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Methods: This study proposes an Attention-based Graph Convolutional Approach for Efficient
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informative features while removing the redundant ones. For classification, a multi-head
spatiotemporal attention graph convolutional network captures both spatial and temporal
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Introduction

he convergence of sixth-generation (6G)

networks with the Internet of Things (IoT)

is reshaping smart healthcare by providing

intelligent connectivity, high bandwidth,

and ultra-low latency across medical

systems. Early detection of infections
affecting critical parts of the human body can help
control disease progression and preserve the integrity
of those parts [1]. Unlike conventional diagnostic
approaches for early cancer detection, 6G-powered IoT
can process massive volumes of medical data. The
current healthcare IoT approach is limited by
challenges in dynamic resource allocation, data
protection, and infrastructure scalability. This method
supports dependable and protected data transfer, a key
requirement for any resource allocation (RA) structure.
Also, 6G will enable Al-powered systems to support
data-driven decision-making in resource management
using insights collected from IoT devices [2]. However,
most existing approaches using the IoT-Driven MR
Allocation for 6G Network Dataset primarily focus on
basic system parameters and conventional optimization
techniques, often overlooking the complex
relationships between resource usage patterns and
network dynamics.

A brief review on previous works on healthcare
resource allocation using IoT. Almadhor et al. [3]
introduced a combined Al-driven 6G-IoT healthcare
system comprising 3 elements: scalable network
optimization, adaptive healthcare resource allocation,
and privacy-preserving anomaly detection. Anand and
Karthikeyan [4] proposed an innovative method
for resource allocation and task scheduling in an edge
computing approach employed for health-related
monitoring. Singh and Hada [5] developed an
innovative Fuzzy Logic-Driven Decision Support
Model (FL-DSM) for adaptive resource allocation in an
IoT-assisted Smart medical system. Rafiqu et al. [6]
developed the ML-RASPF model, an ML-based
architecture for effective service distribution in smart
healthcare models. Gowda et al. [7] examined the
integration of IoT devices and ML-based predictive
analytics in medical services to enhance resource
allocation. In [8], a DDQN-based resource allocation
technique for Al-native medical systems in 6G dense
networks has been developed. Muazu et al. [9]
implemented resource management in the IoMT by
utilizing the edge-empowered BC and FL model. The
gradient parameters must be encoded by employing
Paillier encryption. The authors [10] introduced an
efficient healthcare data management method (EE-
HDMM) that can improve medical monitoring by
employing an loT-based wearable sensor environment.

To address these challenges, this work presents an
Attention-based Graph Convolutional Approach for
Efficient Medical Resource Allocation (AGCA-
EMRA) model. The core contribution of this research
includes the following:

e Present a conditional mutual information
maximization (CMIM)-based feature selection approach,
allowing the model to select the informative features.

e Introduction of a multi-head spatiotemporal
attention graph network (MHSAGN), which
incorporates the graph convolutional network (GCN), a
gated recurrent unit (GRU), and an attention
mechanism (AM) for capturing spatiotemporal
dynamics and prioritizing relevant features.

e Use the ranger optimizer helps to attain model
convergence stability.

Materials and Methods

The proposed system introduces an efficient
approach for classifying resource utilization efficiency
in a 6G-enabled IoT environment. The AGCA-EMRA
method follows a systematic approach that integrates
comprehensive preprocessing, feature selection,
classification, and optimization. Figure 1 demonstrates
the complete process of the AGCA-EMRA framework.
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Figure 1. Complete process of the AGCA-EMRA
framework.
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The proposed architecture represents the healthcare
IoT environment as a dynamic graph (G= (V, E, A)),
where (V) represents the set of nodes that represent the
IoT devices, medical resources, and patient entities,
while (E) denotes the communication and interaction
relationships over these nodes. The adjacency matrix
(A) is constructed by analyzing connectivity,
proximity, service dependencies, and resource
interaction patterns among the nodes. Initially, a binary
adjacency matrix is generated, where (Ag;;; = 1) shows
the existence of a relationship between node (i) and
node (j), whereas (Ag;; =0) shows no direct
interaction.

The edge weight (W;;;) between two connected
nodes depicts the intensity of interactions and influence
among them. Stronger dependencies are indicated by
higher weights.

Network conditions, device status, resource
utilization levels, and patient conditions are
continuously monitored, allowing the adjacency matrix
and edge weights to adapt to real-time changes.

CMIM-based Feature Selection

CMIM is applied to enhance data representation by
selecting relevant features that contribute effectively to
classification tasks.

CMI

It is a general idea in information theory that
calculates dependence amongst 2 variables when the
state of a 3" variable is known [11]. This norm is
determined with respect to predictable Kullback-
Leibler (KL) divergence as given by,

I(X; Y|Z) = H(X|Z) — H(X|YZ)
= In
PIEC)IHINICT

It could be interpreted as the shared information
between Xand Ygiven a third variable Z, where higher
conditional mutual information corresponds to reduced
conditional entropies H(X | Z)and H(Y | Z), and
probabilities p (x)are estimated from event frequencies.

_ pylz)
p(x|z)p(y|z)

CMIM

The CMI is more beneficial in the FS framework as
it scores features that meet this standard. This model
gains complementarity, redundancy, and relevance, and
also offers a better trade-off between stability and
accuracy. CMIM is a multivariate feature selection
method that uses conditional mutual information to
select features by maximizing relevance to the target

Chandran A, et al. Real-Time Medical Resource Allocation in 6G-Enabled ToT Environment using ....

ey

Ywhile minimizing redundancy with previously

selected features S.
CMIM (X) = min;esI(Xy; Y[X)) (2)

A greater CMIM value means a feature Xy is
relevant to the target Y and extremely matches the
chosen alternative feature X; with parameter j € S.

Attention-based Spatio-Temporal Classification

MHSAGN integrates a GCN, a GRU, and an AM to
capture spatio-temporal dependencies in the data.

GCN

A graph representation is constructed for medical
resources and IoT devices. The GCN models the spatial
interactions, and its mathematical form is represented
by G = (V,E), where every individual node V with
respect to an IoT device or healthcare service, and the
interlink among them are denoted as edges E [12].
Patient load with regard to time, denoted as X € RV*P,
Figure 2 shows the architecture of GCN module.

The GCN computes the matrix multiplication and
the Ist-order neighborhood-weighted average of the
feature vectors, as given below.

Hl+1) = 5 (5-%/15-%)(@(0) 3)

Here, o is a non-linear activation function, A = A +
Iy is the adjacency matrix with self-loops, D is the

degree matrix, @ implies learnable parameters at

layer 1, and D~'/?normalizes node contributions by
degree.
f(X.A) = o(AReLU(AXW,)W;) (4)

Here, the ReLU is the activation function, 4 =
D~Y2AD Y2, and W, and W,
matrices.

indicate weight

GRU

To obtain the model, the temporal dependencies of
IoT data sequences, with the spatial features removed
using the GCN, have been fed into the GRU. Figure 3
portrays the structure of the GRU model. To gain the
input data corresponding to time t, the parameter 7,
refers to the reset gate and the term u, specifies the
update gates are given below,

u, = o(W,[Xy, he—1] + by) ®)

1y = o(W,[X¢, he—q] + by) (6)
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Figure 2. Architecture of the GCN module.

Gated Recurrent Unit (GRU) Cell

|

[ by

X

-

i |Output
Gate

@

g a \lanlﬂ

5 6 *

Hidden
State

GCN
(Spatial Features
Selection)

GCN Output
(Spatial Features)

Reset Gate Update Gate  Candidate for
Xy a Hidden State

International Journal of
Medical Toxicology & Forensic Medicine

Figure 3. Structure of GRU model.

Let X, is the feature vector at time t, h;_, is the
prior hidden layer (HL), band W describes trainable
biases and weight factors, and o represents the sigmoid
function.

The HL ( h;) and candidate memory content
(c¢;) must be computed by,

c; = tanh(W,[Xy, 7 * he_4] + b.) ™

he =ug*heg+ (1 —u) *ce ®

AM

AM is used to capture spatiotemporal features of
IoT data in the medical domain; multi-head attention
(MHA) is combined with the GCN-GRU architecture
to incorporate temporal and spatial representations of
the input data.
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Primarily, the input data X is entered into the GCN
to represent the spatial dependency and later the GRU
to the features of the temporal model, thus generating
HL, h;(i = 1,2, ...,n). The MHA comprises value, key,
and query heads; all the individuals have a dual
multilayer perceptron (MLP) for obtaining a scoring
function that can be used to calculate the outcomes HL

H = [hy, hy, ..., hy] by using the softmax function a;;.
exp(e;;
aij — p( l]) (10)

> exp(ex)

Now the parameter H represents the final HL
output, and band W indicates learning biases and
weights for the 1% and 2™ FFN layers. The scores
should be multiplied by HL vectors, h, and lastly, it can
be denoted by C;

n
Ct =Zaij h]
=1

Parameter Optimization

an

The ranger optimizer is an advanced optimization
technique for tuning network parameters that combines
dual strategies to improve learning efficiency. [13].

9t,i+1 = 9t,i + A(L: 9t,i—1: d) (12)
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Here, the parameter L is the main IoT-MR
objective, Ais the optimizer, dis mini-batch data,
iindexes batches, tis iterations, and {is the slowly
updated weight over batches.

Cev1 =G + a(et,k )

= a0 + (1= )b_qp+ -+ (1 — @) 0]
+ (1 -a) (13)

Now the mathematical term a € (0,1) remains the
interpolation factor that can be used to collect the input
of the faster weight to the slower weight.

Results

This article studies the performance of the AGCA-
EMRA technique on the IoT-based MR Allocation for
6G Network Dataset [14]. The dataset contains 500
samples divided into two classes, as given in Table 1.

Table 1. Details on dataset.

Classes Labels No. of Samples
Low Resourc_e Utilization Low RUE 277
Efficiency -
High Resourc_:e Utilization High RUE 278
Efficiency -
Total Samples 500
International Journal of
Merdiral Taviealann & Earencie Medicine

In Table 2, the confusion matrices and RUE results
of the AGCA-EMRA technique are presented for
80%:20% TRPE/TEPE splits. The proposed method
achieved an average value of accuryof 95.97% and

95.63% for TRPE and TEPE, respectively.

In Table 3, the confusion matrices and RUE results
of the AGCA-EMRA technique are presented for
70%:30% TRPE/TEPE splits. The proposed method
obtained an average value of accur,of 94.92%, and
92.90%, for the TRPE and TEPE.

Discussion

To validate the AGCA-EMRA method, a detailed
comparison study is presented in Figure 4 [15-17]. The
outcome implied that the KNN, SVM, ATI-CNN,
CNN, LSTM, QLN, Deep CNN, and DQN methods
have resulted in lower performance, whereas the
AGCA-EMRA system has achieved a higher result
with accur, of 95.97%, preci, of 96.51%, recal, of

95.97%, and F1g4,e of 96.19%, correspondingly.

Table 4 shows the computational efficiency of the
AGCA-EMRA technique with other models. Based on
inference latency, the AGCA-EMRA method confers
lesser value of 4.26ms, Flops of 1.37G and Memory
footprint of 1.02 while the KNN, SVM, ATI-CNN,
CNN, LSTM, QLN, Deep CNN, and DQN techniques
attains greater time of 14.82ms, 12.47ms, 8.94ms,
7.86ms, 1031ms, 6.94ms, 9.58 and 6.17ms,
respectively.

Table 5 indicates the ablation evaluation of diverse
components in the AGCA-EMRA model. The AGCA-
EMRA (CMIM + GCN + GRU + MHA + Ranger)
model achieved an accuracy of 94.92%, precision of
94.07%, recall of 94.92%, and F1-score of 94.24%.

Table 2. Confusion matrices and RUE analysis of AGCA-EMRA approach with 80:20.

Confusion Matrix Class Labels Accur, Preci, Recal, Fl1g5,,, MCC
Training Phase (80%)
. I 200 Low RUE 9330 9824 9330 9570 9248
= 175
E' | - 150
= 125 High RUE 98.64 94.78 98.64 96.67 92.48
=< - 100
= 3 218 7S
= 0.75% 54.50% - s0
- 2s Average 95.97 96.51 95.97 96.19 92.48
Low_RUE High_RUE
Predicted
Testing Phase (20%)
Low RUE 93.02 97.56 93.02 95.24 91.87
=, 40
_ 5 High RUE 9825 9492 9825 9655 9187
= 30
=
= 56 20
= 56.00%
£ Average 95.63 96.24 95.63 95.89 91.87

Low RUE
Predicted

High_RUE
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Table 3. Confusion matrices and RUE analysis of AGCA-EMRA approach with 70:30.

Confusion Matrix

Class Labels Accur, Preci, Recal,

Flgcore MCC

Training Phase (70%)

180

w 160 Low RUE 99.33 88.69 99.33 93.71 88.98
5 149 140
E 42.570/0 120
32; e High RUE 90.50 99.45 90.50 9476  88.98
2 19 o
5 543% 40
T -20
. Average 94.92 94.07 94.92 94.24 88.98
Low_RUE High_RUE
Predicted
Testing Phase (30%)
"’ Low_RUE 98.61 87.65 98.61 92.81 86.00
a 60
% 50
E 40 High RUE 87.18 98.55 87.18 92.52 86.00
& w 30
2 10 20
s 6.67%
= 10
Average 92.90 93.10 92.90 92.66 86.00
Low_RUE High_RUE
Predicted
International Journal of
Medical Toxicology & Forensic Medicine
: : B : Table 4. Computational complexity of the proposed AGCA-
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oo I e oo [ - Inference Memory
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oo [ ] oo o [ -
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Figure 4. Comparative analysis of AGCA-EMRA approach
with other systems.

Conclusion

This manuscript introduces an AGCA-EMRA model
for a 6G-enabled IoT system. The goal of the proposed
model is to precisely categorize resource utilization
efficiency into low and high classes, enabling reliable
monitoring and improved resource management. For
classification, an MHSAGN captures correlations
between spatial and temporal data. The technique is
further optimized using the ranger optimizer to stabilize
training and accelerate convergence. An extensive
experimental analysis is conducted on the IoT-based MR

Medical Toxicology & Forensic Medicine

Table 5. Ablation Study of the Proposed AGCA-EMRA
model.

Configuration Accuracy Precision Recall Fl-
Score
GCN + GRU 90.81 89.92 90.74  90.33
GCN + GRU
+ MHA 92.38 91.56 9227 91091
CMIM + GCN
+GRU 93.24 92.46 93.13 9279
CMIM + GCN
+ GRU + 94.11 93.34 94.06  93.7
MHA
AGCA-EMRA
(CMIM +
GCN + GRU 94.92 94.07 94.92 9424
+MHA +
Ranger)

International Journal of
Medical Toxicoloau & Forensic Medicine
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Allocation for the 6G Network Dataset. The proposed
AGCA-EMRA model achieves 95.97% accuracy,
outperforming existing methodologies. Although the
proposed ~ AGCA-EMRA  demonstrates  strong
performance, it is currently evaluated on a single 6G-
enabled IoT healthcare dataset, which limits its
generalizability.

In the future, the research will focus on extending the
proposed architecture with federated graph learning to
enable privacy-preserving, collaborative resource
allocation across distributed healthcare institutions. In
such a decentralized learning model, healthcare
organizations can jointly optimize and train the resource
allocation model while keeping sensitive operational and
patient data locally stored. The research will also
emphasize validating the proposed architecture in
heterogeneous, multi-center healthcare IoT environments
characterized by diverse network frameworks, dynamic
resource availability, and varied device capabilities.
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