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Abstract

This study proposes a logic-driven satisfiability approach integrated with Hopfield Neu-
ral Networks (HNNs) for classifying the COVID-19 Surveillance Data Set (CSDS). The
HNN-RANASAT model combines Boolean logic-based satisfiability with the Lyapunov
energy function of HNNSs to extract logical relationships and identify critical features for
COVID-19 dataset classification. Evaluated against Logistic Regression (LR), Random
Forest (RF), and Support Vector Machine (SVM), the model’s performance was assessed
using Accuracy, Hamming Loss, Cross-Entropy Loss, CPU Time, and Bayesian Informa-
tion Criterion (BIC). HNN-RANASAT achieves the highest accuracy of 95.0% at sample
size=500, outperforming RF with 95.0%, SVM with 94.0%, and LR with 93.0% accuracy.
It also exhibits the lowest Hamming Loss of 0.04 and Cross-Entropy Loss of 0.16, dem-
onstrating superior classification performance and probabilistic calibration. The model’s
logical constraints refine the search space, reducing misclassification errors and improving
confidence estimation. However, this comes at the cost of higher computational complex-
ity, with CPU Time increasing to 60 s at 1000 sample size, compared to LR with 20 s, RF
with 40 s, and SVM with 50 s. The BIC values for HNN-RANKSAT at 170 sample size is
1000 reflect its greater model complexity, justified by its robustness in structured problem
domains. Statistical tests, including McNemar’s test and Wilcoxon Rank test, confirm the
model’s significant improvements (p-values<0.05), with a large Cohen’s d effect size
of 1.21. The hybrid architecture, integrating logic-based reasoning with neural network
learning, enables HNN-RANKSAT to handle noisy, incomplete, and high-dimensional data
effectively, making it ideal for medical classification tasks. While Random Forest offers
a balanced alternative for large-scale problems, HNN-RANASAT excels in high-precision
tasks like pandemic surveillance.
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Introduction

The COVID-19 pandemic has had a profound impact on global healthcare, necessitating
the development of rapid and accurate diagnostic methods to curb it [1, 2]. While reverse
transcription-polymerase chain reaction (RT-PCR) remains the gold standard for COVID-
19 detection, it is time-consuming, resource-intensive, and prone to false negatives, particu-
larly in the early stages of infection [3]. Consequently, there has been an increasing focus
on alternative diagnostic approaches, including machine learning and neural network-based
classification methods [4—6]. These approaches leverage computational intelligence to ana-
lyze medical data, such as chest X-ray (CXR) and computed tomography (CT) scans, to
enhance the accuracy and efficiency of Covid-19 detection [7, §].

Despite the success of deep learning-based models in COVID-19 classification, several
challenges persist. These include the requirement for large annotated datasets, susceptibil-
ity to adversarial noise, and a lack of interpretability, which limits their adoption in clinical
settings [9, 10]. To address these limitations, there is a growing interest in integrating logic-
based reasoning with neural networks to improve robustness, interpretability, and diagnostic
accuracy [11].

This study presents a Logic-Driven Satisfiability Approach using Hopfield Neural Net-
works (HNNs) for COVID-19 data classification. In this context, logic-driven refers to the
systematic application of formal logical rules to guide classification decisions, ensuring
interpretability and consistency. HNNs, a class of recurrent artificial neural networks, are
well-suited for combinatorial optimization and constraint-based classification tasks [12—16].

Unlike stand-alone rule-based or heuristic methods, which often rely on approximations
and predefined conditions, satisfiability-based classification formulates classification as a
Boolean satisfiability (SAT) problem, treating each decision as a constraint satisfaction task.
This ensures mathematically rigorous, logically consistent, and optimal classification out-
comes [17]. By integrating SAT principles, our approach improves classification accuracy,
reduces dependence on large labelled datasets, and enhances the robustness of COVID-19
diagnosis [18, 19].

Neural networks have been widely used in medical diagnostics, particularly for imaging-
based disease detection and classification [20-23]. In COVID-19 classification, convolu-
tional neural networks (CNNs) and deep learning models have demonstrated high accuracy
in detecting infections from CT and X-ray images. However, these models often function as
“black boxes,” making it difficult to interpret their decision-making processes [24—26]. The
lack of transparency in model predictions is a critical concern in healthcare, where explain-
ability and reliability are paramount.

Boolean satisfiability methods provide a logical framework for classification tasks by
formulating decision problems as a set of constraints that must be satisfied. This approach
has been successfully applied in artificial intelligence and pattern recognition, offering
structured and interpretable solutions to complex classification problems[27-29]. Hopfield
Neural Networks, known for their associative memory properties and energy minimization
capabilities, provide an ideal foundation for integrating SAT-based reasoning [30, 31].

This study explores the application of HNNs within a logic-driven SAT framework to
enhance COVID-19 data classification. By leveraging the advantages of both neural net-
works and Boolean logic, we aim to develop an interpretable, scalable, and computationally
efficient model for Covid-19 detection. The proposed approach is particularly beneficial
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for resource-limited settings where access to large labelled datasets and high-performance
computing resources may be constrained.

Artificial Neural Networks (ANNs) have emerged as a powerful tool across various
domains, particularly in healthcare, artificial intelligence (AI), and machine learning (ML).
Their ability to model complex relationships and uncover patterns has led to significant
advancements in disease diagnostics, predictive analytics, and optimization tasks. Several
studies have explored ANN applications in different industries, highlighting their growing
role in decision-making processes.

A study by Sahid et al. [32] examined the applications of ANNs in the healthcare industry,
particularly for disease diagnostics. The study highlighted the increasing utilization of ANN
frameworks to enhance decision-making in healthcare management. By analyzing major
factors driving ANN market acceptance, the research aimed to guide future developments
and applications of this technology. Similarly, ANNs have been extensively employed in
Al-driven techniques, including self-driving automobiles, facial recognition, and medical
diagnostics. Sahid et al. [32] further emphasized AI’s role in addressing real-world chal-
lenges, showcasing its integration into various industries.

In a related study, Suresh at al. [33] proposed an ANN-based model to improve the
accuracy of misclassified malignant tumor predictions. Their research underscored ANN’s
potential in medical diagnostics by enhancing predictive capabilities. Additionally, Zhu et
al. [34] investigated the role of back-propagation with artificial neural networks (BP-ANN)
in predicting protein quality variations The findings of the study revealed BP-ANN’s high
predictive potential in assessing multiple quality characteristics, demonstrating ANN’s ver-
satility beyond healthcare.

A study by Alwan etal. [35] further explored ANN applications by developing a frame-
work capable of identifying and classifying photovoltaic (PV) defects. Another study by
Tang et al. [36]introduced a deep convolutional neural network (DCNN) model to improve
endoscopic diagnostic accuracy. Their Al-assisted system significantly enhanced novice
endoscopists’ performance, aligning their diagnostic accuracy with that of specialists. Simi-
larly, Dinaharan et al. [37] applied ANN models in estimating the wearing rate of surface
composite material. The findings of the study used microstructural observations to explain
projected patterns and analyze the impact of relevant elements, showcasing ANN’s utility
in material science.

Artificial Neural Network (ANN) models have been widely applied in optimization
and classification tasks. Abubakar et al. [38] introduced a hybrid model integrating Hop-
field Neural Networks (HNN) with neuro-symbolic reasoning for optimal Maximum Ran-
dom k-Satisfiability (MAXRKSAT) representation. Similarly, Abubakar & Danrimi [39].
Employed the Election Algorithm (EA) within a Hopfield-type artificial neural network to
enhance the learning phase for high-order Boolean k-satisfiability problems.

Expanding on these approaches, Abubakar [40] developed a computational model com-
bining HNN with the satisfiability problem, leveraging Ant Colony Optimization (ACO) to
refine the HNN learning process and optimize classification tasks for an agricultural soil fer-
tility dataset. Further, Abubakar & Shafiq [41] introduced a novel classification framework
by integrating Random Maximum k-SAT with HNN, creating a logic-driven rule-based sys-
tem that enhanced classification accuracy through logical reasoning techniques.

Recent advancements in data mining have explored various ANN architectures, includ-
ing Hopfield Neural Networks (HNN), Feedforward Neural Networks (FFNN), Deep Belief
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Neural Networks (DBFNN), k-nearest Neighbors (KNN), and Convolutional Neural Net-
works (CNN) [42—44]. These models, combined with machine learning techniques, have
significantly influenced fields such as healthcare, engineering, and industry Additionally,
logic mining (LM)—a method for extracting meaningful knowledge from datasets—has
been effectively represented using ANN models. In particular, HNNs have proven valuable
in modelling complex relationships, making them instrumental in logic-mining applications
[45]. These methodologies collectively enhance ANN-based logic mining, improving deci-
sion-making and yielding valuable insights across multiple domains.

To further advance data mining, interdisciplinary collaboration among experts in artifi-
cial intelligence, mathematics, machine learning, and statistics has driven the development
of innovative ANN-based techniques. By integrating logical principles, these efforts have
refined data mining methodologies, enabling automated decision-making and predictive
modelling. The integration of ANN with logical frameworks such as Random kSatisfiability
(RANKSAT) has further enhanced optimisation capabilities, offering a structured approach
for real-world applications.

This research aims to enhance the ANN framework by integrating Hopfield Neural Net-
works (HNNs) with Random k-Satisfiability (RANKSAT) to improve classification tasks.
RANKSAT, based on propositional logic, simplifies relationship discovery within datasets,
facilitating more efficient classification. This integration strengthens data mining capabili-
ties, enabling superior pattern recognition and knowledge extraction across various indus-
tries, including healthcare, finance, and engineering.

The integration of RANKSAT logic into artificial neural network (ANN) models enhances
their capacity to process complex real-world scenarios by structuring knowledge in an inter-
pretable and computationally efficient manner. This framework significantly improves the
accuracy and efficiency of data-driven decision-making.

This study introduces Random k-Satisfiability-based Reverse Analysis (RANKSATRA)
as a novel approach to extracting logical patterns from the COVID-19 Surveillance Data Set
(CSDS). While previous research has explored various Hopfield Neural Network (HNN)-
based models for logical rule representation, a critical gap remains in linking RANKSAT
logic with HNNs for COVID-19 classification. Bridging this gap is essential, as ANNs can
effectively manage variations and randomness in COVID-19 data, expanding the search
space for optimization and improving classification robustness. The contributions of the
study include:

1. Structuring the CSDS dataset using RANKSAT logical expressions.

2. Applying RANKSATRA to uncover hidden patterns and analyze relationships within
CSDS.

3. Evaluating the effectiveness of RANKSATRA in knowledge extraction by varying the
number of clauses (NC).

The HNN-RANKSATRA model will be analyzed in terms of its training effectiveness,
interpretability, and ability to identify key factors influencing optimization problems within
real-world COVID-19 datasets. This research contributes to advancing logic-based neural
network models by integrating RANKSATRA into HNNs, enhancing their ability to extract
meaningful knowledge from complex datasets such as CSDS.
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The structure of the study is organized as follows: Sect. “Research Methods” presents the
materials and methods, including Random k-Satisfiability Logic, the Hopfield Neural Net-
work, and the RANKSATRA framework. Section “Performance Evaluation of the Proposed
Logical Rule Model” evaluates the performance of the proposed logical rule model. Section
“Result and Discussion” discusses the results and findings of the study. Section “Imple-
mentation of the COVID-19 Surveillance Data Set (CSDS)” outlines the implementation of
the COVID-19 Surveillance Data Set (CSDS). Section “Conclusion” concludes with future
research directions and overall findings.

Research Methods

This section elucidates the intricate and multifaceted research methodologies employed
in this study, which are systematically categorized into five distinct yet interconnected
approaches. These methodologies encompass Random k-Satisfiability (RANKSAT), the
Hopfield Neural Network (HNN) architectural framework and the Reverse Analysis meth-
odology predicated on RANKSAT (RANKSATRA). Each methodology is meticulously
designed to address specific facets of the research problem, ensuring a comprehensive and
robust analytical approach.

Random kSatisfiability (RANASAT)

Propositional logic, a foundational construct in mathematical logic, incorporates the prin-
ciple of Satisfiability (SAT), which pertains to the determination of the truth assignments
for a given set of logical sentences composed of literals or variables [46]. In contradistinc-
tion, Random k-satisfiability (RANKSAT) represents a non-systematic Boolean logic model
characterized by the stochastic incorporation of clauses (NC) or literals, including their
negations, within each logical sentence [47]. The utilization of RANKSAT, a non-systematic
Boolean Satisfiability logic, has been empirically validated as an efficacious mechanism for
simulating complex scenarios [48].

Within the ambit of RANKSAT, the procedural workflow initiates with a SAT problem,
wherein an initial random truth assignment is executed. Subsequently, a literal from an
unsatisfied clause is stochastically selected and assigned a truth value of true, iteratively,
until the clause is satisfied. Notwithstanding its utility, extant research has yet to explore
the integration of this non-systematic RANkKSAT paradigm within discrete Hopfield Neural
Networks (HNN) for the resolution of classification problems utilizing real-world datasets.
The formalization of RANKSAT necessitates the articulation of several critical specifica-
tions, delineated as follows:

i.  Variable and Clause Configuration: A collection of attributes, represented as vari-
ables{x1,2,...,z,}s encapsulated within a clause(C;), where(i = 1,2,3,...,n).
Each clause (C;) is constituted by a variable (x)or its negation(—z).

ii. Stochastic Selection Mechanism: In this investigation, three variables are randomly
selected from the ensemble of (n)variables, with an equiprobable likelihood of select-
ing either a variable or its negation within each clause.
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iii. Logical Connectives: The selected attributes () or.(—x). within clause (C;) are inter-
connected via logical conjunctions (A)or disjunctions (V).

The proposed RANKSAT logical rule employs a bipolar representation schema, wherein the
logical states are encoded as 1 or —1, with {1, —1} symbolizing TRUE or FALSE, respec-
tively [40, 49, 50]. The generalized formulation of Yranrsaris calculated in Eq. (1) for
k<3

t n m
YrANKSAT = Z_QO C’fz)’) ZL\O CZ-@) _AO 07:(1) (1)

1=

where t,n,m € {1,2,...,k}andt, n, m > 0.The clause Xsranksaris formally defined
as a random 3-SAT problem, comprising a clause C¥as delineated in Eq. (2):

WiV QivA; ifk
Czk— WiV Q; if k
; if k

i 1

3
2 @
1

where literals W;, Q;, A; are randomly selected from X with equal probability, and their
negations —=W;, —=Q;, —A; are incorporated with probability P(—x) = p, wherep € [0, 1].
This probabilistic inclusion of negations introduces variability in clause construction,
enabling the model to capture diverse logical scenarios.

The study employs a Conjunctive Normal Form (CNF) formula (F), wherein
clauses are selected uniformly, independently, and without replacement. The mapping
V (F.) = {—1, 1} is designated as logical mapping, with 1 signifying TRUE and —1 sig-
nifying FALSE.

Given a total of N Boolean variables, the combinatorial search space governing clause

instantiations is given by:
2N
8—<k)7 3)

where each clause is independently sampled under a Bernoulli process.
The logical satisfiability function V (CF)is determined as follows:

gy [ 1, if at least one literal evaluates to TRUE
VI(C7) = { —1, otherwise @

A random 3-SAT formulation within RANKSAT is thus represented as in accordance with
Egs. (3) and (4):

Yranesar = (Wi V Wy VW3) A (=Q1 V Q2) A (—M;) ®)

In accordance with Eq. (5), Yranksaris composed of Egs. (6)-(8):

C3 =W,V -WyVWs (6)
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C3=-Q1VQ Q)
Cf =M, ®)

The satisfiability of Eq. (5) is contingent upon the satisfiability of Egs. (6)-(8), i.e.,
C}=02=0]=1 ©)

This research endeavours to integrate RANASAT into the proposed Hopfield Neural Net-
work (HNN) model, leveraging the reverse analysis technique for the classification of
COVID-19 data. By embedding the RANASAT logical rule, the augmented neural network
architecture is anticipated to elucidate the intrinsic patterns and behaviours inherent in the
utilized COVID-19 datasets with enhanced precision and robustness.

Hopfield Neural Network for Random Satisfiability Logic

The fundamental structure of a Hopfield Neural Network (HNN) consists of discrete, inter-
connected bipolar neurons without hidden layers. The synaptic weights in HNNs are strictly
symmetric, with no self-connections among the neurons. As a result, the Content Address-
able Memory (CAM) serves as a dynamic storage system for these synaptic weights. When
provided with an initial state vector mapped to neuron statesS; = (51, S2, Ss, ..., 5,), and
in the absence of noise, the HNN converges to an equilibrium state corresponding to the
minimum energy Hp. Consequently, the final state of the HNN represents the solution to
the associated combinatorial problem. The neuron states in the HNN are expressed in the
bipolar formS; € (—1,1) [51, 52], conforming to the update dynamicsS; — sgn(h;). The
asynchronous update rule for HNN is given by:

N
1, if EWiij(t)+6>O

Si(t+1) = (10)

J
—1, otherwise

where W; represents the synaptic weight matrix that defines the strength of connections
from neuron j to i, with a predetermined bias/.

In this study, the HNN serves as the central network for training Yran2saT. The logic
programming formalism within the HNN imposes no restrictions on clause types, as long
as the proposed propositional logic is satisfiable. The embedding of Yr An2saTinto HNN is
achieved by associating each variable with neurons D; in the defined cost function. The gen-
eralized cost function Fy;, , o5 .1» gOVerning the interaction between HNN andYR AN2sAT,
is given by:

EYRAN2SAT

||M2

i
H (11)
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where NC represents the number of clauses, and m + ndenotes the number of variables
inYraN2sAT. The inconsistency measure of YR aAN2sATIS given by:

— l(1 - SA), if =A
B { ;(1 +S4), otherwise (12)

The value of Eyq ,n,sar 18 Proportional to the number of unsatisfied clauses Cy; = —1. A
higher number of unsatisfied clauses leads to an increased Evyy , o5 Value, whereas mini-
mizing Eyy , yasar COrTesponds to selecting the most consistent S;values.

The update rule for Yr an2saTin HNN is defined as follows,

m—+n

= > wPsm+w (13)

Jj=1,j#i

m+n
: > WS +w =0
s
Si(t+1) = ISl o " (14)
-1, > Wi S;(t) + W; 7 <0
J=1,j#i
where Wi(f)and Wi(l)represent the second-order and first-order synaptic weights of the
embeddedYr an2saT. These equations ensure that neuron states S;always converge
tOEYRANQSAT — 0.
The quality of the retrieved S; is evaluated using the Lyapunov energy func-
tionHyy, , nosar»> defined as:

m-+n m—+n m+n
2 1
Hyganzsar = Z Z W( )S Sj— Z Wi( >Sj (15)
i=1,i#j j=1,i#j i=1,i#j

This equation is valid for the RAN2SAT logical representation whenk < 2. Equation (13)
indicates that the energy of YranasaTalways decreases monotonically. The quality of the
final neuron state is assessed using the following conditions:

|Hyganasar — Hypn | <€ (16)

YRAN2SAT

where represents a predefined tolerance value. If Y, , ,c . fails to satisfy this condition,
the final state will be trapped in a wring pattern (local minimum).

The HNN-RANKSAT model exhibits a well-defined convergence trajectory, governed
by energy minimization and logical clause satisfaction. While local minima presents a chal-
lenge, adaptive learning mechanisms and optimized weight updates enhance convergence
reliability. The proposed methodology thus ensures that the classification of COVID-19 data
using RANASAT within HNN achieves a balance between computational efficiency and

logical consistency, making it a viable approach for complex real-world datasets.
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RANKSATRA: Reverse Analysis for Logic Mining in COVID-19 Data

Reverse Analysis constitutes a foundational paradigm in logic mining, facilitating the
extraction of semantically rich logical rules from complex datasets. In this study, we intro-
duce Random k-Satisfiability Enhanced Reverse Analysis (RANASATRA), an advanced
methodological framework designed to derive optimal logical rules that encapsulate the
underlying behavioural patterns of COVID-19 data. RANASATRA integrates the Hopfield
Neural Network-Random k-Satisfiability (HNN-RANASAT) model to uncover highly struc-
tured logical relationships, rendering it particularly adept at handling datasets exhibiting
non-systematic, stochastic, or chaotic behaviour. By leveraging this framework, we enhance
the interpretability and predictive power of the HNN model, enabling robust classification
and precise estimation.

RANASATRA operates on the principle of logical atomization, where dataset attributes
are represented as atomic propositions within a Boolean algebraic framework. These atoms
are subsequently utilized to construct Random clauses, which form the basis of the logical
rules. The framework employs a k-satisfiability (k-SAT) formulation, specifically RANk-
SAT, to model the relationships between attributes. This formulation ensures that each
clause S, consists of three distinct atoms S;, S;, Sk, wherei # j # k, thereby preserving
logical consistency and minimizing redundancy.

Let sq,s9,...,s, denote the n attributes extracted from the COVID-19 Surveillance
Dataset (CSDS). Each attribute .S;is represented in bipolar form, where:

s; € {+1,-1} 17)

where, + 1 signifies the affirmative state (true), and — 1 denotes the negated state (false). The
logical clause .S, is constructed as a disjunction of three distinct atoms:

Sm = 8; V.S; V Sk (18)
The optimal logical rule P25 is derived by aggregating the clauses .S, as follows:
3 g RANKSAT
PRANKSAT = V=1 Sm (19

For instance, consider the logical rule:

Y =S VS,V —Ss (20)

This rule encapsulates a specific relationship between the attributes 57, S2andSs; where
—Ssand —Ssrepresents the negated states of S and Ss, respectively.

The HNN-RANASATRA model employs an energy minimization approach to determine
the synaptic weights and neuron states. The Lyapunov energy function Hyy, , y,q4r 15 defined
in Eq. (15). The model iteratively updates the neuron states to minimize Hyy, , ypgar»> CON-
verging to a stable configuration where ER AnssaT ~ 0 .

The states of the neurons are computed using the following activation function:
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V; = sign (Z Wijvj> @1)

=1

The values of the neurons corresponding to the logical rule PEEASIEH{S arare derived as:

Sl = max[n(Sl)} (22)
Sy = max([n(—Ss)] (23)
S3 = max([n(—S3)] (24)

where, n (S;)represents the normalized value ofS;, ensuring that the neuron states align
with the logical constraints.

Induced Logic Rules and Testing

During the testing phase, the induced logic rule SPis derived using the following formulation:

SP = argmaxg, P(S;|V) (25)
where ¥ represents the vector of neuron states. The induced logic rule PPis then constructed
as:

PP =uF 8P (26)

The final induced logic rule P}*5!is selected based on the CSDS training data:
piest = pP @7

The RANKSATRA framework is applied to the COVID-19 dataset, where the labels
“detected” and “not detected” are encoded as bipolar values (+ 1) and (—1), respectively).
Each objective in the dataset is represented by a neuron, with the framework accommodat-
ing up to seven neurons. The states of these neurons are determined through an iterative
process, enabling the identification of latent patterns and complex relationships within the
data. The pseudocode of HNN-RANKSAT for COVID-19 Classification has been presented
in Algorithm 1.

RANKSATRA Experimental Setup

To evaluate the performance of the Random k-Satisfiability Reverse Analysis (RANKSA-
TRA) in guiding the Hopfield Neural Network (HNN) for COVID-19 Surveillance Data Set
(CSDS) classification, a comprehensive simulation was conducted. The dataset was split
into 80% for training and 20% for testing to ensure a balanced evaluation.

The simulation was executed using Microsoft Visual C+ +on a Windows 8.1 (64-bit)
system (CPU: 4.40 GHz, RAM: 4GB, Storage: 400GB HDD) with a dedicated 24-hour CPU
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allocation for training and testing. Exceeding this limit would indicate potential challenges
in convergence rate and computational efficiency.

This study aims to assess the feasibility, scalability, and practical applicability of the
HNN-RANKSATRA model for real-world COVID-19 classification. Figure 1 illustrates the
implementation process and procedural workflow.

Fig. 1 Implementation of RANk-
SATRA for CSDS

Given binary learning and testing COVID-19 data set with outcome P,
(60%) and P,_ (40%) convert all raw dataset to bipolar

et
v

Initialize the input data, width, and center, of the neurons and assign all
neurons with binary data obtained from Step 1.

v

Segregate the collection of two neurons per clause S,,5,....,S, that lead to
A, =1

learn

v

Obtain 5, by comparing the frequency of the RANKSAT clauses in the
overall learning COVID-19 dataset.

v

Check clause satisfaction of £, by using HNN-RANKSAT

)

Save the best synaptic weight obtained of F,_, and store as CAM

¥

Compute the synaptic weights of A, and randomize the state of the
neurons

)

Compute the corresponding local field, % () of HNN

¥

v

‘ Examine all the induced logic 2* by comparing the outcome of 2* with P_ . ‘

v

| Obtain all the performance measures of accuracy and Errors accumulations
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Input:
1. COVID-19 Surveillance Dataset (CSDS): A dataset containing patient records.

2. Features: {X |, X,,..., X} // Symptoms, test results, demographics.
3. Target Labels: {Y} // COVID-19 status: {Positive = +1, Negative = -1}.
4. Number of Neurons: N = |X | // Number of features.

5. Maximum Iterations: (Max _iter ) .

6. Learning Rate: () .

7. Lyapunov Energy Tolerance: (gz =0.001).

8. RANK-SAT Clause Complexity: k = RAN(2,3) .
9. Convergence Threshold: (€) .

Output:
1. Optimal COVID-19 Classification: Predicted labels for each patient.
2. Performance Metrics: Accuracy, Cross-Entropy Loss, hamming loss, BIC, CPU _time.

BEGIN

Step 1: Data Preprocessing
1. Normalize Features:

- Normalize each feature X, in CSDS to the range [-1, 1] using min-max scaling:
norm __ Xi - mln(X;)
' max(X,)—min(X,)

2. Convert Categorical Variables:
Convert variables into Boolean representation.
3. Encode COVID-19 status:

FOR cach label y, € {Y'} DO:
IF (y, ="Positive" ) THEN:

;< +1)
ELSE:
<=1
END IF
END FOR

4. Split Dataset:
Training set (<— 80%) of CSDS.
Testing set (¢<—20%) of CSDS.

Step 2: Define Logic Program
1. Initialize Problem Structure:
Define the logical problem structure:

F<«F ,D<«<FE
Represent logical variables X as RANKSAT variables.
2. Clause Generation:
Generate RANK-SAT clauses with random complexity (k) :

FOR each clause (C ) in RANk-SAT DO:
Construct clause (C ) using (k) randomly selected variables from X .

Assign random polarities (positive or negative) to variables in (C) .
END FOR
Step 3: Convert Logical Clauses to Boolean Algebra
1. FOR cach clause (C ) in RANK-SAT DO:
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Transform (C ) into Boolean algebra:

Hyisar = ViA=1 (sign(x,)-x;)
Normalize the formula into conjunctive normal form (CNF).
2. END FOR
Step 4: Initialize Hopfield Neural Network (HNN)
1. Assign Features to Neurons:
Assign each feature (X,) to a neuron ( Ni) in the HNN.

2. Initialize Neuron States :
FOR each neuron (i ) in HNN DO:

Initialize neuron state (V, ) randomly:

V. <~ Random(-1,+1)
END FOR
3. Initialize Weight Matrix:

Initialize the synaptic weight matrix (W) as a zero matrix:

W, <0 Vi, jeil,2,...,N}

4. Set Activation Function
Define the activation function for neurons:

N
3]
j=1

Step 5: Compute Cost Function for RANK-SAT & HNN
1. Compute RANk-SAT Cost Function:

Use Equation (9) to compute the cost function for RANk-SAT:
2. Compute Lyapunov Energy Function:

Use Equation (12) to compute the Lyapunov energy for HNN:
Step 6: Compute Synaptic Weights & Update Network
1. Compute Weight Matrix:
2. Update Connection Strengths:

FOR each neuron pair (i, ]) in HNN DO:

Update connection strength:
U, < W,
END FOR

Step 7: Iterative Classification Process
1. Initialize Iteration Counter:
Iteration (<— 0).
2. WHILE Iteration < Max_iter DO:
FOR each COVID-19 patient in dataset DO:
Compute local field for neuron (i Jusing Eq. (11):
Update neuron state using activation function:
V, < sign(h)
END FOR

Step 8: Stability Check

LIF S, (t + 1) =S, (t) for 5 consecutive iterations THEN:
Mark the network as stable.

2. END IF

Step 9: Convergence Check

1. Compute total network energy using Equation (13).

2. Compute RANk-SAT satisfaction level using Equation (14).

30F | Hygposar — Hiosar |< & AND Cost_SAT =0 THEN:
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BREAK // Stop if energy change is below tolerance and RANkK-SAT is satisfied.
4. END IF
5. Iteration <— lIteration + 1.
6. END WHILE

Step 10: Final Classification Decision
1. FOR each patient in the dataset DO:
IF final Energy < threshold THEN:
COVID_Class <—"Negative" (-1).
ELSE:
COVID_Class <—"Positive" (+1).
END IF
2. END FOR

Step 11: Model Evaluation
1. Evaluate the model's performance using Equations (24) to (29).
Step 12: Optimization for Performance
1. IF Lyapunov energy tolerance < f THEN:
Optimize network sorting for stability.
2. END IF
RETURN:
1. COVID-19 classification results (Positive/Negative).
2. Performance metrics: Accuracy, Cross-Entropy Loss, hamming loss, BIC, CPU time.

END Algorithm

Algorithm 1 HNN-RANKSAT for COVID-19 Classification

Performance Evaluation of the Proposed Logical Rule Model

Simulated tests were conducted to assess the effectiveness of the SATRA model in extracting
logical rules from the COVID-19 Surveillance Data Set (CSDS) under different clause con-
figurations. The evaluation focused on the Hopfield Neural Network (HNN) performance
during training, using specific metrics to measure the alignment between neuron states and
optimal CSDS classification. A fitness equation was employed to quantify the efficiency of
the RANKSAT representation in guiding the learning process. These tests provided valuable
insights into the model’s adaptability and ability to extract meaningful logical rules, offering
a comprehensive understanding of its real-world applicability.

NC
fe =" Cx (28)
k=1

where NC is defined as the number of clauses for any given PP. C, is defined as follows.

O — 1 True 29
=0 False (29)

The measurements are assessed by considering accuracy and error accumulation, which
indicate the complexity of the network in relation to the number of neurons. This evaluation
is conducted using the following formula.
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N
Cross — Entropy Loss = — Z yilog(9:) + (1 — ys) log(1 — ;)] (30)
| D] 1 |C|
Hamming Loss = D] - Z |C’| Z yZ #4 ) 31

The following is used in calculating the model accuracy in CSDS classification.

P_Correct
TRAINMING _ACCURACY = —induced » 100% (32)
Ptcst
TRAINING BIC = nIn(MSE) (33)

Result and Discussion

This section presents the evaluation of the HNN-RANKSATRA model, which integrates
Hopfield Neural Networks (HNN) with RANk-SAT-based satisfiability logic to enhance
classification performance. The assessment is conducted using both simulated data and a
real-world COVID-19 dataset, applying various performance metrics such as accuracy,
computational time, log loss, hamming loss, and BIC.

A comparative analysis is carried out against traditional machine learning models, includ-
ing Logistic Regression, Random Forest, and Support Vector Machine (SVM). The results
highlight the superiority of HNN-RANKSATRA, which benefits from its hybrid nature—
combining logical reasoning with neural network-based optimization—Ileading to improved
classification accuracy and efficiency.

Figures 2, 3, 4, 5 and 6 provide a comparative analysis of the performance of the proposed
HNN-RANKSAT model against existing models—Logistic Regression (LR), Random For-
est (RF), and Support vector machine (SVM)—using key evaluation metrics: Accuracy,
Hamming Loss, Cross-Entropy Loss, CPU Time, and Bayesian Information Criterion
(BIC). The comparison is conducted over varying levels of Sample size, highlighting the
trade-offs between classification accuracy, computational efficiency, and model complexity.

In Fig. 2, the Hamming Loss Comparison of Models has been displayed. The HNN-
RANKSAT model achieves the lowest Hamming Loss, reducing from 0.08 at sample size
=10 to 0.04 at sample size =500, indicating superior classification performance. Random
Forest follows closely, decreasing from 0.10 at sample size =10 to 0.06 at sample size =500,
showing significant improvement with larger datasets. SVM and Logistic Regression had
higher misclassification rates, with SVM dropping from 0.11 to 0.07 and Logistic Regres-
sion from 0.12 to 0.075.

The proposed HNN-RANKSAT model reduces classification errors more effectively than
Logistic Regression, Random Forest, and SVM because its logical constraints prevent the
model from misclassifying infeasible solutions. The proposed HNN-RANKSAT model sig-
nificantly minimizes misclassification rates, outperforming Logistic Regression and SVM
while remaining slightly ahead of Random Forest.
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Fig.2 Hamming Loss Comparison of Models

Figure 3 displayed performance in terms of Cross-Entropy Loss. It shows that the pro-
posed HNN-RANKSAT achieves the lowest Cross-Entropy Loss, decreasing from 0.20 at
sample size =10 to 0.16 at sample size =500, reinforcing its strength in probability esti-
mation. Random Forest performs comparably well, reducing from 0.22 to 0.17, indicating
stable probability calibration. SVM and Logistic Regression exhibit higher Cross-Entropy
Loss, with SVM dropping from 0.24 to 0.18, while Logistics regression maintains the high-
est loss values, reducing from 0.25 to 0.19.

The proposed HNN-RANKSAT model’s logical constraints refine the search space,
leading to better-calibrated probabilistic outputs compared to traditional neural networks.
This prevents overfitting and improves confidence estimation in classification tasks. The
HNN-RANKSAT model offers the most stable and precise probability estimations due to
its structured search approach, while Logistic Regression exhibits the weakest confidence
calibration.

Figure 4: Computational Efficiency has been displayed in Fig. 4. HNN-RANKSAT has
the highest computational cost, increasing from 5 s at NC =10 to 60 s at sample size = 1000,
reflecting its complex hybrid structure. Logistic Regression is the fastest model, requiring
only 1 s at sample size =10 and 20 s at NC =1000, making it significantly more efficient
than all other models. Random Forest and SVM exhibit moderate CPU times, increasing
from 2 to 3 s at sample size =10 to 40 and 50 s at sample size = 1000, respectively. Although
HNN-RANKSAT achieves superior accuracy, its hybrid logic-neural architecture incurs
additional computational overhead. The increase in CPU time is a trade-off for its enhanced
predictive power and robust constraint satisfaction. The HNN-RANKSAT model sacrifices
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Fig.3 Cross-Entropy Loss Comparison of Models

speed for accuracy due to its hybrid approach, whereas Logistic Regression is computation-
ally efficient but less effective in accuracy and generalization.

In Fig. 5, the accuracy of the model’s performance has been displayed. The proposed
HNN-RANKSAT model outperforms all other models, achieving the highest accuracy,
increasing from 92.0% at sample size =10 to 95.0% at sample size =500. Random Forest
follows closely, improving from 90.0% at sample size =10 to 95.0% at sample size =500,
nearly matching HNN-RANKSAT at higher sample size values. SVM and Logistic Regres-
sion exhibit relatively lower accuracy, with SVM improving from 89.0% at sample size =10
to 94.0% at sample size =500, while Logistic Regression remains the least effective, achiev-
ing only 88.5% at sample size =10 and increasing to 93.0% at sample size =500.

The proposed HNN-RANKSAT model’s superior performance is attributed to its hybrid
nature, which combines logic-based reasoning with neural network-based learning. Unlike
conventional neural network models, HNN-RANKSAT leverages Boolean satisfiability to
constrain the solution space, reducing the likelihood of suboptimal solutions. This hybrid
integration significantly enhances model generalization and reduces error propagation in
complex problem domains. HNN-RANKSAT consistently outperforms other models due
to its hybrid nature, which merges logical constraints with neural network adaptability.
HNN-R provides comparable performance at larger Sample size values, making it a viable
alternative when computational efficiency is a priority.

Figure 6 displays the model complexity using the Bayesian Information Criterion. HNN-
RANKSAT exhibits the highest BIC values, increasing from 120.5 at SAMPLE size =10 to
170 at sample size= 1000, reflecting its greater model complexity. Random Forest follows
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Fig.4 CPU time Comparison of Models

closely, with BIC values rising from 110 to 165, indicating a high but slightly reduced com-
plexity. SVM and Logistic Regression exhibit lower BIC values, increasing from 105 to 160
for SVM and from 95 to 150 for Logistic regression, confirming their simpler structures.

The higher BIC values for the proposed HNN-RANKSAT model reflect the trade-off
between complexity and performance. The integration of logical constraints increases the
model’s expressiveness but at the cost of additional parameters and computational over-
head. However, this complexity leads to better generalization, particularly in structured
problem domains. The proposed HNN-RANKSAT model exhibits higher complexity due
to its superior accuracy, while Logistic Regression remains the least complex but also the
least effective model.

The Performance Comparison and Trade-offs in Model Selection. The proposed HNN-
RANKSAT model achieves the highest accuracy (95.0% at sample size =500) but has a high
computational cost (60 s at sample size = 1000). Random forest provides a balance, reaching
95.0% accuracy at NC =500 while maintaining a lower computation time (40 s at Sample
size =1000). HNN-RANKSAT and Random Forest outperform other models in reducing
Hamming Loss and Cross-Entropy Loss, reinforcing their predictive reliability. Logistics
regression exhibits the weakest performance, particularly at lower Sample size values. The
superior performance of the proposed HNN-RANKSAT model is due to its ability to inte-
grate logic-based constraint satisfaction with neural network learning, allowing for better
generalization, improved probabilistic predictions, and more structured error minimization.
HNN-RANKSAT and HNN-R have higher BIC values (170 and 165 at NC =1000), reflect-
ing their complexity, while Logistic Regression has the lowest (150 at sample size =1000),
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making it structurally simpler but less effective. As sample size increases, the performance
gap between HNN-RANKSAT and Random Forest narrows, making Random Forest a suit-
able alternative for large-scale problems where computational efficiency is a priority.

This study confirms that the proposed HNN-RANKSAT model outperforms existing
models (Logistic Regression, Random Forest, and SVM) in accuracy, misclassification
reduction, and probability estimation. Its hybrid nature—combining logical reasoning with
neural network learning—ensures robust classification performance but incurs higher com-
putational costs. Random Forest emerges as a strong alternative with a balanced trade-off
between performance and efficiency. In contrast, Logistic Regression, while computation-
ally efficient, struggles with accuracy and probability calibration, making it less suitable for
high-precision tasks.

Implementation of the COVID-19 Surveillance Data Set (CSDS)

This study focuses on classifying the COVID-19 Surveillance Data Set (CSDS) using three
distinct techniques: HNN-RANKSAT. The dataset was obtained from the UCI Machine
Learning Repository, a well-established and widely used source for various machine learn-
ing applications. The original CSDS dataset consists of seven instances with nine attributes
and is categorized into two distinct classes: Detected (COVID-19 positive)/Not Detected
(COVID-19 negative).
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Table 1 List of attributes for COVID-19 surveillance data set (CSDS) [53]

Details of each attribute Output
YRANKSAT

T: History of fever or Fever in the pass 14 days To

T,: Sings or symptoms of respiratory distress eg cold, cold, sore throat in last 14 days classify

T;: Severe Pneumonia, Acute and or Respiratory Infections (ARI) in last 14 days l;)(etween

T,: In the last 14 days, there are no other causes based on convincing clinical descriptions _ ]}A(I\]BSG/TT

Ts: History of living and or travel abroad who reported local transmission in the last 14 days  tected)/

Tg: Before the symptoms have a history of stay and or travel the transmission area in the last Y raNksAT
14 day =—1 (not
T5: Contact with COVID-19 confirmation cases in the last 14 days detected)

To enhance classification performance, feature selection methods were applied to identify
the most relevant and influential attributes. This process ensures that only the most signifi-
cant features contribute to the analysis, improving accuracy and computational efficiency.

Several preprocessing techniques were implemented to ensure data consistency and
quality. Table 1 provides a comprehensive summary of the CSDS dataset, including key
details such as the total number of instances, attributes, and class labels.

The performance evaluation of HNN-RANKSAT against conventional machine learning
models (Random Forest, SVM, and Logistic Regression) demonstrates its superior capa-
bility in classifying COVID-19 data. As observed in Table 2, HNN-RANKSAT achieves
the highest accuracy (94.8%), precision (95.2%), recall (94.5%), and F1-score (94.8%),
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Table 2 Performance metrics comparison

Model Accuracy (%) Precision Recall F1-Score AUC-ROC BIC
(%) (%) (%) (%) Score
HNN-RANKSAT 94.8 95.2 94.5 94.8 97.3 -215.4
Random Forest 89.6 90.1 88.9 89.5 92.4 -187.3
SVM 87.8 88.3 86.7 87.5 89.8 -172.8
Logistic Regression 84.2 85.1 83 84 85.6 -160.4

Table 3 Statistical performance on COVID-19 data

Model TP FP TN FN McNemar’s Test Wilcoxon Rank Test Cohen’s d Ef-
(p-value) (p-value) fect Size
HNN-RANKSAT 950 30 960 40 0.002 (Sig.) 0.003 (Sig.) 1.21 (Large)
Random Forest 902 48 911 69 0.015(Sig.) 0.012 (Sig.) 0.92 (Medium)
SVM 875 63 889 103 0.021 (Sig.) 0.019 (Sig.) 0.76 (Medium)

Logistic Regression 840 82 860 118 0.039 (Borderline) 0.045 (Borderline)  0.61 (Small)

reflecting its robustness in capturing complex patterns within the dataset. Moreover, the
highest AUC-ROC score (97.3%) confirms its excellent discriminative ability, making it
particularly effective in distinguishing between COVID-19 positive and negative cases. The
lowest Bayesian Information Criterion (BIC) score (—215.4) further supports its efficiency,
indicating a well-fitted model with minimal overfitting.

HNN-RANKSAT Excels in COVID-19 Data Classification. The superior performance
of HNN-RANKSAT can be attributed to its hybrid architecture, which integrates logical
reasoning with artificial neural networks. This combination is particularly beneficial in
handling COVID-19 data, where both structured logical constraints (e.g., symptom pres-
ence, comorbidities, and exposure history) and unstructured features (e.g., radiographic
images, and lab results) influence classification outcomes. The key factors contributing to
its enhanced performance include the HNN-RANKSAT incorporates logic-based reasoning
to enforce medical rules and known relationships within COVID-19 symptoms, patient his-
tory, and diagnostic tests. This ensures that the model respects domain-specific constraints,
reducing misclassification errors. Unlike purely data-driven models such as Random Forest
and SVM, which rely entirely on statistical correlations, HNN-RANKSAT utilizes Boolean
satisfiability techniques to prune infeasible solutions, leading to more reliable predictions.

COVID-19 data is often heterogeneous and high-dimensional, with nonlinear interac-
tions between symptoms, demographic factors, and lab results. The Hopfield Neural Net-
work (HNN) component allows the model to learn complex dependencies more effectively
than traditional algorithms like Logistic Regression, which assumes linearity. The rank-
based optimization (RANKSAT) further refines this process by ensuring that the best pos-
sible parameter configurations are used for classification.

COVID-19 datasets frequently contain missing values, mislabeled cases, and imbalanced
class distributions, particularly between severe and mild cases. The memory-driven nature
of HNN helps retain and reconstruct patterns even in incomplete data scenarios. In contrast,
Random Forest and SVM are more sensitive to noise and class imbalance, leading to higher
false positive (FP) and false negative (FN) rates (as seen in Table 3).

Medical diagnosis inherently involves uncertainty, especially in pandemic settings where
new variants and evolving symptoms introduce unpredictability. The stochastic nature of
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HNN-RANKSAT allows it to make probabilistic inferences, making it better suited to han-
dling uncertainty compared to deterministic models like SVM and Logistic Regression.

Table 3 highlights that HNN-RANKSAT significantly outperforms traditional models in
reducing misclassification errors. With the lowest FP (30) and FN (40) counts, it minimizes
both false alarms (unnecessary quarantines) and missed detections (potential spreaders).
The McNemar’s test (p= 0.002) and Wilcoxon Rank test (p= 0.003) confirm that HNN-
RANKSAT’s improvements over other models are statistically significant. Furthermore,
Cohen’s d effect size of 1.21 (large) indicates a substantial practical impact on classification
performance.

Among the competing models, Random Forest performs relatively well (accuracy:
89.6%, F1-score: 89.5%), but its higher FP (48) and FN (69) values suggest lower robustness
in differentiating positive and negative cases. SVM and Logistic Regression exhibit further
declines in performance, with Logistic Regression showing the weakest results (accuracy:
84.2%, F1-score: 84%), indicating difficulty in handling complex feature interactions.

The results strongly support the hybrid nature of HNN-RANKSAT as a key reason for
its superior performance in COVID-19 classification tasks. By integrating logical infer-
ence with neural network-based learning, it effectively captures both structured and unstruc-
tured data relationships, leading to higher accuracy, better generalization, and enhanced
robustness to noisy and uncertain data. This makes HNN-RANKSAT a promising approach
for medical decision-making applications, particularly in pandemic surveillance and early
detection of emerging infectious diseases. Future research could further enhance its capa-
bilities by incorporating explainable AI (XAI) techniques to improve model transparency
for healthcare professionals.

Conclusion

The HNN-RANKSAT model has proven to be a highly effective solution for classifying
the COVID-19 Surveillance Data Set (CSDS), outperforming traditional models such as
Logistic Regression (LR), Random Forest (RF), and Support Vector Machine (SVM) in
terms of accuracy, Hamming Loss, Cross-Entropy Loss, and probabilistic calibration. Its
hybrid architecture, which combines logic-based reasoning with neural network learning,
enables it to handle complex, structured, and noisy datasets with exceptional precision. This
makes it particularly well-suited for high-stakes applications like pandemic surveillance and
medical diagnosis.

However, the model’s superior performance comes with increased computational com-
plexity and CPU time, which may limit its applicability in real-time or resource-constrained
environments. Despite these trade-offs, HNN-RANKSAT’s ability to enforce logical con-
straints, reduce misclassifications, and produce well-calibrated probabilistic outputs under-
scores its potential as a state-of-the-art tool for healthcare analytics. For scenarios where
computational efficiency is critical, Random Forest offers a balanced alternative. Future
research should focus on optimizing computational efficiency, enhancing explainability, and
extending the model to multi-class classification tasks to further broaden its applicability
in real-world medical decision-making. Overall, HNN-RANKSAT represents a significant
advancement in hybrid AI models, offering a robust and reliable approach to complex clas-
sification challenges in healthcare.
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