fusion

B GNN-Attention

® Proposed NS-KAG (Ours)
0 ¥ NS

Accuracy Precision Recall F1-Score El1(%) SCR(%
(%)

Fig.3 The symbolic reasoning ensured logical consistency between clinical knowledge and
model predictions.

5.4. Qualitative Analysis

Visual analysis using Knowledge Attention Maps revealed that the symbolic layer emphasized
medically relevant brain regions (e.g., hippocampus, prefrontal cortex) associated with
Alzheimer’s and epilepsy. The neuro-symbolic fusion Fns(x)F_{ns}(x)Fns(x) provided
interpretable feature attributions aligning with expert annotations.

5.5. Attention Visualization and Interpretability
Figure 6 (Knowledge Attention Map) highlights that attention weights (a;;) concentrated on
medically relevant brain regions such as:

¢ The hippocampus and entorhinal cortex for Alzheimer’s diagnosis.

¢ The temporal and frontal lobes for seizure detection in EEG data.
The symbolic reasoning layer (Fus(x)) provided rule-based annotations (e.g., “reduced
hippocampal volume + abnormal EEG alpha band — early Alzheimer’s likelihood”), offering a clear
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interpretive pathway from data to decision.
This transparency enabled domain experts to validate and trust Al-driven conclusions, bridging
the gap between black-box neural learning and clinician-understandable reasoning.

5.6. Comparative Discussion
The integration of symbolic reasoning and neural attention led to:
1. Enhanced Generalization - symbolic priors reduced overfitting on small medical
datasets.
2. Improved Explainability - clinicians could trace reasoning paths through attention
weights (aij\alpha_{ij}aij).
3. Robust Decision-Making - multimodal consistency checking reduced false positives in
EEG anomaly detection.
4. Reduced Computational Redundancy - Knowledge Attention Graph pruning lowered
inference time by ~17%.
Compared to purely data-driven methods, the NS-KAG architecture demonstrated superior
interpretability and reliability, making it suitable for clinical decision support systems.

5.7. Statistical Significance and Ablation Analysis

As shows in Table 3.Ablation studies were performed to evaluate the impact of each
component:

Table 3 Ablation studies were performed to evaluate the impact of each component:

. . Accuracy F1-
Configuration (%) Score EI (%)
Without Knowledge Graph 92.31 0.90 47.6
Without Symbolic Layer 93.42 0.91 51.8
W1thout. Attention 90.84 0.88 39.3
Mechanism
Full NS-KAG Model 96.87 0.95 82.4

The analysis confirmed that both Knowledge Attention Graph and Symbolic Integration
layers contribute significantly to performance and interpretability, establishing their necessity
in the framework as shown in Fig.4.Fig 4 and 5 shown in Comparison outcomes of Neuro-
Symbolic Models and statical Neuro-Symbolic Models configuration.
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Comparative Performance of Neuro-Symbolic Models
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Fig.4 Performance and interpretability, establishing their necessity in the framework.

Comprehensive Performance Comparison of Neuro-Symbolic Models
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Ablation Study and Statistical Significance of NS-KAG Components
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Fig.6 Comparison outcomes of statical Neuro-Symbolic Models configuration

Conclusion

The framework facilitates real-time supervision and reliable decision-making through
decentralized consensus and cryptographic encryption, preserving autonomy to agents.
Decision-making is based on data records rendered immutable. ABSTF increases accountability
and transaction integrity. The proposed NS-KAG (Neuro-Symbolic Knowledge Attention Graph)
model surpassed baseline deep learning models by 5.2% in accuracy and 29.9% in explainability
by achieving an accuracy of 96.87% and an AUC of 0.98. and an AUC of 0.98, surpassing baseline
deep learning methods by an average of 5.2% in accuracy and 29.9% in explainability. The use of
symbolic reasoning assured the alignment of logic across the domain knowledge and the
knowledge model, augmenting the overall interpretability and trust in the framework. Future
work could investigate optimizing agent coordination through reinforcement learning, the use of
quantum-resistant blockchain algorithms, and deploying the framework to large-scale
heterogeneous MIS environments for increased scalability and adaptability.
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