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ABSTRACT

Gestational Diabetes Mellitus (GDM) is a prevalent pregnancy-related condition that contributes
significantly to maternal and neonatal health complications, such as pre-eclampsia, neonatal hypoglycemia,
and long-term metabolic disorders. Existing diagnostic methods, such as the Oral Glucose Tolerance Test
(OGTT), are invasive, time-consuming, and not easily scalable for early detection. This research introduces
the Scarlet Macaw-Inspired Deep Belief Network (SM-DBN), a deep learning-based model designed to
predict GDM risk early in pregnancy. By incorporating bio-inspired optimization techniques such as adaptive
foraging and territorial behavior, SM-DBN addresses challenges like class imbalance, missing data, and the
dynamic nature of pregnancy-related risks. The model achieved a classification accuracy of 81.277%,
showing significant promise in early-stage GDM detection. SM-DBN integrates temporal pattern learning to
capture trimester-specific risk variations, and explainable decision support ensures transparency for
clinicians. The model’s ability to handle incomplete and noisy clinical data, adapt dynamically to evolving
risks, and offer interpretable predictions makes it a highly effective tool. This approach provides a scalable,
interpretable, and non-invasive solution for GDM risk assessment, reducing the reliance on traditional
diagnostic tests and enhancing maternal-fetal health outcomes across diverse healthcare settings.

Keywords: Healthcare, Gestational Diabetes Mellitus, Prediction, Bio-Inspired Optimization, Deep Belief

Network, Diabetes.

1. INTRODUCTION

Diabetes mellitus is a chronic metabolic condition
characterized by impaired glucose regulation.
Among its various subtypes, Gestational Diabetes
Mellitus (GDM) is a condition that arises
specifically during pregnancy, primarily due to
placental hormones that interfere with insulin
sensitivity [1]. While GDM typically resolves after
delivery, women who experience GDM are at a
significantly higher risk of developing type 2
diabetes later in life. The global prevalence of GDM
is rising due to factors such as increased maternal
age, obesity, and sedentary lifestyles, particularly in
developing countries [2]. Current diagnostic
methods, such as the Oral Glucose Tolerance Test
(OGTT), are effective but invasive, resource-
intensive, and not scalable for large populations,
leading to significant delays in diagnosis. The
complexity of GDM arises from its wvariable
manifestation and the fact that many women who
develop it do not exhibit clear pre-existing risk
factors. As a result, early prediction and intervention
remain critical to reducing maternal and neonatal
complications associated with GDM [3].
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GDM poses substantial clinical and societal
burdens for affected individuals and healthcare
systems. Women with undiagnosed or poorly
managed GDM face increased risks of pregnancy
complications, including pre-eclampsia, cesarean
delivery, and neonatal hypoglycemia. Long-term,
they are also at a higher risk of developing type 2
diabetes and cardiovascular diseases [4], [5].
Children born to mothers with GDM are more likely
to face metabolic challenges such as obesity and
diabetes later in life. The societal impact is far-
reaching, with GDM contributing to rising
healthcare costs, particularly in regions with limited
access to specialized care [6]. The inconsistency in
screening guidelines across different health systems
leads to missed cases or unnecessary testing,
creating inefficiencies. These challenges underscore
the need for early, accurate, and non-invasive
prediction models that can help reduce GDM-related
complications, improve maternal-fetal health, and
alleviate the healthcare burden [7].

Despite  promising results, previous
machine learning (ML) and deep learning (DL)
models used for GDM prediction have significant
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limitations [8]. Most studies have utilized
retrospective  datasets, which lack temporal
progression data and fail to capture dynamic risk
changes across pregnancy trimesters. Many models
are trained on imbalanced datasets, with GDM-
positive cases often underrepresented, leading to
biased predictions [9]. The inability to effectively
handle incomplete or noisy data further limits the
performance of these models. Many existing
approaches lack interpretability, making it difficult
for clinicians to trust or apply them in practice.
Without clear reasoning for predictions, healthcare
professionals cannot rely on these systems for timely
intervention [10], [11]. These models often fail to
generalize well across different population groups,
limiting their scalability. These challenges highlight
the need for robust, interpretable, and adaptive
models capable of capturing the complex, evolving
nature of GDM risk throughout pregnancy [12].

The increasing complexity of GDM
prediction calls for novel approaches that can
overcome the shortcomings of existing models. Bio-
inspired optimization techniques, which are based on
natural behaviors and adaptive strategies observed in
the animal kingdom, present a promising solution
[13]. These techniques offer significant advantages
over traditional optimization methods, as they allow
for efficient exploration of high-dimensional, non-
linear data spaces, dynamically adapting to data
irregularities and class imbalances [14], [15]. In the
context of GDM prediction, bio-inspired
algorithms—such as those inspired by the Scarlet
Macaw’s adaptive foraging, territorial behavior, and
cooperative  vigilance—can improve feature
selection, regularize weights, and enhance data
propagation. These biologically inspired principles
facilitate hierarchical, time-aware learning that
adjusts based on evolving risk factors, offering a
more accurate and interpretable solution for GDM
prediction. By  incorporating  bio-inspired
mechanisms into deep learning architectures, this
research aims to provide a robust, interpretable, and
clinically applicable model that can predict GDM
risk earlier in pregnancy and help minimize
unnecessary diagnostic testing. The study aspires to
enhance predictive performance by ensuring greater
transparency and accessibility in clinical decision-
making.

1.1. Scope and Assumptions

This study focuses exclusively on first-
trimester, non-imaging, structured clinical variables
for early GDM risk prediction using a bio-inspired
deep learning framework. The proposed SM-DBN
assumes availability of standardized tabular

maternal records containing metabolic and
demographic indicators. The model does not
incorporate imaging  modalities, genomic

sequencing data, or multi-center federated datasets.
It operates under the assumption that clinical
variables are recorded under standardized obstetric
protocols and that probabilistic imputation
adequately reconstructs missing entries without
introducing systematic bias. The architecture is
optimized for binary GDM classification and does
not extend to multi-complication pregnancy
modeling.

This investigation is delimited to binary
GDM risk stratification using structured maternal
health records collected under controlled clinical
settings. The model does not evaluate longitudinal
postpartum diabetic transition nor incorporate
wearable sensor streams or genetic biomarkers.
Performance evaluation is conducted on a single
consolidated dataset, limiting external multi-
regional generalization claims. Model
interpretability relies on SHAP, LIME, and entropy-
based uncertainty quantification, which remain post-
hoc approximations of deep decision boundaries.
Future validation across heterogeneous -clinical
systems is required to strengthen cross-population
robustness.

1.2. Problem Statement

GDM presents unresolved challenges in
early risk identification, diagnostic standardization,
and clinical intervention. Despite OGTT being the
recommended diagnostic tool, it is resource-
intensive,  time-consuming, and  clinically
burdensome, especially for patients not in the actual
risk group. Variations in screening guidelines across
international and national health systems have led to
inconsistent identification practices, resulting in
unnecessary testing or delayed detection. Current
risk factors, including age, BMI, family history, and
previous macrosomia, lack precise threshold
definitions and fail to capture the temporal evolution
of GDM risk during pregnancy. Real-world datasets
for GDM are typically imbalanced, with fewer
positive cases, causing existing models to exhibit
low sensitivity and poor minority class prediction.
Most prior studies have relied on retrospective data,
limiting their reliability and neglecting the potential
of time-aware, real-time, and explainable
frameworks. The interpretability of machine
learning outputs is critical in clinical settings, yet
remains largely unaddressed. Clinical records also
suffer from missing values, inconsistent formats, and
unstructured fields, complicating integration into
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intelligent decision support systems. The absence of
robust, prospective, interpretable, and temporally
adaptive predictive solutions hinders targeted
screening, data-efficient training, and timely
intervention, compromising optimal maternal-fetal
outcomes in GDM care

1.3. Motivation

GDM presents a growing public health
burden, disproportionately affecting maternal and
neonatal outcomes, particularly in underserved and
socioeconomically vulnerable populations. Delayed
or missed diagnosis leads to complications including
pre-eclampsia, neonatal hypoglycemia, and
increased cesarean rates, while overdiagnosis results
in unnecessary emotional stress and clinical
interventions. Traditional screening methods like
OGTT are invasive, time-bound, and not easily
scalable, especially in community or low-resource
settings. As healthcare systems globally shift toward
digital integration, there is a pressing societal need
for Al-driven, interpretable, and real-time screening
frameworks that support early intervention and
reduce long-term diabetes progression. The clinical
data irregularities, such as missing values and
inconsistent formats, hinder accurate risk prediction.
The dynamic nature of GDM risk throughout
pregnancy underscores the importance of time-
sensitive and personalized prediction. Ensuring
transparency and interpretability in such systems is
essential for clinician trust and patient-centered care.
This research is motivated by the urgent need to
address these gaps through accessible, equitable, and
explainable decision support tools that advance
maternal  health outcomes across diverse
populations.

1.4. Objective

This research aims to design and validate a
novel Scarlet Macaw-Inspired Deep Belief Network
(SM-DBN) for accurate, explainable, and temporally
adaptive prediction of GDM using non-imaging,
first-trimester screening datasets. The proposed
model addresses critical gaps associated with
retrospective  model  limitations,  diagnostic
inconsistencies, data  imbalance, and the
inefficiencies of universal OGTT-based screening
protocols. SM-DBN integrates structured layer-wise
training, probabilistic feature selection, temporal
risk modeling, and uncertainty-aware classification
to capture trimester-evolving patterns and
incomplete  records  without compromising
predictive stability. The architecture employs weight
regularization, adaptive learning rate tuning, and
gradient-directed ~ propagation to  maintain

generalization in real-world, noisy, and class-
imbalanced datasets. Special emphasis has been
placed on model interpretability through SHAP and
attention-based decision support, enabling clinician-
trusted risk inference. Prospective validation has
been carried out to ensure real-time applicability and
generalizability across diverse maternal populations.
A key performance goal of SM-DBN is maximizing
classification = accuracy  while = minimizing
overdiagnosis, unnecessary OGTT usage, and
undetected risk cases, supporting early clinical
intervention, personalized care, and equitable
maternal health delivery.

1.5. Study Aim and Outcome Measures

The primary aim of this study is to design a
temporally adaptive, bio-inspired Deep Belief
Network capable of early-stage GDM prediction
with  structured interpretability. Novelty is
established through the integration of Scarlet
Macaw-inspired ~ optimization behaviors into
hierarchical RBM stacking combined with entropy-
ranked feature prioritization and trimester-aware
temporal learning. Outcome measures include
Classification Accuracy, MCC, Error Rate,
Youden’s Index, and Critical Success Index,
enabling balanced evaluation across sensitivity,
specificity, and class stability metrics. Unlike prior
reconstruction-centric or fixed ensemble models,
SM-DBN  emphasizes discriminative  depth,
uncertainty calibration, and explainable inference.

2. LITERATURE REVIEW

“Graph-Semantic Repurpose Net” [16]
combines chemical graphs and biomedical text
embeddings to predict new drug-disease links.
Molecules and diseases are embedded via graph
attention and text transformers, respectively. Their
representations are aligned in a shared latent space
for link prediction. The network scores candidate
pairs based on semantic and structural compatibility.
“Engineered Multi-Disease Grid” [17] uses
engineered clinical features to classify patients into
diabetic-only, hypertensive-only, combined, or
regular classes. Interaction features, such as glucose-
pressure ratios, are created to model physiological
overlap. Redundancies are filtered out, and
classifiers like SVM are evaluated. A multi-class
structure captures distinct and co-morbid disease
states. “App-Driven Hypo Forecast” [18] relies on
structured user input from mobile apps to create
next-day hypoglycemia alerts. Data like blood
glucose trends and systolic/diastolic pressures are
compiled into daily time windows across ten-day
spans. Machine learning models—especially
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Random Forest and SVM—are trained on these
temporal records using feature engineering that
captures fluctuation rates and averages.

“Biomarker-Fused Forecast Loop” [19]
merges clinical history with wearable data to predict
gestational diabetes markers before diagnosis.
Wristband-derived metrics like glucose and motion
signals are fused with lab readings, including
triglycerides and HbA1c. This integration is handled
using coupled matrix tensor factorization to align
modalities. Regressors like Random Forest operate
on the fused features to forecast biomarker levels.
“Virtual Ward Synth Loop” [20] orchestrates Al
monitoring of diabetic and kidney parameters using
real-time and historical data. Cloud-based platforms
receive inputs like glucose, creatinine, and blood
pressure from home devices. Parallel pipelines
powered by Gradient Boosting and LSTM-CNN
detect patterns and degradation risk. Predictions are
fused via a soft-voting ensemble and visualized
through CURA’s digital interface. “Meal-Metric
Predict Loop” [21] integrates macronutrient
intake—carbs, fat, protein, fiber—and insulin levels
to predict post-meal glucose. A feedforward neural
network is trained on structured input vectors where
each nutrient is time-aligned with insulin onset. The
model forecasts glucose over 15 to 60-minute
intervals, capturing how non-carb components
influence absorption delays. Layer-wise
interpretation highlights protein and fat.

“Grammar-Guided Glycemia Learner” [22]
uses symbolic evolution to derive interpretable
glucose dynamics post-meal. Based on clustered
glucose trajectories, structured grammars evolve
difference equations explaining how glucose shifts
every 15 minutes. Each grammar produces formulas
with constraints ensuring clinical realism. Parkes
error grid scores assess safety, while equation
complexity is minimized. “White-Black Predictive
Duel” [23] contrasts physiologically grounded
white-box models with data-driven black-box
models using identical input timelines. The white-
box system models internal glucose-insulin
dynamics and updates via a particle filter. Black-box
systems—Ilike LSTM and TCN—Iearn sequence
patterns from CGM, meals, and insulin records.
“Forecast-Test Mismatch Trap” [24] uncovers a
critical discrepancy between standard model
evaluation and closed-loop system behavior. The
study contrasts a rule-based controller and an LSTM
predictor within simulated insulin  control
environments. While LSTM shows favorable static
prediction metrics, it destabilizes performance

during real-time glucose regulation, revealing that
isolated historical error minimization fails to reflect
control safety.

“Tandem Risk Encoder” [25] transforms
irregular longitudinal EHR data into structured,
temporally ordered sequences wusing entity
embeddings and synchronized LSTM streams.
Distinct health domains—metabolic markers,
activity patterns, and comorbidities—are encoded
separately and integrated through tandem
architecture to preserve domain semantics while
capturing inter-domain influence. “Tube-Guarded
MPC” [26] constructs a dual-tier glucose control
loop incorporating an LSTM predictor optimized via
genetic algorithms with a non-linear tube-based
MPC. The LSTM model forecasts glucose trajectory,
while the Tube-NMPC enforces constraints by
forming a bounded ‘tube’ around predicted paths,
adjusting insulin inputs accordingly. “Preprocess-

Classify Tuning Grid” [27] evaluates twelve
machine learning classifiers under varying
preprocessing conditions to assess diabetes

detectability from tabular datasets. Each input
scenario—raw, normalized, min-max scaled—is
passed through models like SVM, Logistic
Regression, and ensemble learners. Performance is
mapped across multiple metrics, revealing that
preprocessing effects are model-dependent.

“Tri-Vote Impute Model” [28] orchestrates
a two-phase strategy: initial recovery of missing
values via KNN-based local averaging, followed by
risk classification using a three-model ensemble of
Random Forest, Gradient Boosting, and Extra Trees.
Each model contributes independent probabilistic
estimates, fused through soft voting to mitigate
individual model variance. “Azure-Fused Risk
Lens” [29] formulates a cloud-deployed ensemble
strategy combining LightGBM and KNN with joint
hyperparameter tuning via grid search. KNN
supplements LightGBM’s decision-tree logic by
addressing non-linear boundary cases through
distance metrics. The ensemble is fine-tuned using
ten-fold cross-validation and deployed through
Azure ML for scalable inference. “IL-6 Activity
Loop” [30] models repeated exercise-induced IL-6
release and its long-range effect on glucose balance
by simulating beta-cell preservation mechanisms.
Daily physical activity patterns are encoded, and IL-
6’s anti-inflammatory influence is represented in
endocrine system modules, showing improved
insulin secretion and resistance regulation.
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Stacking (AHDHS)” [31] applies an intelligent
ensemble approach for early-stage GDM
classification where screening data are often sparse
or noisy. Standard stacking pipelines do not adapt
well to trimester-specific variations. AHDHS uses
harmony search to select meaningful features like
age, early fasting glucose, and pedigree function,
then curates a learner set that complements them.
This co-optimized design enhances reliability under
screening constraints and provides a versatile
diagnostic model that outperforms fixed ensemble
schemes in early gestational prediction scenarios.
“Outlier Detection with Deep Stacked Autoencoder
(OD-DSAE)” [32] introduces a composite learning
pipeline tailored for early-stage gestational diabetes
classification. While existing deep learning models
focus solely on accuracy, OD-DSAE prioritizes
clinical reliability by filtering anomaly-prone inputs
through hierarchical clustering. Its deep stacked
autoencoder captures nuanced trends in early
metabolic markers, often invisible to linear
classifiers. By improving data quality and encoding
temporal  dependencies, OD-DSAE supports
proactive screening strategies for expectant mothers,
reducing reliance on invasive tests like OGTT in
early trimesters.

Bio-inspired optimization has
progressively evolved across adaptive routing,
intelligent learning, and secure decision systems,
establishing a strong foundation for nature-driven
computational design. Early frog leap, wolf prey, and
cuckoo search inspired routing protocols
demonstrated adaptive exploration, convergence
stability, and energy-aware communication in
dynamic cognitive radio environments [33]-[37].
Subsequent studies expanded these principles into
swarm intelligence, fuzzy inference, and constrained
optimization for enhanced QoS, delay reduction, and
governance in IoT, quantum, and drone networks
[421-[47], [50], [52], [60], [62], [68]-[72]. Bio-
inspired frameworks were also extended to
healthcare and neural learning, including
optimization-enhanced recurrent networks and frog
leap—based medical classification models [48], [59],
[64], reinforcing clinical applicability. Broader
theoretical and interdisciplinary perspectives further
consolidated intelligent decision-making through
bio-inspired strategies [39], [44], [74], [75], [76].
These cumulative advances motivate the present
SM-DBN framework, where Scarlet Macaw-
inspired adaptive behaviors are embedded within
deep belief learning to strengthen early, interpretable
GDM prediction.

2.1. Research Question

Based on the identified gaps in
retrospective modeling, class imbalance instability,
reconstruction-centric bias, and lack of temporally
adaptive interpretability in prior literature, the
central research question is: Can a bio-inspired,
entropy-ranked, temporally adaptive Deep Belief
Network architecture provide clinically reliable,
explainable, and balanced early-stage prediction of
Gestational Diabetes Mellitus under real-world data
irregularities? This study investigates this question
through structured architectural design and
comparative empirical validation.

3. SCARLET MACAW-INSPIRED DEEP
BELIEF NETWORK

The proposed methodology outlines the
design and implementation of a Scarlet Macaw-
Inspired Deep Belief Network (SM-DBN) for the
early prediction of Gestational Diabetes Mellitus
(GDM). This approach integrates bio-inspired
optimization techniques and deep learning models to
address challenges such as imbalanced data, missing
values, and temporal dynamics in clinical datasets.
The methodology includes feature extraction,
hierarchical training, temporal pattern learning, and
robust data handling, focusing on interpretability and
real-time prediction. The model enhances predictive
accuracy by utilizing bio-inspired mechanisms like
adaptive foraging and group coordination, ensuring
practical applicability in diverse healthcare
environments.

3.1. Input Feature Selection (Selective Feeding)

Scarlet Macaw’s selective feeding behavior
has inspired the feature selection mechanism in SM-
DBN, ensuring that only high-value attributes
relevant to GDM prediction are retained while
eliminating redundant or irrelevant ones. This step
has significantly improved the accuracy, robustness,
and efficiency of hierarchical learning in deep
architectures.

Clinical attributes relevant to GDM
prediction, including glucose levels, body mass
index, age, and genetic predisposition, have been
extracted using a probabilistic ranking mechanism.
These attributes, represented in a structured matrix,
have been transformed through statistical
normalization and weighted distribution to align
with the deep hierarchical learning of SM-DBN.

x =X H
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where X' represents the normalized feature matrix,
X denotes the original input data, u is the mean of
each feature, g is the standard deviation, and wy is
the computed feature weight is based on statistical
significance in the dataset.

Normalization has ensured that feature
values remain uniform, preventing the dominance of
high-magnitude attributes. Weighting factors have
been dynamically assigned based on their influence
on model learning, capturing crucial clinical patterns
that influence GDM development. Feature
redundancy in high-dimensional medical data has
been minimized through an entropy-based selection
process, eliminating attributes with low variance or
high correlation. Entropy values for each feature
have been calculated, and only those contributing
meaningful variability to the model have been
retained, ensuring optimal information gain.

n

HO) = = ) PGologn(x) @

i=1

where H(X) is the entropy of feature X, p(x;)
represents the probability distribution of each
attribute, and n denotes the number of possible
feature values.

High-entropy features have exhibited
greater unpredictability and information diversity,
which has enhanced the DBN’s learning ability.
Low-entropy, redundant attributes have been
discarded, optimizing the model’s computational
efficiency and preventing overfitting. Scarlet
Macaws prioritize nutrient-rich food sources for
survival, reflecting the multi-layer prioritization of
significant features in SM-DBN. Features have been
ranked using a probabilistic measure that evaluates
their impact across multiple network layers, refining
hierarchical feature representation for robust
classification.

Yica Wi Ay 3

= 3)
L

where P(F;) represents the priority score of the

feature F;, W;; is the weight assigned to the feature

at layer [, A;; represents its activation strength, and

L denotes the total number of layers.

P(Fi) =

Higher-priority features have demonstrated stronger
activation patterns across multiple layers,
reinforcing their relevance in predicting GDM risk.
Lower-priority attributes have undergone feature
suppression, preventing information redundancy and
ensuring the efficient utilization of computational
resources in deep learning.

3.2. Greedy Layer-Wise Training (Adaptive
Foraging)

Scarlet Macaw’s adaptive foraging strategy
has influenced the hierarchical training of SM-DBN,
where each Restricted Boltzmann Machine (RBM)
layer has been trained independently before
integration. This technique has enhanced feature
abstraction, reduced computational complexity, and
ensured meaningful patterns in GDM data have been
effectively captured.

Each RBM layer has undergone
unsupervised pretraining to learn hierarchical feature
representations  independently. The objective
function has been optimized at every layer before
stacking, ensuring that deep features remain
distinctive. This strategy has provided a structured
flow of information, preventing feature degradation
across layers and maintaining optimal gradient
propagation. Layer-wise training has prevented
gradient  vanishing by  optimizing local
representations before global fine-tuning. This
structured learning process has ensured that each
layer refines discriminative features essential for
GDM prediction.

wi == (557) @
where W}* represents the optimized weight matrix at
layer I, W, denotes the initial weight matrix, 7 is the
learning rate, and E; signifies the energy function at
the respective layer.

Adaptive foraging in Scarlet Macaws has
inspired an iterative weight adjustment mechanism,
where probability distributions in each RBM layer
have been fine-tuned dynamically. This method has
improved feature representation and ensured better
convergence across layers, mimicking the macaw’s
selective energy optimization while foraging. The
probability adjustment mechanism has refined the
RBM’s ability to model complex distributions in
GDM data, ensuring that each feature contributes
meaningfully to hierarchical abstraction.

p(h=1lv) =0 (Z Wijv; + bj) (%)

L

where p(hj = 1|v) denotes the probability of a
hidden unit h; being activated given input v, W;;
represents the weight connection between the input
v; and hidden unit h;, b; is the bias term, and o is the
activation function.
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Feature representations in each RBM have
been fine-tuned using a contrastive divergence
method, allowing the model to capture relevant
probabilistic dependencies. This iterative refinement
has reinforced model stability and improved
hierarchical depth, ensuring that early-stage learning
enhances final classification accuracy. Contrastive
divergence has facilitated efficient training by
ensuring that weight updates minimize divergence
between empirical and learned distributions,
reinforcing the hierarchical learning structure of
SM-DBN.

AVVL’] = a((vihj)data - (Vihj>modez) (6)

where AW;; represents the weight update, a is the
learning  coefficient, (v;hj)qqeq signifies the
expectation under the data distribution, and
(Vihj)moder denotes the expectation under the
model’s learned distribution.

Energy minimization across layers has
ensured stable learning by preventing unnecessary
fluctuations in feature representations. Inspired by
the macaw’s energy-efficient foraging strategies,
this mechanism has facilitated smooth convergence,
reducing the risk of overfitting and maintaining
balanced weight adjustments. The minimization of
this energy function has strengthened hierarchical
pattern extraction in GDM data, ensuring that critical
features are preserved without excessive parameter
redundancy.

E(U,h) = —Zvibi
l (7
—ES%Q—EZW%WE
J ij

where E(v,h) represents the energy function of
visible (v) and hidden (h) units, b; and c; denote
bias terms for visible and hidden units, respectively,
and W;; represents the weight matrix connecting
them.

3.3. Contrastive Divergence Optimization (Beak
Adaptation)

Scarlet Macaw’s beak adaptation has
inspired Contrastive Divergence (CD) optimization
in SM-DBN, ensuring efficient weight refinement
through structured divergence minimization. This
mechanism has significantly improved feature
extraction, reduced computational inefficiency, and
enabled rapid convergence of Restricted Boltzmann
Machines (RBMs) in GDM prediction.

The hidden unit activation probability has
been approximated using a sigmoidal function,

e
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allowing the network to model complex feature
relationships effectively. This process mimics the
macaw’s ability to efficiently manipulate its beak for
food acquisition, ensuring precise selection and
adjustment of weight values during training. The
probability function defined in Eq.(8) has ensured
that feature learning remains sensitive to critical
patterns, preventing the loss of relevant GDM-
related information during weight updates.

1
1+ e—(zi Wijvi+b)')

p(hylv) = ®)
where p(hj |17) represents the probability of a hidden
unit h; being activated given visible unit v, W;;
denotes the weight between the visible unit v; and
hidden unit h;, and b; is the bias term associated with

Gradient-based weight updates have been
implemented to minimize divergence between
empirical data distributions and the model’s learned
distributions. The refinement of weight values has
aligned with the macaw’s iterative force application
during feeding, enhancing energy-efficient learning.
This weight adaptation mechanism has ensured that
relevant features receive stronger connections,
improving hierarchical feature abstraction in GDM
classification.

(t+1) _ (t) -
W =W+ n(vihi +vihy) 9)

where Wl.](.Hl) denotes the updated weight at time
step t + 1, n is the learning rate, v; h;' represents the
positive phase expectation under the input data, and
v;h; is the negative phase expectation under the
reconstructed data.

Bias terms have been dynamically updated
to stabilize learning, preventing biased weight
propagation that could hinder convergence. This
adaptation has reflected the macaw’s ability to adjust
its beak pressure according to food texture, ensuring
optimal processing efficiency. Bias regularization
has enhanced the balance between weight updates,
preventing the model from overconfidently relying
on redundant features while preserving critical
GDM-related attributes.

b = b 4y Y (- v
i

where bj(tﬂ)

unit j, and v; is the reconstructed visible unit in the
negative phase.

(10)

represents the updated bias for hidden
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Energy function minimization has been
incorporated to ensure stable feature representation
learning. The network has prevented unstable weight
fluctuations by optimizing energy transitions,
similar to how a macaw fine-tunes its beak motion
for efficient food extraction. Reducing energy
function values across training iterations has ensured

smoother ~ weight convergence, maintaining
structured hierarchical learning.
E(U, h) = —Z Z Wijv,:h]'
v (11)
- Z bivi — Z C]h]

i J

where E (v, h) denotes the energy function of visible
(v) and hidden (h) units, b; and ¢; are the bias terms
for visible and hidden layers, respectively.

Weight regularization has been introduced
to prevent overfitting in hierarchical learning,
ensuring that redundant features do not dominate
training. This regulation has mirrored the macaw’s
ability to refine beak movements while feeding,
avoiding unnecessary energy expenditure. This
weight constraint mechanism has ensured that
feature representations remain compact, preventing
excessive reliance on specific features while
preserving overall predictive accuracy for GDM
classification.

) 4 W)
i ij aWij
where W;; represents the optimized weight value,
and 4 denotes the regularization coefficient.

3.4. Hierarchical
Dispersal)

Scarlet Macaw’s seed dispersal strategy has
inspired hierarchical feature extraction in SM-DBN,
ensuring the structured propagation of learned
features across multiple network layers. This
approach has significantly improved information

Feature Extraction (Seed

retention, minimized feature redundancy, and
optimized deep representations for GDM
classification.

Each feature extracted at lower layers has
undergone progressive transformation across deeper
layers, ensuring a structured knowledge hierarchy.
This process has reflected the macaw’s dispersal of
seeds across varying terrains, fostering diverse
vegetation growth, akin to diversified feature
representation. This transformation mechanism has
strengthened deep feature propagation by ensuring
the hierarchical abstraction retains essential
information relevant to GDM risk patterns.

n
Fo= ) oWXi +B) (13)
i=1
where F; denotes the feature representation at layer
l, W,; represents the weight matrix connecting the
input feature X; to layer [, and B is the bias term.

Critical features in patient data have been
preserved by incorporating spatial encoding
mechanisms, allowing hierarchical structures to
retain local variations. This retention strategy
resembles how macaws distribute seeds efficiently
across different ecological niches, ensuring robust
survival adaptability. The application of spatial
encoding has reinforced the model’s ability to
capture fine-grained patterns, minimizing the loss of
crucial clinical attributes related to GDM prediction.

Xi
Si -
max (|X])
where S; represents the spatially encoded feature,
and max(|X|) denotes the highest absolute value
within the input feature set.

(14)

Activations within each hierarchical layer
have been selectively adjusted based on their
relevance to the prediction task, mirroring the
macaw’s selective seed dispersal strategy that
prioritizes fertile regions for growth. This activation-
based refinement has ensured that hierarchical

representations remain robust, distinguishing
between critical and redundant GDM-related
features.

m

i=1

where A; represents the activation of the j-th hidden
unit, W;; denotes the connection weight between the
input feature F; and hidden node j, and B; is the bias
term.

Hierarchical features extracted from
different layers have been fused using a structured
aggregation function, ensuring seamless multi-level
information integration. This fusion mechanism has
imitated macaws’ ability to disperse seeds across
diverse ecosystems, fostering balanced vegetation
growth. This structured fusion mechanism has
reinforced SM-DBN’s ability to synthesize complex
relationships across different feature hierarchies,
enhancing predictive stability.

L
1
Hk = ZZ S(Fl,k)
=1

where Hj, represents the fused hierarchical feature, L
denotes the number of contributing layers, and

(16)
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é (Fl,k) is the activation function applied to feature k
at layer L.

An energy conservation principle has been
introduced to prevent redundant computations,
ensuring that feature representations maintain
optimal efficiency without excessive overlap. This is
analogous to the macaw’s strategy of dispersing
seeds efficiently to maximize survival potential. This
conservation approach has enabled SM-DBN to
retain high-information features while discarding
low-impact attributes, improving classification
efficiency for GDM detection.

E(F) = = ) Filog(F) a7

i
where E(F) denotes the entropy-based measure of
feature diversity within hierarchical representations.

Normalization at each hierarchical level has
stabilized feature propagation, ensuring that weight
adjustments remain structured and preventing abrupt
shifts in learned patterns. This strategy has reflected
the macaw’s ability to control seed dispersal,
ensuring even distribution across various regions.
Normalization has preserved the structural integrity
of hierarchical feature extraction, preventing feature
degradation during progressive learning stages.

F —_
1~ U (18)
o

where N, represents the normalized feature at layer
l, u is the mean of the feature distribution, and o
denotes the standard deviation.

Nl:

3.5. Stacking RBMs (Group Foraging)

Scarlet Macaw’s group foraging behavior
has inspired the stacking mechanism of Restricted
Boltzmann Machines (RBMs) in SM-DBN, ensuring
structured feature learning across multiple layers.
This process has strengthened the network’s ability
to extract deep patterns, reinforced hierarchical
representation, and optimized feature abstraction for
effective GDM prediction.

Each RBM has been sequentially stacked to
ensure layer-wise feature refinement before
integration into the final model. This stacking
process has followed a structured optimization
approach, reflecting the collective intelligence of the
macaws’ coordinating group foraging to locate
optimal food sources efficiently. Stacking RBMs has
ensured structured hierarchical learning, allowing
deeper layers to refine patterns extracted from lower

layers, and reinforcing multi-scale feature
representation.
FUD = g(W,FO + B)) (19)

where F*D represents the feature transformation at
layer [ + 1, W; denotes the weight matrix at layer [,
F® is the feature representation from the previous
layer, and B; is the bias term.

To maintain consistency in feature
propagation, activation functions at each layer have
adjusted neuron responses dynamically. This
adaptation has mirrored the macaw’s ability to
coordinate foraging movements within a group,
ensuring efficient resource distribution. Activation
propagation has reinforced structured information
flow, ensuring critical GDM-related patterns remain
distinguishable across deep hierarchical layers.

1
where A®) represents the activation output at layer [,
ensuring the  propagation of  non-linear
transformations while preventing saturation of
feature distributions.

Weight refinement mechanisms have been
implemented to optimize stacked RBMs, preventing
instability in feature representation. This structured
refinement has imitated the macaw’s ability to adjust
foraging strategies based on group coordination,
ensuring optimal adaptation to food availability.
Weight refinement has prevented overfitting,
allowing the model to generalize well across varying
patient data distributions for GDM classification.

—Wa—Wl (21)

where Wy represents the updated weight matrix, 77 is
the learning rate, and L denotes the loss function that
quantifies deviations in feature abstraction.

To ensure each RBM contributes
meaningful representations to the stacked network,
contrastive divergence (CD) optimization has been
applied iteratively. This iterative adjustment has
aligned with the macaw’s cooperative foraging
behavior, where individuals adjust movement based
on shared group intelligence. CD-based optimization
has reinforced structured weight convergence,
preventing instability while maintaining hierarchical
consistency across stacked RBMs.

AWV = (20)

W' =w

AW;; = AEqatal FiFj] = Emoaar|[FiE])  (22)

Where AW;; represents the weight adjustment for
connections between feature nodes i and j, and 4 is
the learning coefficient that governs update
magnitude.

A regularized learning mechanism has been
incorporated to prevent the accumulation of
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redundant information, constraining weight growth
within optimal limits. This strategy mimics macaws’
resource-sharing behavior during foraging, ensuring
balanced feature distribution within the network.
Regularization has maintained weight stability,

ensuring stacked RBMs preserve hierarchical
integrity ~ without introducing computational
inefficiencies.
aw) = YZ”WIHZ (23)
[
where Q(W) represents the regularization

constraint, and y is the regularization coefficient that
prevents excessive weight amplification.

3.6. Temporal Pattern Learning (Coordinated
Flight Patterns)

Scarlet Macaw’s coordinated flight patterns
have influenced temporal pattern learning in SM-
DBN, enabling structured sequential feature
extraction. This mechanism has strengthened
temporal consistency, optimized feature progression
across time-dependent data, and enhanced GDM risk
prediction.

Feature representations have been aligned
across time sequences to ensure structured learning,
preventing abrupt variations. This strategy has
reflected the macaw’s synchronized flight
movements, ensuring smooth transitions while
navigating environmental changes. This temporal
alignment has ensured smooth feature evolution,
maintaining structured transitions across multiple
layers without disrupting hierarchical abstraction.

T, = W;T,_; + By (24)
where T; denotes the transformed feature at time step
t, Wy represents the transition matrix, T,_; is the
previous time-step feature, and By is the bias term.
Memory retention mechanisms have been
incorporated, preserving crucial past information
while allowing adaptation to new data. This process
has mirrored the macaw’s ability to retain flight
strategies across different environmental conditions.
Memory retention has ensured that past clinical
patterns influencing GDM prediction remain
accessible, preventing critical information loss.

My =aM;_; + (1 - a)T; (25)
where M, represents the memory state at time ¢,
M,_, is the prior memory state, and a denotes the
retention coefficient.

Feature propagation has been optimized
using a structured recurrent mechanism, ensuring
that sequential information is processed efficiently

without disruption. This adjustment has aligned with
the macaw’s ability to adjust flight coordination
dynamically. This propagation strategy has
prevented the degradation of essential GDM-related
temporal features, ensuring hierarchical depth across
multiple learning layers.

Ff = tanh(Wth_l + BF) (26)

where F; denotes the transformed feature at time step
t, W represents the feature weight matrix, and B is
the bias term.

Weight matrices have been dynamically
optimized to ensure adaptability, allowing the model
to adjust learning trajectories based on incoming
temporal sequences. This adaptation has reflected
the macaw’s ability to modify coordinated flight
responses in real-time. Weight optimization has
enhanced learning efficiency, reducing unnecessary
fluctuations in feature abstraction while maintaining
predictive stability.

Wt* = Wt (27)

Taw,
where W;* represents the updated weight at time ¢, n
is the learning rate, and L denotes the temporal loss
function.

An attention mechanism has been
introduced to reinforce sequential feature learning,
ensuring that high-impact temporal attributes receive
greater weighting. This prioritization has aligned
with the macaw’s ability to adjust visual attention
during coordinated flight maneuvers. Attention-
based refinement has preserved high-value temporal
features, ensuring structured GDM risk prediction
across sequential data streams.

eWaTt

Z Kk eWATk
where A; represents the attention coefficient at time
step t, and W, is the attention weight matrix.

To maintain robustness, error minimization
has been applied iteratively, reducing instability in
sequential feature transitions. This strategy has
reflected the macaw’s ability to recalibrate flight
movements  dynamically, ensuring smooth
navigation. Error minimization has strengthened the
model’s predictive capacity, ensuring structured
learning across sequential GDM datasets.

E, = Z(Ti,t - Ti,t)z
i

where E; denotes the error function at time step ¢,
T;. represents the observed feature, and T;; is the
predicted feature.

A = (28)

(29)
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3.7. Backpropagation Fine-Tuning (Cooperative
Vigilance)

Scarlet Macaw’s cooperative vigilance
during foraging has influenced the backpropagation
fine-tuning process in  SM-DBN, ensuring
synchronized weight adjustments. This process has
strengthened feature refinement, reduced
classification errors, optimized hierarchical learning,
and improved the predictive capacity of GDM
classification.

Backpropagation has adjusted weights
sequentially across layers by propagating error
signals backward. This structured update has
reflected the macaw’s cooperative vigilance, where
individuals communicate to avoid threats and refine
foraging strategies. Error propagation has ensured
that model adjustments remain structured,
preventing abrupt weight deviations while
reinforcing stable learning across hierarchical layers.

5 oLy

= (7)o@
where 8, represents the error signal at layer [, L is the
loss function, W; is the weight matrix at layer [, and
0'(Z;) denotes the derivative of the activation
function.

The learning rate has been dynamically
adjusted to prevent unstable convergence based on
gradient variations. This adaptation has aligned with
the macaw’s ability to modify vigilance intensity
depending on environmental risks. Learning rate
modulation has prevented oscillations in feature
adjustments, ensuring balanced weight refinement
without overfitting specific training instances.

"o
1+ At Gh
where 7, represents the learning rate at iteration ¢,
1Mo is the initial learning rate, and A is the decay
coefficient controlling adaptation speed.
Momentum mechanisms have been
introduced to accelerate training while mitigating
abrupt gradient shifts. This adjustment has mirrored
the macaw’s group coordination, where individuals
maintain synchronized flight speed to optimize
foraging efficiency. Momentum incorporation has
stabilized learning dynamics, reducing abrupt
fluctuations in weight updates and reinforcing
smooth feature propagation.

t+1 ¢
VVI( ) = Wz( ) — né;
t t—1
where Wl(tH) represents the updated weight at
iteration t + 1, § is the momentum coefficient, and

(30)

Nt

(32)

Wl(t_l) is the previous weight value.

e
375

Regularization techniques have been
applied dynamically to prevent overfitting, ensuring
that weight growth remains constrained within
optimal bounds. This regulation has mimicked the
macaw’s cooperative behavior, where individuals
monitor and control resource sharing. Regularization
has preserved model generalization, preventing
over-reliance on specific training data patterns while
ensuring robust feature refinement.

W) =ylwllP (33)

where Q(W) represents the regularization penalty, y
is the regularization coefficient, and p controls the
norm type (L1 or L2).

Clipping techniques have been introduced
to prevent gradient explosion, ensuring that weight
adjustments remain within predefined limits. This
approach has reflected the macaw’s vigilant flight
adjustments, preventing disorientation  while
navigating complex terrains. Gradient clipping has
ensured stability in hierarchical learning, preventing
excessive shifts in feature representations that could
destabilize GDM risk prediction accuracy.

AW
" max(1, |AW ]| /1)
where AW represents the weight update, and 7 is the

clipping threshold restricting excessive gradient
magnitudes.

AW

(34)

3.8. Weight Regularization (Territorial Behavior)

Scarlet Macaw’s territorial behavior has
inspired weight regularization in SM-DBN, ensuring
controlled weight adjustments to prevent overfitting.
This structured regulation has strengthened feature
generalization, maintained balanced learning
dynamics, reinforced stability across hierarchical
layers, and optimized GDM prediction accuracy. L2
regularization has been implemented to constrain
weight magnitudes, preventing excessive parameter
growth that could lead to overfitting. This regulation
has mirrored the macaw’s ability to maintain
territorial boundaries, ensuring resource
optimization  without  over-exploitation. L2
regularization has enforced weight sparsity, ensuring
that learned features remain robust without
excessive reliance on specific training patterns.

ij

where Q(W) represents the penalty function, W;;
denotes the weight connecting node i to node j, and
A is the regularization coefficient.

Dropout techniques have been introduced
to enhance model robustness, selectively
deactivating neurons during training. This
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adjustment has reflected the macaw’s territorial
vigilance, where resource distribution is balanced
through selective control. Dropout-based
regularization has prevented dependency on specific
neurons, ensuring that feature learning remains
generalized across different clinical scenarios.
Zip=m; Yy,

m;~Bernoulli(p) (36)

where z; represents the neuron output after dropout,
y; is the pre-dropout activation, and m; is a Bernoulli
random variable with probability p of retaining the
neuron.

A constraint function has been applied to
ensure weight stability, restricting parameter updates
within predefined bounds. This mechanism has
aligned with the macaw’s territorial regulation,
preventing excessive deviations from optimal
positioning. Weight constraint mechanisms have
reinforced structured learning, preventing extreme
fluctuations in weight adjustments that could disrupt
hierarchical learning.

mﬁ:mm(mmmeWWMwW%D

i (37)

where W;; represents the constrained weight, Wy, qx

and W,,;,, denote the permissible upper and lower
weight limits, respectively.

3.9. Adaptive Learning Rate
(Seasonal Variation)

Scarlet Macaw’s seasonal variation in
feeding strategies has inspired adaptive learning rate
adjustment in SM-DBN, ensuring stable
convergence during training. This mechanism has
strengthened  learning  efficiency, prevented
stagnation, maintained structured weight updates,
and optimized feature extraction for GDM risk
prediction.

Adjustment

A time-based decay strategy has been
implemented to gradually reduce the learning rate,
preventing erratic fluctuations in weight updates.
This adaptation has mirrored the macaw’s seasonal
adjustments in foraging behaviors, ensuring optimal
energy distribution based on environmental
conditions. Time-based learning rate decay has
maintained controlled optimization dynamics,
ensuring that weight updates remain gradual and
structured.

Mo
14 At
where 7, represents the learning rate at iteration ¢,
1Mo is the initial learning rate, and A is the decay
coefficient controlling the reduction rate.

e (38)

Momentum-based learning rate
adjustments have been introduced to stabilize
training while accelerating convergence. This
adjustment has aligned with the macaw’s ability to
regulate movement speed based on environmental
stability. Momentum-based learning rate modulation
has prevented unstable oscillations, reinforcing
structured adaptation across hierarchical layers.

oL
Ne=PNe-1+ (1 — ﬁ)m (39

where 7, represents the updated learning rate, f§ is
. a
the momentum coefficient, and ﬁ denotes the

gradient of the loss function with respect to the
weight parameters.

An adaptive scaling mechanism has been
applied to enhance weight sensitivity, ensuring that
learning rates dynamically adjust based on weight
magnitudes. This strategy has mirrored the macaw’s
foraging adaptation, where feeding intensity varies
depending on seasonal food availability. Adaptive
scaling has ensured balanced learning rates across
different network layers, preventing excessive
sensitivity to specific feature representations.

|4
Mt =To W
where 7, represents the scaled learning rate, W
denotes the current weight values, and Y}|W| is the
sum of absolute weight magnitudes.

(40)

A gradient-normalized approach has been
integrated to refine learning rates dynamically,
maintaining structured weight updates while
optimizing network performance. This mechanism
has aligned with the macaw’s instinct to modify
foraging locations based on food density. A
gradient-normalized adjustment has improved
learning stability, ensuring that feature refinement
remains structured across training iterations.

VLIl @1
IVLolI

where 7, represents the adjusted learning rate, V'L is
the gradient norm at time t, and VL, is the initial
gradient norm.

Ne =Mo"

Clipping mechanisms have been applied to
prevent extreme learning rate  variations,
constraining updates within a predefined range. This
regulation has mirrored the macaw’s territorial
awareness, where movement is restricted within
optimal boundaries. Learning rate clipping has

preserved stability in hierarchical learning,
preventing excessive fluctuations in feature
representations.
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Ne = max(nmin' min(nmax' nt)) (42)
where 7, represents the clipped learning rate, and
Nmin and N,4, denote the lower and upper bounds
for learning rate adjustments.

3.10. Robust Foraging Strategy

Scarlet Macaw’s robust foraging strategy
has inspired missing data handling in SM-DBN,
ensuring data completeness through adaptive
imputation techniques. This mechanism has
strengthened hierarchical learning, minimized bias,
reinforced structured feature representations, and
optimized GDM classification accuracy.

A probabilistic imputation mechanism has
been implemented to estimate missing feature
values, preventing inconsistencies. This strategy has
mirrored the macaw’s ability to locate food sources
in unpredictable environments, ensuring survival by
adapting its foraging strategy. Probabilistic
imputation has preserved dataset integrity,
preventing information loss that could disrupt
hierarchical learning in SM-DBN.

X = E[X;|X_] (43)
where X[ represents the imputed value for the
missing feature X;, and E[X;|X_;] denotes the
expected value conditioned on observed feature
values.

Bayesian estimation has been incorporated
to reduce uncertainty, allowing missing values to be
inferred based on prior distributions. This
adjustment has aligned with the macaw’s ability to
make predictive foraging decisions based on
environmental cues. Bayesian estimation has
enhanced imputation accuracy, ensuring inferred
values remain statistically consistent with observed
data distributions.

P(DIX)P(X;)
P(D)
where P(X;|D) represents the posterior probability
of the missing feature given dataset D, P(D|X;)
denotes the likelihood, and P(X;) is the prior

probability of the feature.

P(X;|D) = (44)

K-NN imputation has been applied to
ensure pattern consistency, estimating missing
values based on the closest matching samples. This
process has reflected the macaw’s cooperative
foraging, where individuals share resource
information to optimize survival.

(45)

1 k
j=1

where X; represents the imputed value, and X;
denotes the feature values of the k nearest neighbors.

k-NN  imputation has strengthened feature
consistency, ensuring missing values retain
structural  alignment  with  observed data
distributions.

A matrix factorization method has been
employed to handle large-scale missing data,
reconstructing missing values through latent feature
approximation. This reconstruction has mirrored the
macaw’s ability to locate food across dispersed
regions, optimizing search strategies. Matrix
factorization has reinforced dataset completeness,
ensuring hierarchical feature representations remain
intact for structured learning.

X ~uvT (46)

Where X represents the incomplete data matrix, U
and V are the factorized low-rank matrices
approximating missing values.

A GMM-based approach has been utilized
to model missing values probabilistically, allowing
for flexible data reconstruction. This mechanism has
aligned with the macaw’s adaptive foraging
behavior, where resource allocation is optimized
dynamically.

M
POO = ) N Xty Z)
m=1
where P(X) represents the probability density
function of the missing feature, m,, denotes the
mixture weight, and N(X|u,,, Z,,) is the Gaussian
component with mean y,,, and covariance X,,,.
GMM-based completion has ensured flexible
missing data handling, reinforcing structured
learning across sequential GDM datasets.

(47)

3.11. Structured Data Propagation (Swarm
Intelligence in Flight)

Scarlet Macaw’s swarm intelligence in
flight has inspired structured data propagation in
SM-DBN, ensuring seamless feature transmission
across hierarchical layers. This mechanism has
strengthened information coherence, minimized
propagation loss, reinforced stable learning
dynamics, and optimized GDM  classification
efficiency.

To maintain structured feature propagation,
hierarchical feature transmission has been
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implemented, ensuring a seamless flow of extracted
representations across layers. This approach has
mirrored the macaw’s coordinated flight, where
individuals maintain synchronized movement to
optimize group efficiency. Feature transmission has
preserved hierarchical consistency, preventing
feature degradation while reinforcing structured
learning across deep representations.

Hy =WH,_, + B (48)
where H, represents the propagated feature at layer
l, W, denotes the weight matrix connecting layer [ —
1 to layer [, and B is the bias term.

An attention-based routing mechanism has
been introduced to prioritize critical feature
propagation, dynamically adjusting data
transmission based on feature significance. This
refinement has aligned with the macaw’s ability to
modulate flight formations for energy-efficient
movement. Attention-based routing has reinforced
structured feature prioritization, ensuring that
critical GDM-related attributes remain prominent
throughout hierarchical learning.

eWAHl—l

T Y, eWaHk

where A; represents the attention coefficient for
layer I, and W, is the attention weight matrix.

A (49)

Gradually-directed transmission has been
applied to optimize structured data propagation,
ensuring that feature updates follow an efficient
trajectory. This adjustment has mirrored the

macaw’s ability to adjust flight direction
dynamically to minimize energy expenditure.
Gradient-directed propagation has reinforced
structured  learning,  ensuring  hierarchical
representations remain stable without abrupt
fluctuations.

G oL 50

=3 (50)

where G; represents the propagated gradient at layer
[, and L denotes the loss function.

Adaptive weight modulation has been
incorporated to enhance structured feature
transmission, ensuring propagation  strength
dynamically adjusts based on network state. This
adaptation has mirrored the macaw’s ability to
modify flight velocity based on environmental
changes. Momentum-assisted transmission has
improved hierarchical feature stability, reinforcing
structured learning across deep network layers.

M, = BM,_; + (1 - B)H, (51)

where M, represents the momentum-enhanced
propagated feature, and f is the momentum
coefficient.

A regularization-based stabilization
mechanism has been applied to prevent excessive
deviations in feature transmission, constraining
feature variations within optimal bounds. This
adjustment has mirrored the macaw’s ability to
regulate flight speed dynamically, preventing abrupt
movement shifts. Regularization-based stabilization
has reinforced structured feature transmission,
ensuring propagation coherence while preventing
feature explosion.

) =y ) IHIP
l

where Q(H) represents the regularization function,
and y is the stabilization coefficient.

(52)

3.12. Explainable Decision Support (Vocal
Communication Cues)

Scarlet Macaw’s vocal communication
cues have inspired explainable decision support in
SM-DBN, ensuring model interpretability through
structured feature attribution. This mechanism has
strengthened decision transparency, reinforced
clinical trust, optimized model explainability,
minimized uncertainty, and enhanced GDM
classification interpretability.

Feature attribution mechanisms have been
integrated to enhance decision interpretability,
ensuring structured alignment between model
predictions and contributing clinical variables. This
refinement has mirrored the macaw’s ability to
assign meaning to vocalizations for effective
communication. Feature attribution has reinforced
structured decision transparency, ensuring critical

GDM-related factors remain interpretable for
clinical applications.
ay
S =— 53
=% 2

where S; represents the attribution score of the
feature X;, and Y denotes the predicted outcome.

Shapley Additive exPlanations (SHAP)
values have been computed to quantify feature
impact on predictions, ensuring probabilistic
consistency in feature contributions. This method
has aligned with the macaw’s structured vocal
signals, where information exchange remains
optimized. SHAP value computation has reinforced
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model explainability, ensuring structured decision

reasoning across hierarchical feature
representations.
ISIEAF] =181 = D!
¢ = , [ (s
& IF|! (54)

u{ih) - f(9)I
where ¢; represents the SHAP value for feature i, S
denotes the feature subset, and f(S) is the model’s
output for subset S.

Local Interpretable =~ Model-Agnostic
Explanations (LIME) techniques have been applied
to ensure localized interpretability, approximating
black-box predictions through interpretable linear
models. This adaptation has mirrored the macaw’s
ability to adjust vocal frequencies for optimized
perception. LIME-based model approximation has
preserved interpretability, ensuring that decision-
support insights remain structured while maintaining
predictive accuracy.

n
gx) = Z w;X; +b
i=1

where g(x) represents the surrogate model
approximation, w; is the learned coefficient for the
feature X;, and b denotes the bias term.

(55)

An attention-based mechanism has been
incorporated to enhance decision justification,
ensuring that feature relevance remains quantifiable
in prediction inference. This approach has mirrored
the macaw’s ability to focus on critical vocal
elements during communication. Attention-based
decision  support has  reinforced  model
accountability, ensuring that hierarchical learning

remains structured while enhancing feature
weighting transparency.
eW AXi

where A; represents the attention coefficient for the
feature X;, and W), is the attention weight matrix.

Entropy-based confidence estimation has
been implemented to quantify uncertainty in
decision-making, ensuring that prediction reliability
remains measurable. This adaptation has mirrored
the macaw’s strategic vocal cues, where variations
in tone convey different levels of confidence.
Entropy-based uncertainty quantification has
reinforced structured decision reliability, ensuring
that GDM classification remains interpretable across
hierarchical model outputs

H(Y) = = ) P(1logP (1) (57

i=1
where H(Y) represents the entropy-based
uncertainty measure, and P(Y;) denotes the
probability distribution over possible predictions.

3.13. Roosting for Knowledge Retention

Scarlet Macaw’s roosting behavior for
knowledge retention has inspired the final output
prediction in SM-DBN, ensuring structured
inference for GDM classification. This mechanism
has strengthened predictive reliability, reinforced
model generalization, optimized decision accuracy,
minimized inference errors, and enhanced
hierarchical learning consistency.

A softmax-based classification mechanism
has been incorporated to ensure structured output
prediction, assigning probabilistic confidence scores
to different prediction categories. This approach has
mirrored the macaw’s ability to retain learned
foraging locations, ensuring optimized resource

retrieval.  Softmax-based  classification  has
reinforced structured inference, ensuring that
predictive  outputs remain  probabilistically
optimized for clinical decision support.
e’
PYIX) = o— (58)

j=1€¢"
where P(Y;|X) represents the probability of class i
given feature set X, and Z; is the output of the final
layer before classification.

Bayesian decision rules have been applied,
ensuring structured probabilistic reasoning in the
final prediction stage. This refinement has aligned
with the macaw’s decision to roost in secure
locations, ensuring survival optimization. Bayesian
decision rule implementation has ensured that
classification outcomes remain structured while

reinforcing predictive confidence for GDM
detection.
Y* = argmax P(Y;|X)P(X) (59)
L

where Y* represents the predicted class, P(Y;|X) is
the posterior probability of class i, and P (X) denotes
the prior probability of the input feature set.

A log-likelihood estimation technique has
been applied, ensuring that inference reliability
remains optimized. This adaptation has mirrored the
macaw’s structured environmental safety evaluation
before roosting, ensuring minimal risk. The log-
likelihood estimation has reinforced predictive
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robustness, preventing classification inconsistencies
while optimizing inference stability.
n

LOIX) = ) logP(41X)
i=1
where L(Y|X) represents the log-likelihood
function, ensuring that classification predictions
align with learned probabilistic distributions.

(60)

A threshold-based decision refinement
mechanism has been introduced, ensuring
predictions remain aligned with structured risk
classification guidelines. This approach has mirrored
the macaw’s strategic roosting adjustments to
maintain ecosystem balance. Threshold-based
decision refinement has reinforced structured
inference, ensuring that GDM risk classification
remains clinically interpretable.

Y*={1' PIX)>1 61)

0, PWXH=rt
where 7 represents the threshold value for decision
classification, ensuring that inference aligns with
structured predictive confidence.

Entropy-based decision calibration has
been implemented, ensuring structured probability
weighting in classification predictions. This
adaptation has mirrored the macaw’s ability to assess
safety before selecting a roosting location, ensuring
environmental adaptation. Entropy-based
confidence quantification has reinforced structured
decision-making, ensuring predictive transparency
in hierarchical learning.

HY) = = ) POIDIgPMIXY)  (62)

where H(Y) represents the entropy measure for
predictive uncertainty, ensuring that inference
reliability remains quantified.

3.14. SM-DBN Process Flow

The SM-DBN Process Flow outlines the
sequential steps for accurate prediction of GDM by
integrating bio-inspired optimization techniques.
The process starts with feature selection, where
clinically relevant attributes are extracted from the
dataset, followed by greedy layer-wise pretraining of
Restricted Boltzmann Machines (RBMs). These
layers are optimized using contrastive divergence,
ensuring efficient feature extraction. The stacked
RBMs undergo temporal pattern learning to capture
evolving GDM risk factors across pregnancy
trimesters. Data propagation occurs through multiple
layers, influenced by mechanisms inspired by the
Scarlet Macaw’s adaptive foraging and group

behavior, which ensures optimal feature
communication across the network.
Backpropagation fine-tuning refines the weights,
while weight regularization prevents overfitting by
constraining unnecessary complexity. Adaptive
learning rates adjust dynamically, enhancing
convergence. Missing data handling ensures data
completeness for robust learning. Finally,
explainable decision support outputs clinically
interpretable results, providing transparent, reliable
GDM risk predictions, guiding healthcare
practitioners toward early intervention. The overall
algorithm is given below:

Algorithm: SM-DBN

Input:
e C(linical dataset with patient records
containing multiple features relevant to
GDM prediction.
Output:

e Optimized classification results ensure
structured inference and predictive
reliability.

Procedure:
Step 1:  Feature Selection (Selective
Feeding): Extracts  high-value
clinical attributes while discarding
irrelevant features for efficient
learning.

Greedy Layer-Wise Training
(Adaptive Foraging): Trains each
Restricted  Boltzmann  Machine
(RBM) independently ~ before
stacking for hierarchical learning.
Contrastive Divergence
Optimization (Beak Adaptation):
Refines weight updates iteratively to
optimize feature representation and
model convergence.

Hierarchical Feature Extraction
(Seed Dispersal): Ensures structured
propagation of extracted features
across multiple network layers.
Stacking RBMs (Group Foraging):
Sequentially integrates pretrained
RBMs to form a deep feature
extraction architecture.

Temporal Pattern Learning
(Coordinated  Flight  Patterns):
Captures time-dependent variations
in patient data for structured
sequential analysis.
Backpropagation

Step 2:

Step 3:

Step 4:

Step 5:

Step 6:

Step 7: Fine-Tuning

(Cooperative  Vigilance): Adjusts
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network weights iteratively using
gradient-based updates to reduce
classification errors.

Weight Regularization (Territorial
Behavior): Constrains weight
magnitudes to prevent overfitting and
maintain generalization.

Adaptive Learning Rate Adjustment
(Seasonal  Variation):  Modifies
learning rates dynamically to
optimize model convergence and
stability.

Robust Foraging Strategy: Imputes
missing values using probabilistic
and statistical techniques to ensure
data completeness.

Structured Data Propagation (Swarm
Intelligence in Flight): Ensures
seamless hierarchical transmission of
extracted features for efficient
learning.

Explainable Decision Support (Vocal
Communication Cues): Integrates
interpretability techniques such as
SHAP and LIME for transparent
model decisions.

Final Output Prediction (Roosting for
Knowledge Retention): Performs
structured  classification  using
softmax probability and Bayesian

Step 8:

Step 9:

Step 10:

Step 11:

Step 12:

Step 13:

decision rules for final inference.

The SM-DBN model brings innovative
solutions to predicting Gestational Diabetes
Mellitus (GDM) by leveraging bio-inspired deep
learning techniques. By combining hierarchical
learning with bio-inspired optimization, the model
can effectively address clinical data complexities
such as class imbalance, temporal variations, and
missing information. This results in a more robust,
efficient, and interpretable prediction system
supporting timely healthcare decision-making. The
significant advantages of SM-DBN are:

e Interpretability in Decision-Making:
SM-DBN integrates explainable Al
techniques, such as SHAP and LIME,
ensuring that healthcare professionals
understand the reasoning behind the
model’s predictions, fostering trust and
clinical adoption.

e Handling Temporal Risk Factors: The
model accounts for dynamic changes in
GDM risk across pregnancy stages,

e
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providing a continuous assessment of
maternal health rather than static, one-time
evaluations.

e Robust Data Integration: SM-DBN has
been designed to handle incomplete, noisy,
or inconsistent clinical data, making it
adaptable to healthcare environments
where data quality may vary.

e Optimized Model Convergence: By
applying bio-inspired optimization
methods, the model avoids suboptimal
solutions and ensures that the training
process converges more efficiently,
reducing  computational  time  and
improving performance.

e Customizable and  Flexible for
Healthcare Integration: SM-DBN can be
seamlessly  integrated into  existing
healthcare systems, with flexibility to
operate on both large-scale datasets and
individual patient records, supporting real-
time, actionable insights for clinicians.

4. DATASET

The dataset utilized in this analysis captures
maternal health indicators collected in a forward-
designed format over a multi-year span. A total of
3525 observational entries comprise this collection,
each featuring 15 distinct elements reflecting
physical, hereditary, and pregnancy-specific
variables. These parameters were carefully selected
to align with clinically validated risk contributors for
glucose intolerance during gestation. The data
instances have been distinctly divided into two
predictive classes, with one group representing
elevated susceptibility and the other indicating no
clinical presence of GDM. The division of labels
shows 2153 samples aligned with expected glycemic
outcomes, while 1372 reflect confirmed gestational
diabetics. Such structuring ensures both class
separation and real-world distribution symmetry.
Approximately three-fourths of the data instances
were assigned for model learning, allowing the
remaining entries to assess output reliability without
leakage or redundancy.

Table 1: Feature and Class Summary of the Dataset
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Component .
Evaluated Quantitative Summary
Total Obsgrvahonal 3595
Units
Normal Glucose
Response Entries 2153
Gestational D'1abetes 137
Confirmations
Variables Collected 15 descriptive indicators
per Record
Binary Grouping for
Label Prediction Present

5. RESULTS AND DISCUSSION

This section demonstrates how each model
performs in terms of predictive reliability, class
balance, misclassification control, diagnostic
strength, and accurate identification of GDM. By
analysing both strong and weak areas, the results
highlight the superior performance of SM-DBN,
while also revealing the limitations of OD-DSAE
and AHDHS in handling clinical variability in GDM
prediction.

5.1. Classification Accuracy

Classification accuracy measures how
often a model correctly predicts outcomes across all
classes. In Figure 1 and Table 2, the horizontal axis
lists the evaluated algorithms, and the vertical axis
displays their accuracy values. OD-DSAE reaches
only 57.106%, likely because its deep autoencoder
focuses too heavily on reconstructive loss,
neglecting discriminative learning needed for
precise risk classification. AHDHS improves to
69.390%, but its reliance on fixed base learner
combinations limits adaptability to individual risk
factors. SM-DBN significantly surpasses both with
81.277%. This boost stems from using entropy-
based input refinement and contrastive divergence-
driven pretraining. SM-DBN adaptively filters out
noisy or redundant features and strengthens signal
representation across layers by mimicking a scarlet
macaw’s selective energy foraging. This layered
focus allows it to detect dominant and subtle
indicators of gestational diabetes, leading to a
marked increase in accuracy across a varied patient
dataset.

OD-DSAE AHDHS SM-DBN
Classification Algorithms

Figure 1. Classification Accuracy - Comparative
Evaluation
Table 2. Classification Accuracy - Quantitative
Assessment

Classification
Algorithms

OD-DSAE
AHDHS
SM-DBN

Classification
Accuracy (%)

57.106
69.390
81.277

5.2. Matthews Correlation Coefficient

Matthews Correlation Coefficient (MCC)
is a balanced metric that accounts for all prediction
outcomes, offering a single value that reflects overall
classification quality, even when class distributions
are unequal.

0 11 22 33 44 55 66

Result (%)

SM-DBN |

@»

£ R
= 1 1 1 1 1
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= P
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= 1 1 1 1 1
=} 1 1 1 1
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< 1 1 1 1
E 1 1 1 1 1
4
=
Q

Figure 2. Matthews Correlation Coefficient -
Comparative Evaluation

In Figure 2 and Table 3, the x-axis
represents the classification models, and the y-axis
shows their MCC scores in percentage. OD-DSAE
performs the weakest with 14.991%, reflecting its
poor ability to maintain consistency across both

382



Journal of Theoretical and Applied Information Technology ~
31% March 2026. Vol.104. No.6 N

© Little Lion Scientific

SATIT

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195 |

positive and negative predictions—this results from
its restricted autoencoding structure and lack of
boundary-aware learning. AHDHS, scoring
38.701%, shows some improvement but struggles
with irregular base learner synergy, leading to
unstable correlations in prediction. In contrast, SM-
DBN achieves a strong MCC of 62.560%, indicating
reliable output alignment with ground truth. This can
be credited to its multi-layer training that refines
each layer independently and its entropy-driven
input filtering, ensuring the model captures GDM
risk patterns with balanced precision and sensitivity

Table 3. Matthews Correlation Coefficient - Comparative

Evaluation
Classification Matthews Correlation
Algorithms Coefficient (%)
OD-DSAE 14.991
AHDHS 38.701
SM-DBN 62.560
5.3. Error Rate

Error rate expresses the proportion of
incorrect predictions a model makes and is an
inverse measure of overall performance—lower
values indicate better reliability. As illustrated in
Figure 3 and Table 4, the classification algorithms
are shown along the x-axis, and their respective error
rates are plotted on the y-axis. OD-DSAE records the
highest error (42.894%), which reflects its limited
adaptability to clinical variability.

OD-DSAE  AHDHS SM-DBN
Classification Algorithms

Figure 3. Error Rate - Comparative Evaluation

The model’s static  reconstruction
mechanism fails to adjust to overlapping feature
spaces, resulting in frequent misclassifications.
AHDHS improves to 30.610%, yet its error remains
substantial. This is likely caused by ensemble
instability, where conflicting outputs from base

learners reduce overall consensus. SM-DBN
achieves the lowest error rate of 18.723% due to its
robust training pipeline. Its layer-wise refinement,
contrastive divergence optimization, and entropy-
based filtering reduce noise propagation through the
network, leading to fewer classification mistakes and
greater stability across GDM risk scenarios.

Table 4. Error Rate - Comparative Evaluation

Classification Algorithms | Error Rate (%)
OD-DSAE 42.894
AHDHS 30.610
SM-DBN 18.723

5.4. Youden’s Index

Youden’s Index is a diagnostic metric
combining sensitivity and specificity into a single
value, highlighting a model’s effectiveness in
correctly identifying positive and negative cases. In
Figure 4 and Table 5, the x-axis represents the
classification algorithms, and the y-axis displays
their Youden’s Index scores in percentage. OD-
DSAE posts the lowest value (14.942%), suggesting
that it struggles to balance identifying actual GDM
cases fairly and avoiding false alarms, primarily due
to its inability to separate overlapping risk profiles
during encoding. AHDHS improves to 38.673%, yet
its base learners lack synchronized decision
calibration, which restricts its full potential for
accurate  boundary discrimination. SM-DBN
achieves a leading score of 62.570%, showcasing its
ability to preserve strong differentiation across both
clinical classes. The model’s entropy-ranked
features and structurally trained layers support
sharper recognition of nuanced GDM indicators,
resulting in a more clinically balanced prediction
profile.

70
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40
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20
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Result (%)

OD-DSAE AHDHS SM-DBN

Classification Algorithms
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Figure 4. Youden’s Index - Comparative Evaluation

Table 5. Youden’s Index - Comparative Evaluation
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5.5. Critical Success Index

The Critical Success Index (CSI) evaluates
how well a model identifies true positive cases
among all predicted and actual positives. It makes it
especially meaningful in clinical prediction, where
missed cases or false alarms carry risk. Figure 5 and
Table 6, the x-axis lists the models, while the y-axis
represents their CSI percentages. OD-DSAE reaches
40.776%, indicating frequent misclassifications of
GDM cases, likely because its learning process
emphasizes reconstruction rather than event
detection. AHDHS performs better at 54.473%, but
its fixed stacking strategy lacks dynamic refinement,
leading to occasional misfires in identifying
borderline cases. SM-DBN performs most
effectively with a CSI of 68.720%, combining
biologically inspired feature prioritization with
structured training. Its layered abstraction helps the
model detect complex clinical patterns while
maintaining precision in risk classification, making
it more dependable in identifying actual GDM cases
without generating excessive false positives.

SM-DBN |

AHDHS

OD-DSAE

0 11 22 33 44 55 66 77
Result (%)

Classification Algorithms

Figure 5. Critical Success Index - Comparative
Evaluation

Table 6. Critical Success Index - Comparative Evaluation

Classification Critical Success Index
Algorithms (%)
OD-DSAE 40.776
AHDHS 54.473
SM-DBN 68.720

e
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Classification Youden’s Index Comparative PMI Analysis:
Algorithms (%) A structured  Plus—Minus—Interesting
OD-DSAE 14.942 (PMI) evaluation highlights key distinctions among
AHDHS 38.673 gompared models. The Plus gspects of OD-DSAE
include strong anomaly filtration and representation
SM-DBN 62.570 learning; however, its Minus dimension reflects

limited discriminative power and weak class
boundary modeling. AHDHS  demonstrates
ensemble adaptability and moderate robustness, yet
suffers from static learner stacking and inconsistent
calibration across risk gradients. SM-DBN presents
Plus elements in entropy-guided feature
prioritization, hierarchical RBM refinement, and
temporal abstraction. The Interesting dimension
emerges in its biologically inspired optimization
behavior, enabling dynamic convergence control
and uncertainty-aware inference. These findings
confirm performance superiority while clarifying
architectural trade-offs.

6. CONCLUSION

The Scarlet Macaw-Inspired Deep Belief
Network (SM-DBN) provides an innovative solution
to the challenges of predicting Gestational Diabetes
Mellitus (GDM) early in pregnancy. The model
enhances predictive accuracy by leveraging bio-
inspired optimization techniques while handling
complex real-world clinical data, including missing
values and imbalances. Its ability to adapt to
temporal risk factors and provide explainable
outputs makes it a promising tool for clinical
integration. SM-DBN improves early detection,
minimizes unnecessary testing, and reduces the
psychological and economic burdens of GDM
diagnosis. The approach’s scalability and robustness
allow it to be applied in various healthcare settings,
making it a versatile addition to current GDM
screening protocols. Ultimately, SM-DBN can
potentially improve maternal and fetal health
outcomes, offering an accessible, effective, and
reliable alternative to traditional diagnostic methods.
Its success could drive future advancements in
predictive healthcare, setting the foundation for
more personalized and timely interventions in
pregnancy-related health risks. Future enhancements
will expand the model’s adaptability to other
pregnancy-related complications and optimize its
integration into diverse clinical environments,
further improving maternal healthcare systems.

The research contribution lies in
introducing a bio-inspired hierarchical deep belief
architecture that integrates entropy-ranked feature
refinement, adaptive contrastive divergence, and
trimester-sensitive temporal modeling within a
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unified explainable framework. The model advances
predictive healthcare by reducing diagnostic delay,
limiting unnecessary OGTT screening, and
strengthening clinician trust through interpretable
inference. In the current scenario of rising maternal
metabolic disorders and digitized obstetric care
systems, SM-DBN  demonstrates  scalable
deployment potential in resource-constrained and
urban healthcare environments.

6.1. Future-Oriented Solutions and Practical
Extensions

Remaining challenges include cross-
institutional variability, real-time deployment
constraints, and integration into obstetric workflow
systems. Potential solutions involve federated
training architectures to enhance multi-center
generalization, lightweight inference compression
for mobile deployment, and integration into
electronic health record dashboards with threshold-
calibrated alert systems. Incorporating continual
learning mechanisms may allow trimester-
progressive model updating without retraining from
scratch. These extensions represent practical
translational pathways for strengthening the clinical
readiness of SM-DBN.
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