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Abstract —Meningitis is a severe neuroinfectious
disease that can cause serious neurocognitive impairment and
incurable rates of death when it is not diagnosed early.
Existing diagnostic and forecasting techniques rely on manual
clinical examination and laboratory analyses, which are time-
intensive, error-prone, and, in most cases, yield high rates of
false positives. To circumvent these shortcomings, this paper
proposes next-generation deep learning and optimisation
approaches within a higher-level artificial intelligence
framework to predict meningitis with high accuracy and at an
early stage. The proposed model incorporates a Neuro-
Semantic Capsule Transformer Network (NSCTN), which
uses a combination of a capsule-based spatial hierarchy and
transformer-based contextual learning to learn complex
interactions among clinical, biochemical, and neuroimaging
features. Before classification, an Adaptive Distribution
Harmonisation (ADH) strategy is used to normalise the data,
aiming to remove scale imbalance and noise. The Deep Causal
Impact Scoring (DCIS) mechanism is used to assess feature
relevance, as it measures causal impact rather than simple
correlation. To further optimise feature selection and
convergence efficiency, an Adaptive Bayesian Hypergraph
Attention Optimiser (ABHAO) is used, which allows
modelling of multi-feature interactions while preserving
probabilistic uncertainty. Moreover, a Causal-Aware
Federated Meta Learning Network (CAFMLN) is proposed to
enhance generalisation and the robustness of heterogeneous
clinical datasets without compromising data privacy. Through
experimental confirmation, the proposed framework is shown
to be far better than traditional machine learning, deep neural
networks, and state-of-the-art models in terms of accuracy,
precision, recall, F1-score, and false alarm rate. The model
also has better generalisation properties and robustness to
different data distributions.

Keywords—  Neuro-Semantic  Capsule  Transformer
Network (NSCTN), Adaptive Distribution Harmonisation
(ADH), Deep Causal Impact Scoring (DCIS), Adaptive
Bayesian Hypergraph Attention Optimiser (ABHAO), Causal-
Aware Federated Meta Learning Network (CAFMLN)

L INTRODUCTION

Forecasting complex events quickly and
accurately is challenging in healthcare and other fields that
are constantly evolving. When using traditional methods to
predict future events, predictive value and accuracy
typically suffer from the use of high-dimensional, non-
linear, and time-varying data, leading to higher error rates.
Recent advances in deep generative modelling techniques,
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such as Generative Adversarial Networks (GANs), have
shown great promise in producing improved performance
in the areas of feature representation and approximate
synthetic data generation, as well as uncertainty
quantification for applications such as energy systems,
network performance analysis, and clinical patient
monitoring through capturing the complex dynamics of
temporal trends and multimodal interactions. Due to their
ability to capture the complex interactions in time-varying
data and the large diversity of uncertainties across different
dimensions, these models are highly appropriate for
medical predictions. Meningitis is a severe neuroinfectious
disease that is associated with high mortality and severe
complications within the nervous system. Rapid diagnosis
of meningitis is critical to improve patient outcomes.
Conventional diagnostic methods for meningitis rely on
laboratory testing and clinical judgement, which frequently
lead to delayed decisions about how to treat a patient (e.g.,
misdiagnosis) and false negatives resulting from either
laboratory or clinical errors. To address the issues
associated with conventional diagnostic methods, this
study introduces an advanced artificial intelligence (Al)
framework for predicting and classifying meningitis at its
early stages. Due to delayed diagnosis and limited access
to expert systems, early prediction of meningitis remains a
significant concern. Current centralised models suffer from
poor cross-institutional generalisation and data privacy
issues. A solid, privacy-preserving, and causally based
prediction framework is thus required.

A Causal-Aware Federated Neuro-Semantic
Capsule Transformer (CAFNSCT) method has been
developed for early diagnosis of meningitis. ADH, DCIS,
ABHAO, NSCTN, and CAFMLN combination for
enhanced feature extraction and causality-based learning.
The architecture of the Al framework utilizes a Neural-
Semantic Capsule Transformer Network (NSCTN) for
modelling the hierarchical and contextual -clinical
relationships associated with patients with meningitis, a
Deep Causal Impact Scoring Mechanism (DCIS) for
providing causality information for contributing features,
and an Adaptive Bayesian Hypergraph Attention Optimizer
(ABHAO) for capturing the interactions of the contributing
features across the patients involved in the study.
Furthermore, a Causal-Aware Federated Meta Learning
Network (CAFMLN) is introduced into the overall
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architecture to improve the generalisability of predictions
across disparate datasets, while preserving the
confidentiality and privacy of patients' information. The
focus of the overall system is to decrease false-positives, to
improve predictive accuracy, and to provide a greater
interpretability of patients' conditions through the use of
causal analysis. Experimental evaluations show that the
overall system out-performs traditional machine learning
and deep learning methods with respect to precision, recall,
F1-score, and robustness.

IL. RELATED WORK

Recent research indicates that the influence of
advanced deep learning models has been increasing in
various fields of predictive and diagnostic models.
Berghout et al. (2023) came up with a collaborative
augmented hidden layer feedforward neural network
(RCFE-NAHL) to lithium-ion battery State of Health
prediction. They combine a Robust Collaborative Feature
Extractor with augmented Restricted Boltzmann Machines
to learn intricate ageing behaviour, and augment this with
an augmented hidden layer network to learn nonlinear
degradation behaviour to provide better predictive
accuracy. Song et al. (2018) proposed Multimodal
Stochastic Recurrent Neural Networks (MSRNNSs) to video
captioning in video analytics. Their generative model one
approach to uncertainty in a temporal and semantic context
by using stochastic latent variables and multimodal inputs
can generate a wider range of captions and provides a richer
context of captions than deterministic RNNs. Likewise,
Amanullah et al. (2025) have created a hybrid meningitis
diagnosis model based on the integration of Fuzzy
Cognitive Maps with Decision Trees, which has improved
the interpretability and the misclassification rate of
simulated and real clinical data.

There is also improvement in robustness and
planning applications. Doan et al. (2022) tested universal
naturalistic adversarial patches (TNT attacks) that caused
major inaccuracies in neural networks and highlighted the
vulnerabilities to security. Zhao et al. (2022) have used an
ensemble of Generative Adversarial Networks and
Rapidly-Exploring random Trees to plan efficient and safe
trajectories. Moreover, Franchi et al. (2023) enhanced
uncertainty quantification in Bayesian Neural Network
through latent posterior encoding, and Bessadok et al.
(2022) emphasized the usefulness of Graph Neural
Network in the neurological disease modelling. Also, a
CNN-based sleep stage classifier that uses
photoplethysmography signals was developed by Habib et
al. (2022) and delivered a performance equivalent to that of
clinical polysomnography.

TABLE 1. COMPARATIVE ANALYSIS OF RECENT ADVANCES IN
GENERATIVE AND DEEP LEARNING APPLICATIONS ACROSS
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Table 1 provides an overview of the recent work
in the application of generative and deep learning models
in a variety of fields, such as scientific prediction, trajectory
modelling, battery estimation, healthcare, manufacturing,
and supply chains. The accuracy, decision-making,
efficiency, and interpretability have been improved in these
works, and they emphasize the generative adversarial and
explainable neural networks versatility in the complex real-
life applications.

I1I. PROPOSED METHODOLOGY

The proposed methodology presents a novel Al
architecture for early meningitis prediction that leverages
deep learning, causal inference, and optimisation
algorithms. Adaptive Distribution Harmonisation is then
used to refine clinical, biochemical, and neuroimaging data
to ensure quality and consistency. Deep Causal Impact
Scoring identifies the truly influential features, and the
Adaptive Bayesian Hypergraph Attention Optimiser selects
informative attributes by modelling high-order interactions
and uncertainty. The proposed framework operates in four
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stages: (i) preprocessing and normalisation, (ii) feature
extraction using DCIS, (iii) causal representation learning
via NSCTN, and (iv) federated optimisation using
CAFML. These attributes are trained using a Neuro-
Semantic Capsule Transformer Network to gain
hierarchical and global relationships. Lastly, a Causal-
Aware Federated Meta Learning Network helps train across
various datasets, achieving high accuracy, robustness, and
fewer false alarms.
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Fig. 1. Proposed Al-Driven Workflow for Early Meningitis Prediction
Using NSCTN and CAFMLN

The proposed meningitis forecasting framework
is described in Figure 1. Adaptive Distribution
Harmonisation The heterogeneous clinical data is
preprocesses by Adaptive Distribution Harmonisation and
then causally directed feature selection by Deep Causal
Impact Scoring and the Adaptive Bayesian Hypergraph
Attention Optimiser. The refined features are then
subjected to Neuro-Semantic Capsule Transformer
Network and Causal-Aware Federated Meta Learning is
used to guarantee privacy-preserving and generalisable
prediction.

A. Adaptive Distribution Harmonisation (ADH)

The Adaptive Distribution Harmonisation (ADH)
method is used in preprocessing to guarantee the high
quality and variability of the data. By capturing higher-
order dependencies, which are frequently overlooked in
traditional graph-based models, the DH module improves
relational feature learning. To systematically handle
missing and null values, the ADH is processed by
estimating feature-wise statistical distributions, then filling
incomplete entries with distribution-based approximations
that preserve the intrinsic data properties. It also uses
adaptive thresholding to detect noise and outliers,
accounting for global and local feature variations, thereby
achieving effective anomaly removal without interfering
with meaningful patterns. Also, the feature heterogeneity is
handled by ADH by dynamically normalizing the features
into a common representational space. ADH increases the
numerical stability and acceleration of convergence in the
meningitis diagnosis process and increases the predictive
reliability by reducing redundancy and balancing feature
distributions.

N X jr lf X j * @
xij:{u- ifx; =@ M
Jr ij

In Equation (1), x;; rep denotes the initial value
of the j th feature of the i th data sample in the raw data.
X+ is a symbol that is used to represent the revised or
imputed value of a feature after preprocessing with
Adaptive Distribution Harmonisation (ADH) method. The
@ symbol is used to represent an absent or null record in the
data set. The ujrepresents the statistical mean of the j th
feature, which is calculated using all non-missing samples.
In case a feature value has not been observed, x;;maintains

the same value as x;;.
af = % Z?Izl(xij —uj)? (2)

In the Equation (2), sz represents the variance on
the j th feature, which is a measure of how far the values of
a feature are distributed about the mean. Nrep is a variable
that describes the number of data samples in the dataset.
The x;; represents the value of the j feature of the i sample
whereas, u; represents the mean value of the j -th feature

. N
calculated over all samples. Summation Zi= (X =

U j)zcaptures both global and local variability in the values
of each feature: it is the squared difference between the
value of an individual feature and its mean.
clean _ {xij’ I Xij = Hj I< Ao—] 3)
Y Ui, otherwise

Where (3) means, x;; clean, means the value of
the j feature of the i sample after eliminating the outliers.
x;j is the original feature value and o; are the mean and
variance of thej th feature respectively. The A is an
adaptive scaling parameter which ascertains the allowable
degree of variance with the mean. When the value of the
feature is within A times the standard deviation about the
mean, it is kept otherwise the replaced with the mean is

done to remove extreme outliers.
1

Wi = 1+Zk$jCOV(Xj,Xk) (4)
Equation (4) w; denotes the redundancy weight of the j
feature, and is applied to minimize correlated or redundant
information. cov(x;,,) is the covariance between the j
feature and the other features k # j The use of the sum of
covariances in the denominator, makes those features that
are highly correlated with the rest of the features have a
lower weight which ensures that those features that are
independent and informative are highlighted in
preprocessing.

norm — X" Hy (5)
9] o.j

The meaning of this term is as follows: x;"™ is the
normalised value of the j feature of the i sample xf}ea“ is
the cleaned value of the feature of Equation (5), and the y;
are the mean and standard deviation of the feature. This
normalisation g; is a standardisation of the feature, which
makes the feature have a zero mean and a unit variance,
thus allowing the homogenisation of the heterogeneous

features.
o - ) ©
Y max (x;)—min (x;)
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In this case, x;°"

jfeature following Adaptive Distribution Harmonisation;
xi;™" is the normalised feature value of Equation (6), and
(x;) are the minimum and maximum values of the feature,
respectively. This minmax scaling is used to normalize all
the values of features to the same range, usually [0,1] so
that the values of different features can all be compared.

M
H(X) == ) _ p(xplog p(x)) (7

In the equation (7), H(X) rep is the amount of entropy of

the dataset following the preprocessing, which measures

the distributional uncertainty of features. M is the total
number of features, and p (x;) is the probability distribution

is the final harmonised value of the

of the j feature values. Reduced entropy values reveal a
more balanced and similar data set, which proves that ADH
has been effective in removing noise, outliers and
heterogeneity of features.

B. Deep Causal Impact Scoring (DCIS)

Deep Causal Impact Scoring (DCIS) is a
quantitative measure of actual causal impact of every input
feature on meningitis prediction after preprocessing. In
comparison to traditional correlation-based selection
technologies, which can be used to select spurious
relationships, DCIS directly models cause effect
relationships between clinical variables and outcomes. It
approximates the direct impact of the variation of features
by merging deep neural representations with causal
principles of inference and relying on confounders. DCIS
uses interventional simulations and counterfactual analysis
to give impact scores, which represent true predictive
value. Powerful causal characteristics are promoted, and
others are minimised or altogether suppressed, promoting
interpretability, bias reduction, and robustness and
generalisation.

z; = fo(x;) (®)
In Equation (8), z jrep is the deep feature embedding of the
j™ input feature transformed by the neural network. The
parameterisation fy(-)represents a learnable deep neural
mapping that represents intricate nonlinear correlations
between input features. The x; is the preprocessed value of

the jM feature which is received at the Adaptive
Distribution Harmonisation (ADH) step.

P(y 1 do(x))) = ZZ].P(Y 1)) P(z; | do(x;))
)

In Equation (9), P(y |do(x;)) is the interventional
probability of the target event, y (meningitis or non-
meningitis) when the j th feature, j, is set or intervened
upon externally. It is summed across all potential deep
features embeddings z;, that are learnt representations of
x; obtained via neural mapping fy(x;). P(y | z) the
conditional probability of outcome y given feature
embedding z;, while P(z; | do(x;))is the probability of
feature embedding z 1given the intervention do(x;).
P() = E[P(y | X)] (10)
P(y) is used in Equation (10) to denote the
baseline or marginal probability of the target outcome y
(meningitis or non-meningitis) in the entire dataset.
E[P(y | X)] is used to indicate the expected value of the

corresponding conditional probability of y when all input
features are X = {x, Xy, ..., Xy}, and so on, is the entire
repertoire of preprocessed features of any given sample of
data. The model allows quantifying how sincere causal
input of individual features influences the prediction of
meningitis by comparing P(y | do(x]-)) and P(y).

A; =1 P(y I do(x;)) = P(y) | (11)
In equation (11) Delta jrep is the marginal causal effect of
jt feature x; on the target set y (meningitis or non-
meningitis). It is computed by the absolute difference
between the interventional probability, P(y | do(x;)), the
probability of outcome given the externality of x; and the
baseline probability, P (y). This difference is a
quantification of the direct effect of feature x; the
prediction which removes the effects of confounding
variables or indirect associations.

1
wj = 14+ . Confx k) (12)

In Equation (12) 0 jrep signifies the causal weight of
adjustment of the j™ feature x j, it is utilized to determine
the effect of confounding factors when estimating the
causal impact. Conf(x;, x;) is used to measure the level of
confounding or dependency between feature x; and all
other features x; in the dataset, where k # j. The
aggregation of the confounding effect of all the other
features is ). Kt Conf( xj, x,) The model can be used by

computing w; = 1/(1+ Zkij Conf(x;,x,)) Conf and

then the down weight features that are strongly confounded
by others, so that the estimated causal effect can be on the
actual direct effect of x; on the outcome y. This
modification increases the accuracy and interpretability of
feature weights in the prediction of meningitis.

DCIS; = w; - A (13)

The expression of the Deep Causal Impact Score of the j
feature x;, in Equation (13) as DCIS; is the actual causal
impact of the feature x;, on the prediction of meningitis.
The marginal causal effect of the feature is denoted by the
terms A; denotes the absolute change in probability of the
outcome as a result of the feature being manipulated,
xj,relative to the probability without manipulation.
Variable omega j is the adjustment weight that gives a 100
percent weight to the confounding effects of all other
features, and it makes sure that the score is not a result of
the spurious relationships.

C. Adaptive Bayesian Hypergraph Attention Optimiser
(ABHAO)

After conducting the causal analysis Adaptive
Bayesian Hypergraph Attention Optimiser (ABHAO) is
used to identify most informative and complementary
features in meningitis prediction. ABHAO is a
multidimensional relationship model between interacting
clinical variables based on hypergraph attention, unlike the
conventional method which analyses features separately.
This method assigns the weights of importance
dynamically based on the contribution and the strength of
interaction, and, therefore, critical latent dependencies are
discovered. At the same time, Bayesian optimisation is
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used to direct feature selection in case of uncertainty by
revising probabilistic beliefs of feature relevance. In terms
of balanced exploration and exploitation, ABHAO
eliminates overfitting and premature convergence,
eventually producing an optimal subset of features which
can be more stable, faster to converge and more accurate in
prediction.
1, ifvEe

H(v,e) = {O, otherwise (14)
The adaptive Bayesian hypergraph attention optimiser
(ABHAO) has the feature nodes and hyperedges related by
the matrix H (v, e) that is shown in Equation (14). The v is
the feature node representing the v th clinical attribute,
and erep denotes a hyperedge, which relates to a group of
mutually dependent features. The value of H (v, e)will be
established to be 1 when feature v is contained in the
hyperedge e, which implies a direct relationship, and 0
otherwise, which implies there is no association between
the two.

o = exp (p(x;x)))

U Tee; o0 @Gr) (15)

In Equation (15), a;; is the attention weight that the it
feature node x; will receive in the hyperedge e; in the
Adaptive Bayesian Hypergraph Attention Optimiser
(ABHAO). Function ¢(x;, x;) a learnable compatibility or
scoring function, an estimate of the relevance or strength of
interaction of feature x; and feature x;. These scores are
normalised by the denominator ). kee; exp (¢ (xg, x;)) to

condition that the attention scores add up to one, but only
across feature nodes k within each hyperedge e;,.
Computation of a;; dynamically measures the relative
importance of each attribute in the scenario of its
interaction with other attributes to allow selecting very
informative and interdependent attributes in meningitis
prediction.

P(x;j 1 D) < P(D | x;) P(x;) (16)
In Equation (16) P(x; | D)is the posterior probability that
the j"feature x; is relevant in the given observed data set
Din the Adaptive Bayesian Hypergraph Attention
Optimiser (ABHAO). P(D | x;)is the probability used to
indicate how well the observed data Dcan be explained by
the value of the feature x;and P(x;)is the prior probability
that is used to reflect any prior belief of how important the
feature is before looking at the data. Proportionality The
symbol « is used to show that the posterior is calculated to
a normalising constant. The given Bayesian formulation
will enable ABHAO to revise beliefs of feature relevance
in the face of uncertainty to perform uncertainty-aware
feature selection and prioritise those attributes with high
diagnostic power in predicting meningitis.

Sj=a;-P(;1D) (17)
The adaptive selection score of the j" feature X in
Adaptive Bayesian Hypergraph Attention Optimiser
(ABHAO) is represented by S j rep in Equation (17). The
hypergraph attention weight of x; denoted 0 j identifies the
relative importance of x; relative to its interactions with
other features in the same hyperedge, and P(x;) is the
posterior probability of the feature being relevant given the

observed dataset D, computed by performing Bayesian
inference. Through attention-based importance and
uncertainty-aware probabilistic relevance, the selection
score S; = a;  P(x; | D) helps to use a robust measure to
select both highly informative and interdependently
important features in predicting meningitis with high
precision, allowing the optimiser to identify the most
informative attributes to predict meningitis.
F* = arg max ijETSj (18)

In Equation (18), F *represents an optimal feature
set that the Adaptive Bayesian Hypergraph Attention
Optimiser will choose in predicting meningitis in men. S;
is the adaptive selection score of the j™ feature that is the
combination of the hypergraph attention weights and the
Bayesian posterior probabilities to measure its
significance. The summary ijETSjis the sum of the

cumulative score of all features in a candidate subset F.
ABHAO determines the set F* 0 of features that maximises
the total relevance and, in the process, includes high-order
interactions between features, by optimising an argument
of the maximum, F *max, over subsets of features.

D. Neuro-Semantic Capsule Transformer Network
(NSCTN)

The features which are optimally chosen are then entered
into Neuro-Semantic Capsule Transformer Network
(NSCTN) to learn the deep representations and then do
classification. NSCTN integrates network of capsules and
transformer networks to identify local hierarchical and
global contextual dependencies in data of meningitis.
Capsule layers are used to retain patterns of spatial and
relational features, and self-attention models based on
transformers are used to transform long-range semantic
interactions on clinical attributes. This hybrid design has
produced strong noise resistant representations, improving
the differentiation between meningitis and non-meningitis
cases whilst having good generalisation across a variety of
clinical data.
u; = g(Wix + b;) (19)
The first term in the Equation (19) is u; which is
the primary capsule output vector of the i" feature of the
Neuro-Semantic Capsule Transformer Network (NSCTN).
Where x is the input feature vector (gained during the
feature selection step), and W; and b;are the learnable
weight matrix and the bias vector of the i"capsule. The
activation g(-) is a nonlinear activation considered to be
ReLU or sigmoid, and it brings nonlinearity to the
transformation. The network, by calculating u; = g(W;x +
b;), transforms the input features to high-dimensional
capsule representations which encode all the parameters of
patterns at once, both presence and instantiation.
v; = squash( Y c;; ;) (20)
In Equation (20), v;is the output of the j th capsule
following the dynamic routing in the the Neuro-Semantic
Capsule Transformer Network (NSCTN). The u;the input
vectors of the lower-level capsules and ¢;; denote routing
coefficients which express the value that each lower-level
capsule u gives to the higher-level capsule v;. These
contributions are added together with
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( Zi Cij ui) aggregates the weighted effect of all the lower-

level features which are relevant. An example of a
nonlinear vector normalisation is the squash function,
which normalises the magnitude of v;. between 0 and 1
without changing its orientation so that the output contains
both the probability that the feature appears and its
instantiation parameters.
. QKT
Attention(Q, K, V) = softmax ( Jd—k) \% 21
In the Equation (21), Attention (Q,K,V) is the

self-attention mechanism displayed in the transformer
modules in Neuro-Semantic Capsule Transformer Network
(NSCTN). Q(queries), K (keys), and V (values) matrices
are based on the input features representations and they
store data on the relationships of the features. The
dimensionality of the key vectors is denoted by d;, and used
to scale the dot product QK" to ensure that large values do
not occur, which would lead to the destabilisation of the
softmax calculation. The scaled dot product is normalised
by the softmax function, which results in attention weights,
which determine the extent to which a certain feature
should pay attention to other features in the sequence.

y =20(W, +b,) (22)

The prediction of the Neuro-Semantic Capsule

Transformer Network (NSCTN) output is denoted ¥ in the
Equation (22), where y widehat denotes the probability of
a sample to fall under meningitis or non-meningitis. The
variable z is the representation of integrated feature, which
is a result of the summation between capsule outputs and
transformer-based embeddings. The learnable output layer
weights and bias of the output (high-dimensional feature z)
to the prediction space are the matrix W, and the vector b,,.
The zo (W, + b,)operation is an activation operation, e.g.
sigmoid to classify using two categories, or softmax to
classify using many categories.
E. Causal-Aware Federated Meta Learning Network
(CAFMLN)

Causal-Aware Federated Meta Learning Network
(CAFMLN) is a network that improves generalisation and
at the same time maintains high patient privacy. It allows
distributed  training between distributed clinical
institutions, in which local models are trained on different
systems, without the exchange of explicit patient data.
Model updates and causal representations are only sent to
a central coordinator and it meets the requirements of
healthcare privacy. CAFMLN emphasizes meaningful
patterns, and not spurious correlations by creating causal
awareness into federated learning. It has a meta-learning
aspect, which enables quick adaptation to new clinical
settings, enhances transferability, minimizes overfitting,
and preserves the diagnostic performance of diverse patient
groups.

6" = 6© —yv,L(60;Dy)

(23)

. (t+1). .

In Equation (23), theta 0, is the revised
model parameters of the K'"local client in the Causal-
Aware Federated Meta Learning Network (CAFMLN) at
time (t+1). The global model parameters that are shared
with the client at iteration t are denoted by 0, and D, is the

local dataset of the k th institution. £(6®; D,,) Is the loss
function calculated on the local data, and O theta
LOW;D,is the gradient of the loss on the model
parameters. The learning rate 7 is what determines the size
of the step.
Y; = P(y | do(x))) (24)
In formula (24) ; is the score of causal relevance of thej"
th feature x; in Causal-Aware Federated Meta Learning
Network (CAFMLN). 1t is characterized as the
interventional probability of P(y|do(x;)), and is
expressed as the likelihood of getting that outcome when x
is set or manipulated externally. The model uses the
evaluation of 1; to determine the extent to which each
feature affects the prediction so as to isolate the direct
causal impact but hold constant confounding variables.
t+1) = N ol (t+])
g(t+1) — Zk=1z’,§=1mm o (25)
In (25), the result of the previous iteration t is

represented by o(t+Din CAFMLNBIEHl)is the locally

updated parameters obtained from the k-th client's local
dataset, where D_k represents the size of the local dataset.

. Dl
The weight K _i0m]

to contribute more to the global update than those who have
smaller datasets.
6" = arg min YK LB —aVeL(8;Dy))

(26)

In Equation (26), 8*the optimal parametric state
of the Meta-Learnt model of the CAFMLN. The form of
L(6 — aVyL(6; D)) is the evaluated loss function on the
k'hclient's Local dataset D, after performing an
approximate gradient descent based on the specified Meta
learning rate . Y.k_, the Loss for all K Federated Learning
Clients. The optimal Updating Parametric
State 8 *minimises the aggregated loss for all participating
clients. Thus, allowing the overall model to adapt quickly
to New or Unknown datasets.

allows clients who have larger datasets

Iv. RESULT AND DISCUSSION

The experimental findings show that the offered Al-
based meningitis prediction model achieves a higher
success rate than traditional machine learning,
conventional deep neural networks, and the latest models.
The Neuro-Semantic Capsule Transformer Network,
fuelled by Adaptive Distribution Harmonisation, learns
more effectively from heterogeneous clinical, biochemical,
and neuroimaging data, achieving higher accuracy,
precision, recall, and Fl-score, and fewer false alarms.
Adaptive Bayesian Hypergraph Attention Optimiser and
Deep Causal Impact Scoring provide additional
information on feature relevance and convergence, as they
model causal and multidimensional interactions. Also, the
Causal-Aware Federated Meta Learning Network achieves
strong generalisation across a wide array of datasets while
maintaining patient privacy, facilitating practical clinical
application. The recommended structure improves the
accuracy of typical deep learning techniques while
minimising computational overhead, making it ideal for
environments with limited resources.
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The proposed federated learning scheme can be
implemented across different hospitals and institutions,
where data remain at the hospital level while model
parameters are shared. This method enables collaboration
without compromising data confidentiality. It also reduces
the amount of data communicated, enabling scalability and
efficient processing across different hospitals. It involves
distributed training across multiple clients rather than
loading all data onto a single server.

A. Dataset Description: Meningitis  Clinical and
Laboratory Dataset

The Meningitis Clinical and Laboratory Dataset is a
set of patient-level clinical and laboratory data, including
demographics, vital signs, biochemical markers,
haematological parameters, and other pertinent medical
observations. These inhomogeneous features facilitate
medical diagnosis, risk assessment and optimal prognosis.
The dataset is rich and diverse, well-suited for machine
learning and deep learning classification tasks to develop
accurate diagnostic models and support clinical decision-
making in the management of meningitis. This database
consists of two classes. One is the Meningitis class, which
denotes positive samples; the other is the non-meningitis
class, which denotes negative samples. There are several
samples in the positive class and B samples in the negative
class, resulting in an [un]balanced distribution. Several
preprocessing steps were implemented before training to
improve model performance. Missing and corrupting
samples in the dataset were first eliminated. Input data
normalisation was performed using values ranging from 0
to 1.

A B C D E F G H | J K L

Patient [[Age  Gender WBC_Cou Protein_L(Glucose_L Pathogen Diagnosis Outcome Hemoglok WBC_BlocPlatelets

1 66 Female 14450 17 19 Yes Bacterial Recoverec 3 13912 119405
94 Male 13470 12 104 No Bacterial Recovere( 16 6845 213495
3 Male 892 0 66 No Viral | Recoveret B 449 uABIL
53 Female 16200 145 16 Yes Bacterial Recovers( 1 1731 11970
47 Female 4781 3 58 No Viral  Recoveret W 5086 259521
75 Female 417 107 1Yes Bacterial |Recoveret 11228 118669
74 Female 13162 17 4 Yes Bacterial |Recoveret 6 13755 121651

92 Male BY 183 4 Yes Viral  Deceased 6 10392 142968
10 9 47 Female 1538 170 26 Yes Bacterial |Recoveret § 17408 140540

Fig. 2. Sample Representation of the Meningitis Clinical and Laboratory
Dataset
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Figure 2 demonstrates the sample of the Meningitis
Clinical and Laboratory Dataset, which includes patient
level data including demographics, laboratory parameters,
presence of the pathogen, type of diagnosis, and outcomes.
Having both numeric and nominal characteristics, the
heterogeneous data enables the use of the supervised
learning in predicting the type of meningitis, its severity,
and clinical outcomes with the help of the proposed Al
framework

Comparison results

TABLE II. PERFORMANCE COMPARISON OF
EXISTING METHODS AND PROPOSED MODEL

Method Accuracy | Precision | Recall | F1- False
(%) (%) (%) Score | Alarm
(%) Rate
(%)
RNN 89.34 88.12 87.65 87.88 | 9.45
CNN 91.76 90.85 91.12 90.98 | 7.62
GAN 93.48 92.94 92.35 92.64 | 6.14

Proposed 97.92 97.45 98.12 97.78 | 2.36
CAFMLN

Table 2 reveals that although RNN, CNN, and
GAN models are characterized by a reasonable level of
accuracy, they are characterized by an increased false alarm
rate, as well as a lower level of balance between precision
and recall. The proposed CAFMLN has the best accuracy
of 97.92, as compared to all the approaches, with a false
alarm rate of 2.36, and is more reliable and clinically
effective in predicting early meningitis.

Mccuracy of Different Methods

racy (%)

Acou

Proposed CAPMLN

NN NN GAN
Meihod

Fig. 3. Accuracy Comparison of Existing Methods and
Proposed CAFMLN

Figure 3 shows the comparisons between model
accuracies, as RNN, CNN, and GAN have 89.34%, 91.76
and 93.48, respectively, indicating the incremental feature
learning. Compared to them, the proposed CAFMLN has
much better performance of 97.92 and proves the power of
causal-aware federated meta-learning and optimal choice
of features to make sound predictions of meningitis in

clinical decision support systems.

Fig. 4. Precision and Recall Comparison of Existing Methods

88.12% 87.65% 90.85% 91.12%
and Proposed CAFMLN

M Precision M Recall %)

Figure 4 estimates model precision and recall.
RNN performs worse, whereas CNN and GAN exhibit
gradual growth in their ability to identify a case of
meningitis correctly. The proposed CAFMLN is the most
accurate (97.45) and recalls the best (98.12), which proves
its better capabilities of minimising misclassification and
providing balanced and reliable clinical predictions.
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Fig. 5. F1-Score Comparison of Existing Methods and
Proposed CAFMLN

Figure 5 shows the comparison of the F1-score of
RNN, CNN, GAN, and CAFMLN models. The lowest
balance is recorded by RNN and then better performance is
achieved by CNN and GAN. The best F1-score of 97.78 of
the proposed CAFMLN indicates its ability to provide a
better balance of precision and recall, including a high
reliability to predict clinical meningitis.

‘Comparison of False Alarm Rate across Methods

ate (%)

_,
o

Falss Alarem F

L] ow GAN Proposed CAFMLN

Fig. 6. Comparison of False Alarm Rate Across Methods

Figure 6 shows a comparison between RNN,
CNN, GAN, and CAFMLN False Alarm Rates. The biggest
decrease is registered by RNN (9.45%), then by CNN and
GAN. The proposed CAFMLN has the lowest FAR of 2.36
percent, which shows that it is the least able to create false
alerts and increase reliability in clinical prediction.

Comparison of Model Performance Metrics

150
3
£ 100
=
€ 50 I I I
a
0
RNN CNN GAN Proposed
CAFMLN

B Selected Relevant Features (%)  m@thiodyergence Epochs

Training Stability (%)

Fig. 7. Comparison of Model Performance Metrics: Feature Selection,
Convergence, and Training Stability

The comparison of RNN, CNN, GAN, and
CAFMLN, presented in Figure 7, is based on the feature
selection, convergence epochs and training stability.
CAFMLN is the best in terms of feature selection
(89.72%), convergence (quickest, 62 epochs), and stability
(93.86%). GAN has minimal stability and the lowest
convergence speed, whilst CNN and RNN demonstrate
intermediate efficiency and strengths, which proves that
CAFMLN is more efficient and reliable.

TABLE IV. COMPONENT-WISE ABLATION ANALYSIS OF THE

PROPOSED FRAMEWORK
Model Variant Accuracy Precision Recall F1-
(%) (%) (%) Score
(%)
Without ADH 92.14 91.62 91.08 91.35
Without DCIS 91.48 90.95 90.27 90.61
Without 93.02 92.44 91.96 92.19
ABHAO
Without NSCTN 90.76 90.12 89.58 89.84
Full Model 95.63 95.08 94.72 94.90
(CAFMLN)

From the analysis in Table 4 above, it is clear that
excluding each component reduces the model's
performance. The model performs poorly without the
NSCTN component, underscoring its importance for
creating deep features. Likewise, without the DCIS
component, the performance is poor since contextual
feature learning is affected. The ADH component enhances
adaptive feature learning, while the ABHAO component
helps optimise attention. Both have a positive impact on the
model's performance. The analysis shows that the complete
model provides the best results for accuracy, precision,
recall, and F1-score.

V. CONCLUSION

In conclusion, the suggested Al-based model is an
excellent solution to early and successful meningitis
detection, eliminating the issue of conventional
diagnostics. The model brings together NSCTN and ADH,
DCIS and ABHAO to capture the complicated clinical
interactions, in addition to providing rapid convergence
and high stability. The CAFMLN has 97.92 %, 97.45 %,
98.12 %, 97.78 %, and 97.92 % accuracy, preciseness,
recall, Fl-score, and false alarms respectively, which are
impressive robustness and generalisation. The framework
can be used with heterogeneous clinical data due to the
effective feature selection and the stability of training.
Subsequent investigations will involve integrating
multimodal and lifelong learning, and lightweight
deployable and understandable in under-resource
healthcare settings.
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