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Abstract: Logic mining in neural networks enables the extracting of interpretable symbolic knowledge
from complex datasets. This study proposes a logic mining approach in discrete Hopfield neural
networks based on a non-systematic major random 1,3-satisfiability (MR1,3SAT) logical structure for
adverse event analysis in Alzheimer’s disease datasets. The proposed model incorporates first- and
third-order logical clauses to enhance representational flexibility while maintaining computational
tractability. A feature selection mechanism based on Jaccard analysis is incorporated to identify
relevant attributes, while the intelligent artificial bee colony algorithm is applied during the retrieval
phase to refine the final neuron states. Experimental evaluation on Alzheimer’s disease neuroimaging
initiative datasets demonstrate that the proposed model achieves superior performance compared with
existing logic mining approaches, obtaining 90.23% accuracy, 98% sensitivity, 99% specificity, and a
Fowlkes-Mallows index of 93.46%. These results indicate that the MR1,3SAT-based logic mining
model improves both interpretability and classification reliability for adverse event symptoms analysis
in Alzheimer’s disease neuroimaging initiative datasets.



18082

Keywords: Alzheimer disease; discrete Hopfield neural network; logic mining; depression detection;
adverse event and Fowlkes-Mallows
Mathematics Subject Classification: 68N17, 68R07, 68T27

1. Introduction

Alzheimer’s disease (AD) is the leading cause of dementia worldwide, accounting for more than 70%
of cases associated with emotional and behavioral complications such as depression [1]. First described
by Alois Alzheimer in 1907 [2], AD is a progressive neurodegenerative condition that disrupts
cognitive functions including memory, reasoning, and communication. Despite extensive global
research and substantial advancements in medical science, no curative treatment currently exists for
AD and available therapies remain limited in their ability to prevent further progression or reverse
disease progression. Early identification is especially important because the pathological changes of
AD begin long before clinical symptoms surface. The disease quietly damages neural structures for
years before impairments such as memory decline, language difficulties, and reduced problem-solving
abilities become noticeable [3]. As the condition worsens, affected individuals gradually lose their
capacity to manage daily activities, make decisions, and maintain personal independence. These
limitations often persist for many years, placing considerable emotional and practical burdens on
patients and caregivers alike [4]. Among the adverse effects of AD, depression is a critical but often
overlooked symptom commonly triggered by diagnosis shock, reduced independence, and social
isolation, all of which undermine personal identity and autonomy [5—7]. Therefore, intelligent systems
capable of identifying symptom patterns linked to such emotional disturbances are essential for enabling
timely interventions and improving clinical decision-making [8].

In recent years, advancements in artificial intelligence (Al) have enabled the design of tools
capable of solving large-scale optimization problems with minimal human intervention [9]. Among
these, artificial neural networks (ANN) have been widely applied due to their ability to model
nonlinear relationships by simulating the behavior of interconnected biological neurons [10]. These
results illustrate the optimized solution for the task. An ANN structure is determined by the way
neurons are organized and how data is transmitted through the network. In optimization tasks,
feedback-based ANN models are often preferred because their interconnected neuron structures can
capture complex relationships between inputs and outputs. Among these models, the discrete
Hopfield neural network (DHNN) has gained prominence as an effective optimization tool.
Originally introduced by Hopfield and Tank [11] to address the traveling salesman problem (TSP),
DHNN employs the Lyapunov energy function to guide the system toward stable solutions. The
network stores synaptic weights in content addressable memory (CAM), enabling the retrieval of
complete patterns from partial or corrupted inputs [12]. These properties have facilitated the use of
DHNN in diverse optimization problems including transportation routing, medical image encryption
and the analysis of electromagnetic radiation [13]. However, DHNN faces challenges related to
transparency. It operates as a black-box model, which is the internal process that influences synaptic
weight changes or energy shifts and which remains unclear [14]. Recent advances in explainable
artificial intelligence (XAI) have emphasized the importance of developing models that provide
transparent and interpretable decision-making processes. One promising direction is neuro-symbolic
learning, which integrates neural network learning capabilities with symbolic reasoning mechanisms [15].
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This hybrid paradigm combines the pattern recognition strength of neural models with the
interpretability and reasoning capability of symbolic systems, enabling Al models to produce human-
understandable explanations while maintaining strong predictive performance [16]. Neuro-symbolic
approaches have recently gained increasing attention in domains requiring trustworthy and
interpretable Al, such as healthcare, cybersecurity, and scientific discovery. By embedding logical
structures within the neural structure, these models enable the extraction of explicit rules and semantic
relationships from complex datasets, thereby improving transparency and interpretability compared
with conventional black-box neural networks [17]. In other words, in the model, it is difficult to
determine exactly how the network arrives at its final output. Given that most ANN models exhibit
linearity, understanding how neuron states evolve from initial to final stages is essential. To improve
interpretability, an optimal logic representation in DHNN is needed [18]. This would allow the network
decision-making process to be explained through logical rules, providing a clearer understanding of
how input and output neurons are connected.

Abdullah [19] proposed a symbolic ANN, where logic was implemented directly as neurons in the
DHNN. Here, the neurons act as variables of logical rules and operate in bipolar states. A cost function
was formulated to minimize inconsistencies in the logical structure, ensuring alignment with the intended
network logic. This cost function could be determined by comparing optimal synaptic weights to the
network final energy state. This transformation showed that the DHNN no longer relied solely on bipolar
patterns, but instead adopted logic-driven patterns influenced by environmental factors. This development
helped create different types of logic-based DHNN models [20]. The systematic logical structure of the
DHNN was strengthened when Kasihmuddin et al. [21] implemented 2-satisfiability (2SAT) logic in
which each clause entailed two neurons. This method improved the network by embedding a well-
defined logical structure and resulted in a higher global minima ratio with faster convergence. Building
on this, Mansor et al. [22] introduced 3-satisfiability (3SAT) logic into the DHNN learning phase.
Their work demonstrated that increasing storage capacity minimized the occurrence of local solutions
thereby improving network performance. However, both 2SAT and 3SAT introduced limitations by
restricting the number of literals per clause. To overcome these limitations, Sathasivam et al. [23]
introduced the random 2-satisfiability (RAN2SAT) model incorporated both first- and second-order
logic into the DHNN model. The simulation outcomes demonstrated that RAN2SAT consistently
attained optimal final neuron states across a range of datasets. Another similar no-systematic structure
introduced by Karim et al. [24] known as random 3-satisfiability (RAN3SAT), extending the logic
structure by including first-, second- and third-order components. Their simulation results showed that
RAN3SAT was capable of achieving optimal neuron states particularly in scenarios, where the
presence of first-order clauses was relatively limited. Moreover, Alway et al. [25] introduced major 2-
satisfiability (MAJ2SAT), which is defined by a specific distribution of clauses in the logical
formulation. In DHNN, this model emphasized second-order clauses, which enhanced neuron diversity
and improved the likelihood of reaching global minima. Similarly, Jiang et al. [18] introduced the J-
type random 2,3-satisfiability into the DHNN model by combining second-order and third-order
clauses to reduce learning errors and minimize global energy. However, incorporating randomization
with higher-order clause combinations may introduce uncertainty in the satisfied interpretations, which
in turn can compromise the attainment of global solutions and limit the variability of final neuron states
in the DHNN model. Additionally, this study did not investigate the first-order logic, which is very
important to the DHNN model that it is able to learn lower-order logic to provide a more diversified
solution. Although several logical rules have been developed, their overall influence on the
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effectiveness of logic mining is still not well understood. Choosing the right logical rule for DHNN
has the potential to improve how well meaningful patterns are uncovered in data, leading to clearer
and more accurate interpretations.

Logic mining refers to the process of extracting meaningful knowledge from data by formulating it
as logical rules. This approach supports symbolic representation, making the extracted information more
transparent and easier to interpret. It enhances artificial intelligence by allowing neural networks to
identify the most appropriate logical structures for representing important patterns in data. The origin of
the logic mining technique was established by Sathasivam and Abdullah [26], who utilized the reverse
analysis (RA) technique to derive logical rules from an education dataset. Their approach was based on
the Wan Abdullah (WA) method [19], which determined optimal synaptic weights among neurons. The
obtained weights were utilized to generate induced logic that represents the underlying structure of the
dataset. Despite achieving over 80% in support and confidence, RA often struggled to generate induced
logic that was both optimal and generalizable. To solve these limitations, Kho et al. [27] introduced the
2-satisfiability-based reverse analysis (2SATRA), enhancing the earlier RA method proposed by
Sathasivam and Abdullah [26]. To improve efficiency, 2SATRA introduced a logic mining method
with improved steps in the preprocessing phase aiming to eliminate unnecessary learning in DHNN.
Consequently, the model successfully extracted logic and identified the optimal induced logic in the
League of Legends dataset. Expanding this method, Alway et al. [28] applied 2SATRA to analyze
palm oil price trends in relation to other commodities. This model results demonstrated that 2SATRA
could generate highly accurate induced logic by providing precise interpretations of observed price
fluctuations. For more complex, higher-order logic extraction, Zamri et al. [29] proposed the 3-
satisfiability-based reverse analysis (3SATRA), which was applied to Amazon employee resource access
data. By leveraging the increased storage capacity of 3SAT, this method outperformed conventional data
mining techniques in capturing meaningful patterns. In addition, Jamaludin et al. [30] proposed the
energy-based 2-satisfiability reverse analysis (E2SATRA) model to extract logical rules from E-
recruitment datasets. Unlike traditional & satisfiability reverse analysis (kSATRA) approaches,
E2SATRA eliminated neuron states trapped in local minimum energy levels, thereby refining the
overall logic extraction process. Despite these improvements, existing <SSATRA methods still lack a
systematic approach for determining the optimal combination of logical rules that lead to the most
effective induced logic. Addressing this gap remains crucial for enhancing the accuracy and efficiency
of logic mining in DHNN.

To overcome the limitations of earlier logic mining techniques, Jamaludin et al. [31] introduced
permutation-based logic mining (P2SATRA), which embedded a permutation operator into DHNN
neurons. This mechanism of logical permutations improved the accuracy of induced logic compared
with the standard 2SATRA model, although its reliance on randomized variable placement within
clauses restricted its capacity to capture meaningful real-world datasets. Within supervised logic
mining, Kasihmuddin et al. [30] developed supervised 2-satisfiablity reverse analysis (S2SATRA),
which used correlation analysis of dataset attributes to generate more precise logic rules. The exclusion
of irrelevant features before logic integration allowed S2SATRA to outperform conventional logic
mining methods in terms of accuracy. Building upon this, Jamaludin et al. [32] further enhanced
2SATRA by introducing a log-linear modeling approach, resulting in the 2SAT reverse analysis
method (A2SATRA). Through the application of a log-linear method, A2SATRA emphasized the
extraction of essential attributes in advance of logic construction, which contributed to producing
higher-quality induced logic. In addition, it adopted the permutation mechanism introduced by
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Jamaludin et al. [33] enabling local field optimization and leading to more effective induced logic
performance. The findings provided evidence that A2SATRA surpassed the majority of current logic
mining approaches. Despite these developments, the nature structured of existing logic mining may
still lead to overfitting, restricting their generalizability across different type of datasets. The
remaining challenge lies in incorporating non-systematic logic to identify optimal subsets of induced
logic, allowing DHNN to better capture and model the complexity of dataset behavior. In response,
Alway et al. [34] introduced major 2-satisfiability hybrid exhaustive search reverse analysis (2HESRA),
a logic mining model featuring a hybrid exhaustive search algorithm during the learning phase.
Similarly, Zamri et al. [35] proposed a non-systematic logic mining approach that utilizes a
modified Niched genetic algorithm to construct a “super logic” based on weighted first- and
second-order clauses. This method, known as weighted random 2-satisfiability modified reverse-
based analysis (r2SATMRA) selects the optimal induced logic by maximizing the combined positive
and negative outcome scores. The recent logic mining method employed a hybrid differential evolution
algorithm (HDEA) for synaptic weight optimization, a swarm mutation (SM) operator to diversify
neuron states, and an enhanced reverse analysis technique for generating effective training logic [36].

Optimization problems in industrial and engineering domains often involve large, nonlinear, and
computationally intensive search spaces that are difficult to solve using exact optimization methods.
In such situations, heuristic and metaheuristic algorithms provide an effective alternative by enabling
efficient exploration of complex solution landscapes [37]. For example, multi-objective metaheuristic
approaches have been applied to optimizing the number of train operations, train routing and stopping
patterns in railway systems with the aim of reducing operational costs, balancing occupancy rates,
minimizing travel time, and improving passenger travel satisfaction [38]. Studies have also shown that
heuristic algorithms are capable of navigating large combinatorial solution spaces while maintaining
reasonable computational cost, making them highly suitable for solving practical real-world
optimization problems [39]. Recent studies have also explored the dynamic behaviors of neural
networks using memristive systems and nonlinear circuit implementations. For instance, a universal
method for enhancing neural network dynamics using memristor-based architectures has been
proposed, demonstrating improved dynamical properties and potential applications in IoT-based robot
navigation systems [40]. Additionally, memristive cyclic neural networks capable of generating
controllable multiscroll chaotic attractors and multivariable amplitude control have been developed to
study complex nonlinear dynamics and circuit implementations [41]. These studies highlight the
growing interest in improving the dynamical richness and hardware realizability of neural network
models. However, most existing works focus primarily on nonlinear dynamics and circuit-based
implementations. In contrast, the present study emphasizes logic mining and interpretable knowledge
extraction using DHNN, where logical structures such as major random 1,3-satisfiability (MR1,3SAT)
are utilized to discover interpretable patterns in adverse event datasets. Nonetheless, existing models
function with only a single induced logic and do not incorporate additional components during the
retrieval phase, which may restrict both the interpretability and adaptability of the induced logic. To
overcome this limitation, the present study introduces a new logic mining model that combines non-
systematic logic, an optimal feature selection method, and a constructive strategy for generating the
most effective logic. Furthermore, the model employs an improved retrieval mechanism aimed at
enhancing both the diversity and interpretability of the induced logic. The main contributions of this
paper can be summarized as follows:
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(1) To propose a non-systematic major random 1,3-satisfiability logical structure to represent
adverse event data. The proposed logical representation enables the modeling of complex
logical relationships among attributes within the dataset.

(2) To incorporate major random 1,3-satisfiability into the discrete Hopfield neural network model
to perform logic mining and knowledge extraction. This implementation allows the neural
network to learn and optimize logical clauses while identifying meaningful patterns from the
dataset.

(3) To implement an intelligent artificial bee colony (IABC) algorithm during the retrieval stage,
enabling refinement of the final neuron state through a mutation processes. The mutation
operator exchanges neuron states across clause orders, while spot mutation identifies
unsatisfied clauses and modifies neuron states without reducing fitness.

(4) To introduce a threefold objective strategy during the retrieval phase of the discrete Hopfield
neural network that aims to obtain a high quality final neuron state in terms of global solution,
diversity solution, and low similarity. The final neuron state with the highest quality is
interpreted as the induced logic for the Alzheimers dataset.

(5) To validate the effectiveness of the proposed logic mining method on Alzheimer’s disease
datasets using multiple performance metrics, comparing its outcomes with baseline model
through the Friedman statistical test.

This paper is organized into the following sections: Section 2 outlines the motivations of the study.
Sections 3—6 describe the background, including the logical structure and details of the proposed logic
mining method. Section 7 explains the experimental setup and AD dataset. Section 8 presents the
results of all models, and Section 9 discusses the main findings.

2. Motivation

Current logic mining models face key limitations: The rigid order of logic application reduces
adaptability, the reliance on true positive frequency offers only partial optimization, and the absence
of mechanisms to expand the solution space restricts diversity in logical structures. Overcoming these
issues is crucial for enhancing the robustness and effectiveness of logic mining.

2.1. Inflexibility of systematic logic

Logical structures serve as the foundation of data representation in DHNN, functioning as
symbolic rules that capture the dataset behavior during both training and retrieval. Previously,
Kasihmuddin et al. [21] and Mansor et al. [22] successfully applied 2SAT and 3SAT logic in
DHNN by achieving the highest global minima ratio. However, these models faced overfitting
issues as the network struggled to generate diverse synaptic weights due to a fixed number of
neurons assigned to each clause. So far, the most effective k-order SAT that encourages non-
repetitive neuron patterns has not been identified mainly because current logic structures use a
rigid number of literals. Since DHNN assigns equal importance to all solution spaces through
uniform synaptic weights, it becomes difficult to retrieve a variety of final neuron states. To
address this, study introduces major random 1,3-satisfiability a non-systematic approach that
combines first- and third-order clauses. The combination of different orders logic in the major
random 1,3-satisfiability enriches neuron variability and enhances retrieval performance.
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2.2. Limited search space

The effectiveness of logic mining hinges on identifying the most representative logic structure of a
dataset. An optimal logic serves as the foundation for producing high-quality induced logic in DHNN,
supporting reliable classification tasks in Al applications. However, many existing studies [28-30]
largely depend on true positive outcomes when formulating logic. This single perspective increases the
risks overfitting as it fails to capture the dataset full behavior especially in cases where true negative
outcomes play an important role. Moreover, the DHNN memory mechanism tends to retain positive-
oriented logic, further reducing its ability to generalize. In datasets dominated by negative instances, this
imbalance can lead to randomized weight distributions, making the model behave more like a random
classifier. To counter this, the present study proposes a balanced evaluation strategy that incorporates
both true positive and true negative measures. This dual consideration ensures that induced logic better
reflects the dataset’s complete structure.

2.3. Effective feature selection method

Feature selection techniques are an essential aspect in logic mining, as the absence of an effective
selection mechanism can result in induced logic that lacks interpretability. Previous studies [27-29]
introduced systematic models to improve induced logic, yet the retention of non-significant attributes
continued to hinder knowledge extraction. To address this, Jamaludin et al. [33] proposed a log-linear
approach for selecting relevant attributes, which improved feature structuring but lacked an intelligent
model to capture dataset patterns. Extending this idea, Zamri et al. [35] incorporated Jaccard analysis within
a non-systematic model, enabling more precise alignment between induced logic and dataset
characteristics. Building on these advancements, this study employs Jaccard analysis in the preprocessing
stage before DHNN training, thereby strengthening attribute relevance and improving the overall quality
of induced logic.

Recent studies have shown significant progress in neural network architectures for modeling complex
data and improving predictive performance. For example, Zhou et al. [42] proposed an attention-based
spatio-temporal graph neural network that captures both spatial interactions and temporal motion
patterns among pedestrians, enabling more accurate trajectory prediction in dynamic environments.
The model leverages graph attention mechanisms to represent interactions between agents and extract
meaningful temporal dependencies. Such developments demonstrate the increasing importance of
advanced neural architectures and attention mechanisms for modeling complex relationships in data.
In addition, recent research has emphasized the importance of effective feature selection and
representation learning in machine learning models. Fan et al. [43] introduced an adaptive
regularization approach to improve multiclass feature selection by identifying informative attributes
while suppressing redundant features. Similarly, Li et al. [44] demonstrated how convolutional neural
networks can effectively learn hierarchical representations for complex visual segmentation tasks.
Although these deep learning approaches achieve strong predictive performance, many remain
difficult to interpret due to their black-box nature. In contrast, the proposed MR1,3SAT-based logic
mining approach within a DHNN focuses on generating interpretable logical rules while maintaining
effective pattern recognition capability.
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2.4. Increase the variation of solution space

Beyond feature selection and evaluation metrics, the retrieval phase strongly influences the
reliability and clarity of the induced logic. In particular, the permutation operator has shown great
promise in widening the solution space by dynamically rearranging variables within logical clauses.
For instance, comparisons between 2SATRA [27] and P2SATRA [31] revealed that fixed attribute
arrangements often restricted interaction across clauses, heightening the risk of overfitting. Conversely,
the permutation operator in P2SATRA introduced flexibility by generating new attribute combinations,
which revealed more diverse neuron states and improved induced logic. This approach has since been
extended by several works [32,45], underscoring its effectiveness in overcoming rigid SAT
formulations. Building on these insights, this study implements permutation operators within more
flexible logic structures, aiming to further expand the search space and enhance the adaptability of
induced logic in DHNN.

3. Major random 1,3-satisfiability representation

Major random £ satisfiability (MRASAT) is a non-systematic logical rule that consists of first and
major third-order clauses in the logical structure. The concept is inspired by the major satisfiability
logic introduced by Alway et al. [25]. In this study, the focus is on MRASAT logic for /=1 and 4=3
(MR1,3SAT), which serves as a symbolic representation of the dataset. The proposed MR1,3SAT
model adopts a non-systematic logical structure consisting of first-order and third-order clauses. First-
order clauses represent the individual contribution of each attribute that enabling the model to capture
the direct influence of individual symptoms. Meanwhile, third-order clauses allow the representation
of higher-order interactions among multiple attributes, which is particularly useful for modeling
complex symptom relationships in medical datasets. The exclusion of second-order clauses is
intended to balance model complexity and interpretability, as incorporating all clause orders would
significantly increase the number of possible clause combinations and computational cost. By
combining first-order and third-order clauses, the MR1,3SAT model effectively captures both
individual attribute effects and multi-variable interactions while maintaining computational
efficiency within the DHNN structure. This non-systematic higher-order formulation ensures
satisfiability across different SAT combinations, each possessing unique satisfiable properties. The
general structure of MR1,3SAT is expressed in Eq (3.1) [46]:

Trrizsar =Aies Ci(k); where k = 1,3, 3.1
whereby Cl-(k) denotes the i clause, consisting of k variables, formulated as shown in

P;VQ;VR;, k=3,
Ci(k) :{ iV Q; i (3.2)

Si' k = 1

In Eq (3.1), NC signifies the total number of & variable in Tygy 3547 as described by the formulation
defined in

NC = 3k i[n(c®)]. (3.3)
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Accordingly, the fundamental properties of MR1,3SAT can be outlined to highlight its structural
formulation and operational characteristics [38]. These properties summarized as below:
(a) A setofzliterals ly,1,,15,...,1,, where [; € {—1,1} exists in a bipolar state representing True
or False outcomes, respectively.
(b) A literal refers to a variable(l;) or its negated form (=l;).
(c) A collection of n definite clauses, C;, C,, C3, ..., Cy,, where no clause contains redundant variables.
(d) Each C; is connected with the AND (A) logical operator, while the literals within a clause
are connected using the logical OR (V) operator.
In accordance with the established properties of MR1,3SAT, an illustrative example of Ty pq 3547
is given in

Tyrizsar = (P1V=Q1 V=R) AP,V Q,VR)A(P3V=Q3VR3)AS;. (3.4)

It is important to note that in the outcome of Typq 3547, @ clause can only take two possible states:
satisfied or unsatisfied. The desired outcome of any Ty rq 3547 1s to find the satisfiable interpretation
(TMRl'gsAT = 1). Conversely, the expression becomes unsatisfiable if the condition Tyyn35ar = —1.
The outcome of a clause can either be satisfied or be unsatisfied, and this determination largely
depends on the state of the variables, which plays a decisive role in establishing whether the clause
is satisfiable for Tygry3sar [25]. Referring to Eq (3.4), Tygizsar =1 when
(P1,Q1, Ry, P5,Q3,R,, P3,Q3,R3, 51) = (-1,1,-1,1,1,1,-1,1,1,1). However, Tygry3sar = —1 when
the neuron state (P, Q;,Ry,P,, Q5 R, P3,0Q05,R3,S;) =(—1,1,—-1,1,1,1,—1,1,1,—1) . Hence, the
interconnections among neurons in the DHNN can be formally represented by Tyrq 3547

4. Major 1,3 random satisfiability in discrete Hopfield neural network

The DHNN is a recurrent model of fully connected neurons without hidden layers. Its learning
process comprises training, where satisfied interpretations Ty pq 3547 guide synaptic weight formation,
and retrieval, where the stored weights in content addressable memory (CAM) determine the final
neuron states. The general neuron activation is expressed in

N
SL'= 1, if ZWUS]'ZT, (41)

—1, otherwise.

In the DHNN model, the synaptic weight between units i to j is expressed as W;;, where the state of
neuron i represented as S; directly influences the excitation of neuron j, contributing to the overall
energy minimization process. The threshold 7 defines the condition for neuron activation. In DHNN,
the weights W;; are symmetric W;; = Wj; and there is no self-connection (W;; = W;; = 0). The
arrangement of these weights critically influences the performance of the content addressable
memory (CAM), which functions as a memory system capable of retrieving stored patterns based on

neuronal connectivity. These properties highlight DHNN as a reliable model for information storage.

In this context, the MR1,3SAT logical rule enhances the representation of neuron interactions

through the symbolic formulation Typq 3547 in the DHNN-MR1,3SAT model by assigning a neuron
to each variable defined in Eq (3.1). Each neuron represents the binary states of False (-1) and True (1)
as described by Mansor et al. [22]. The evolution of these neurons is governed by minimizing the cost
function that correlated with Ty 3547 Equation (4.2) shows the formulation of cost function:
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1 1
=3 f=1l_[?'=15ij +ZZ?)=1 1SU+ Z 1H 1Sij- (4.2)

CTMR1,3SAT

S;j 1s the inconsistency of Tygq3s4r and is defined as

1+S,.), if A;
i}-={( ) 1A 4.3)

(1-5,,), if -4;

The primary objective of DHNN is to minimize Cr, . ..., ensuring that the derived synaptic weights

are accurate. In this context, = 0 corresponds to the experimental setup, where all clauses

CTMR1,3SAT
are fully satisfied, whereas Cr, . ... # 0 indicates that at least one clause remains unsatisfied.

Synaptic weights, which define the strength of interconnections between neurons, are computed using
the WA method [19]. In this method, Cy, . .., in Eq (4.3) is compared with the Lyapunov energy
function (Lr,,, . 7). The formulation of Lz, . .o . 18

N N

L _ L w'Ds;s;s
TMR1,3SAT — _§ ij k

i=1,i#j#k j=1,i#j#k k=1,i#j#k (4.4)

2 1
1#1 Z] Li#j W( )S iSj _Zliv=1 VVi( )Si~

The synaptic weight can usually be estimated in advance using the WA method. However, there are a
few assumptions that need to be taken into account before determining the synaptic weight of the
MRI1,3SAT. All variables in Typ; 3547 are non-redundant, and when each clause is independent of
the others i € {1,2,3,..., N}, no self-connections exist among the neurons in C (k) , Where W;; =0,
Vi € {1,2,3,..., N}. Furthermore, the symmetry of DHNN ensures that the W;; = W and Wjy is
equivalent across all possible permutations of ijk.

The learning phase in DHNN is guided by the WA method, as conventional Hebbian learning
becomes less effective when dealing with networks containing a large number of neurons. Hebbian
learning, as noted by Foldiak [47], was initially introduced to determine synaptic weights in DHNN.
However, its reliance on local correlation between neurons often limits scalability and interpretability.
Unlike Hebbian learning, the WA method offers greater reliability by reducing inaccuracies in the
synaptic weights stored within CAM [48]. These optimized weights are maintained in CAM, and later
applied during the retrieval phase [49], where the final state of each neuron is computed based on the
local field equation as defined in

Li(t) = II¥=1,k¢j Jj=1,j*k VVU(i)SkS +Z} 1]¢1W(2)S +W(1) (45)

The coefficient W i k refers to the interaction weight among neurons i, j, and &, within the third-
order clause. In contrast, WU( ) specifies the weight assigned to the pairwise connection between

neurons i and j, while Wi(l) indicates the weight linked to a single neuron i in a first-order clause.

Properly structuring these weights is vital to preserve both stability and convergence of the DHNN-
MR1,3SAT model. The computed local field, L;, is subsequently passed through the activation function,
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as formulated in Eq (4.5). Specifically, the model employs the hyperbolic tangent activation function,
which transforms the calculated values of L; into a bipolar state, as formulated in Eq (4.6) [50]:

frn _ (1, tanh(L;) <0,
Si® _{ 1, tanh(L;) = 0. (4.6)
The subsequent step assesses the quality of the network’s output state by applying the Lyapunov
energy function, L., ..., and the absolute minimum energy, L7, ..., as defined in Egs (4.4)
and (4.7), respectively:
Lmin% ( 4. 7)
TMR1,35AT’

where m; and n; represent the number of third-order and first-order clauses in the MR1,3SAT,
respectively. The resulting neuron state can converge to the global minimum energy, as specified in

|LTMR1,3SAT - LrTr”lI\lqr;uss,qu < Tol, (4.8)
whereby Tol = 0.001 is a predefined tolerance value used to distinguish between global and local
minimum energy levels. The threshold value has a significant impact on the quality of solutions
produced by the DHNN, resulting in better performance compared to other values [20]. If the condition
in Eq (4.8) is not met, the final neuron state becomes trapped in a local minimum energy state.

In this study, the retrieval phase multi objective function is formulated to achieve the global
minimum, while also considering diversity fitness and the similarity index ratio of the final neuron
state, Sif produced before and after applying the IABC method. Accordingly, the retrieval phase in
DHNN is framed as a multi-objective optimization problem, as outlined in Eqs (4.9)—(4.11):

Obj(Mgs; Mds: MinGLI): (49)
such that
My = S/, where S/ - Eq (4.8), (4.10)
Mgs =, (4.11)
MiTLGLI < p. (412)

The multi-objective function is guided by three key requirements.

First, the generated solutions Sif must be able to attain the global minimum. Any solution
fulfilling the requirement in Eq (4.8) is denoted as in maximum global solution, My, and is
obtained through the process described in Eqs (4.9)—(4.12).

Second, the solution S lf must preserve the diversity fitness of the neuron states within a defined
maximum diversity solution, My,. This condition is essential to guaranteeing that the obtained
solutions S lf maintain adequate variability, represented by the inclusion of negative neuron states. To
preserve this variability, each solution Sif is required to meet a minimum threshold of r. The
evaluation of diversity fitness is conducted according to the procedures in Egs (4.13) and (4.14):

Myg =r[XY-,ds (C)] under condition (4.13)
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1, (52, 505) 1,

(4.14)
0, otherwise,

Mdsi(Ci*) = {
where M, measures the diversity fitness based on the frequency of ds; for each clause C;'. As
indicated in Eq (4.13), the diversity score becomes zero when all neuron states associated with C;
take the value of 1 (positive). Therefore, the formulation of r is shown in

_ Mgs
tc

3

where fc is the total number of clauses in Tz 3547

Third, MR1,3SAT must ensure that the similarity between the solutions generated before and
after the application of [ABC remains within a predefined similarity ratio, p. The solutions Sif prior
to and following the implementation of IABC are denoted as before S l.b T and after Sia ! Maintaining
a level of dissimilarity among all generated solutions is essential to support solution diversity. To
evaluate this similarity of Sl.f , the Gower Legendre similarity index (GLI) index is employed. The

formulation of the minimum similarity index Ming;;; within the MR1,3SAT context is detailed in
Eq (4.15) through (4.19):

GLI = —2+¢ (4.15)

" a+0.5(b+c)+d’

. {1, if (87,8 = (1,1),

0, otherwise, (4.16)
b - {1, if (577,A7) =(1,-1),
0, otherwise, (4.17)
o {1, if (57,5%) = (-1,1),
0, otherwise, (4.18)
g {1, if (57,5%) =(-1,-1),
0, otherwise. (4.19)

Therefore, the final solutions Sif of the MR1,3SAT to be adopted as the new final solution S**¥ in

MRI1,3SAT must satisfy the criterion. Specifically, the overall objective function is formulated as a
weighted sum of the three components, where each objective contributes to the evaluation of candidate
solutions during the search process. The combined objective function can be expressed as

Fobjective = afglobal + .deivesity + V(l - fsimilarity): (4-20)

where  fyiopa Tepresents the global solution quality, fgiyesiry measures the diversity among
candidate solutions, and fsmiariy dquantifies the similarity between solution patterns. The
coefficients a, 3, and y denote the weighting parameters controlling the contribution of each objective.
The overall training using and retrieval process of the DHNN-MR1,3SAT model is outlined in the
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pseudocode presented in Algorithm 1 of the optimization method that using IABC algorithm.
Meanwhile, Figure 1 presents the schematic diagram of the DHNN-MR1,3SAT process. Each major
block represents either first- or third-order logic producing clauses of different orders. The blue lines
highlight the implementing of first- and third-order clauses.

Algorithm 1. The pseudocode of DHNN-MR1,3SAT

1

AN L A W

9
10

11

12
13
14
15
16
17
18
19

20

21

22
23
24

25

26
27
28
29
30
31

Input: Set the initial parameters such as number of trials (N7) and maximum combination
(combmax).
Begin
Assign neurons to represent each variable in S; € [S;,S,,S5,...,5,1;
while (i < NT)
Form the initial states using Eq (4.1);
Learning phase
Define Ly, .., using Egs (4.2) and (4.3);

for S; € [54,5,,55,...,5,] do

Check clauses satisfaction;
if LTMR1,3SAT =0
C; 1is satisfied;
else
C; 1is not satisfied;
end if

Compute synaptic weights using WA method;
Store the synaptic weight in CAM;
end for

Retrieval phase

Compute L; using Eq (4.4);

Compute Lr, .. ... using Eq (4.5);

Compute LTH" using Eq (4.6);

TMR1,3SAT

for s/ e [s/,s],s],...,5]] do

Check the quality of the final neuron state using Eq (4.8);
it S/ — 0bj(Mgs, Mps, Miny)
Assign as Siaf;

else
do Intelligent Artificial Bee Colony;
end if
end for
end while
Output: Final neuron states achieved multi-objective function
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Figure 1. The schematic diagram of DHNN-MR1,3SAT.

5. Existing k satisfiability based reverse analysis method

The k-satisfiability based reverse analysis (k<SATRA) model transforms dataset features into
logical inference rules. Kho et al. [27] extended the foundational reverse-analysis approach of
Sathasivam and Abdullah [26] by introducing a 2-satisfiability based reverse analysis (2SATRA)
method. This method allowed incorporating logical rules by enhancing the generalizability and
robustness of the inferred behavioral model [27]. As the DHNN operates in bipolar state space, all
attributes must be encoded within the interval [-1,1]. Proper attribute selection is essential, as it
identifies the key influencing factors within the dataset. To address ASATRA’s lack of an output-
neuron selection mechanism, Jamaludin et al. [31] and Kasihmuddin et al. [32] employed supervised
learning techniques to improve attribute selection. This supervised method also removes irrelevant
attributes that may lead to overfitting in the induced logic. As part of this method, the optimal logic

best

rule set Pisat 1s determined by examining the structure of k-order clauses associated with Py, = 1.

best

The formal definition of the formulation of P, gyt as per Eq (5.1):

AIMS Mathematics

PPESt = max [n(Ci(k)) — Prrgin = 1],

(5.1)
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Here, n(Ci(k)) represents the frequency of clause structures that correspond to Piprgin = 1. To

illustrate an example, where 4 and B are two attributes, with values A € {—1,1} and B € {—1,1}. In
the case of 2-SAT, the possible clause structures include C; = AV B, €, = AV B, (3 =AV =B,
and C, = —AV —B. If the current values of 4 and B are -1 and 1, respectively, ASSATRA will select
C, = =A V B as the clause that best represents that instance in the dataset. Using this approach,
kSATRA transforms the entire dataset into 2-SAT logical form based on the state of each attribute.
After that, it evaluates all generated 2-SAT clauses and identifies the one that appears most frequently.

This most common clause structure is referred to as PPESE, which is defined in Eq (5.1).

Once PP&EL is obtained, it can be trained by determining the optimal synaptic weights of the
DHNN. The logical structure of PPESL, along with its corresponding synaptic weights, is then stored
in the DHNN as content-addressable memory. Afterward, the induced logic PR4¥®? is generated
based on the local field computation. The PRg¥ced is then compared with P, to evaluate
prduced quality. Importantly, the PR4¥ced achieving the highest accuracy will be selected to

represent the behavior of the dataset. Note that the Qi,y with the highest accuracy will be chosen to
explain the behavior of the dataset. Figure 2 illustrates the overall workflow of A<SATRA, which
consists of several phases involved in the logic mining process.

R T e e e e . R I EE e |
: Pre-Processing Phase I
: Random Segregate Data :
: Row Data Cll(—me@ Selection Bipolar | Leamin_g and :
: ustering Value Testing !
1 1
1 1
L o o o o o o e e e B o o B B o o B o B T B o o o o o o o ] o 1
r ______________________________________________________________ 1
| Learning Phase I
I Find Synaptic Finding the best Convert :
I Store Synaptic Weight using |, logic, PP®t that }—|  attribute as :
! weight as CAM Wan Abdullah correspond to Logical !
: Method Proarn = 1 Structure :
L 1
T e s T
. induce 1
: Applied Generate Induce Compare the Choose °P“?“a1 P k. :
1 . mduce || pinduce ipqce induced logic with High i
! ISathe_lswan}: logic Py 1"“0 . Wltul:ll the Accuracy which !
! Relaxation Phase using local field & phest represents the dataset 1
k 1
| Retrieval Phase !
1 1
e e o o o o o o o o B B B o 1

Figure 2. The general process of ASSATRA.
6. Multi-unit major random 1,3-satisfiability based reverse analysis method

To enhance the effectiveness of the original ASATRA approach, this study introduces new logic
mining technique called the multi-unit major random 1,3-satisfiability based reverse analysis method
(MR1,3SATRAW). The main goal of this method is to extract significant knowledge from a dataset
and transform it as logical rules, with a focus on identifying the most relevant attributes. The efficiency
of logic mining is largely determined by the ability of DHNN-MR1,3SAT combined with the reverse
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analysis strategy to process data and encode it into symbolic logic. The MR1,3SATRA « approach is
organized into three distinct stages: pre-processing, training, and retrieval.

In the pre-processing phase, each dataset entry S; ; from the raw is transform into a bipolar form
through k-means clustering. This transformation to ensure that the final neuron state in the DHNN
converges properly [32,33]. Selecting NV optimal attributes is crucial to prevent the induced logic from
overfitting due to the presence of irrelevant features [34]. To enhance the quality of the induced logic,
MR1,3SATRAYp uses Jaccard analysis to identify the most relevant NV attributes. As highlighted by
Zamri et al. [35], Jaccard analysis measures the similarity between positive instances in the dataset and
the dependent (decision) attribute. Attributes that show a strong correlation with the decision attribute
are selected to represent the dataset, denoted as S; ;. In other words, this Jaccard analysis approach
helps identify the key attributes that will guide the construction of the MR1,3SAT logic. The formula
for the Jaccard analysis is provided in Eqs (6.1) and (6.2):

Zn=1 aj 6.1
FS;, . = J : (6.1)
JESw =1 +Xfo b+ ¢
where
_ output . .
]Slf)utput,si,j = {(Si ;si’j); i=12..... ,m and j=12,..... ,n}, (6.2)
_ {1 L), _{1, (1,-1), {1, (-1,1),
dij (e’)_{O, Otherwise, b”(e])_ 0, Otherwise, Cij(es) = 0, Otherwise.
S? wPUE represents the decision output for each entry. A JHS value indicates significant

dissimilarity between the output and S; ;, where S;; denots the value of attribute S for the ith entry
and the jth attribute [35]. Attributes with elevated JFS values will be prioritized for selection.
{ai, inbij.ci j} denotes the scoring mechanism measures the similarity differences between the ith entry
of the independent attribute and the ith entry of the dependent attributes across the dataset with » total

number of entries.
As indicated in Eq (6.2) (e;;) entries with the highest Jacc will be selected. In this context,

Lyrizsar iIn MR1,3SATRAu can capture more irregular and inconsistent patterns by providing
valuable information to the CAM in DHNN. The final classification results will be based on the
average of all cross-validation folds in MR1,3SATRAu.

In this study, JHS is employed to rank the attributes according to their similarity and relevance
within the dataset. The top ten attributes are selected for subsequent analysis. The choice of ten
attributes aims to balance model interpretability and computational efficiency. Selecting a smaller
number of attributes may omit important symptom information, while selecting a larger number of
attributes would significantly increase the dimensionality of the logical clause search space in the
MR1,3SAT framework, potentially introducing redundancy and increasing computational complexity
in the DHNN training process. Therefore, the selection of ten attributes provides a reasonable trade-
off that preserves informative symptom patterns while maintaining manageable computational
complexity and interpretable logical rule extraction.

During the training phase, MR1,3SATRA introduces an alternative approach for computing the

best logic by aiming to maximize both true positive (7P) and true negative (7N) outcomes. Initially,
the DHNN generates p unique logical combinations based on the Tygy3sar clause structure. An

example of such a generated logical combination is provided in Eq (3.4). These p logical combinations,
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denoted as Pﬁﬁﬁ%s aT»> are then evaluated against all entries in the training dataset, P;.q;, to calculate
the components of the confusion matrix: 7P, TN, false positive (FP), and false negative (FN).

Figure 3 presents the classification outcomes in the confusion matrix during the MR1,3SATRAu
training phase.

Training outcome generated from the Pli’,i'ﬂ'-l 3SAT
»

Positive (1) TP FN

Negative (-1)

Outcome from the Pp,.4n

Negative (-1) FP TN

Figure 3. Classification outcomes of MR1,3SATRA 4 in the learning phase by confusion matrix.

The optimal logic is identified as the combination producing the greatest sum of 7P and TN,
ensuring the dataset is represented through the most effective logical structure. The combination
selected as Pl\l,’[eRSI%S A1 1S the one that best captures the overall trend in P;,.q;;,, by maximizing the sum
of TP and TN, as expressed in

PYiasar = max [(P, e 3sam P, irain) = (TP + TN)]. (6.3)

Next, the optimal logic P5&i'ssar is trained within the DHNN-MR1,3SAT model. During the
retrieval phase, the final neuron states, represented as S lf , are derived through the formulations in Eq (6.4).
These final states are then mapped to induced variables according to the following definition:

A,SI =1,

(6.4)
-4,8] = -1.

induced __
spvce -

The set of induced rules S™%%“¢@ forms the final logic representation, capturing the data patterns
identified by DHNN-MR1,3SAT. Next, P EYL is applied to the test data Py to compute the
confusion matrix components.

Figure 4 shows how the confusion matrix is classified for MR1,3SATRA 4 in the retrieval phase.

-- ereeeene generated e Pﬁdnuu‘g’SAT

Positive (1) Negative (-1)
Positive (1) TP FN
Outcome from the P,
Negative (-1) FP TN

Figure 4. Classification outcomes of MR1,3SATRAy in the retrieval phase by confusion matrix.
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All the variables in the retrieved P3%ed  are permuted, to widens the search space and
MR1,3SAT p Y

improves the possibility of deriving optimal induced logic Pl\‘}lrﬁ‘ﬁ’gcse,{%. Thus, the structure of Tyrq 35t

is not limited to the standard model presented by Kho et al. [27], but instead allows for the generation
of more varied logical structures.

7. The proposed intelligent artificial bee colony algorithm in optimizing retrieval phase of
DHNN-MR1,3SAT

In this thesis, the intelligent artificial bee colony (IABC) algorithm is utilized as an optimization
mechanism in the retrieval phases to enhance the quality final neuron state. In the learning phase, EA
are employed to obtain a valid solution state, as described by Sathasivam et al. [51]. The TABC method
begins with the initialization stage, where the population of food sources is established according to
Eq (7.1), as outlined below:

ey (L tank(h) >0, (7.1
FSi(S; )_{_1, Otherwise.

In Eq (7.1), Sl.b f represents the final neuron states before optimization according to Sl.b e [1,NN],
while fs; € [1, NT]. Here, NN denotes the total number of neurons, while NT represents the number
of trials conducted. The initialization of the population of food source before optimization
Pg [F Si (Sib 4 )] is obtained by squashing the updated local field, 4#; using HTAF can be described in
Eq (7.2):

FS;:SY sy s s st . s
FSy: ST sY s stishl ... syr
FSy: S sY s stIshl ... syr
7.2
FSu:SY sy s stishl ... syr 7.2)
bf obf obf obf b b
FSyp: S sy s s st ... syr.

After initialization of the population of the food source (FS;), the IABC applied the first two
objective functions as defined in Eqs (7.2) and (7.3) to evaluate finalized neuron states with emphasis
on both the diversification of negativity My, and the attainment of global minimal solutions M. In
particular, this study seeks to ensure solution diversity by enforcing a negativity degree of %, whereby
the refined final neuron states must contain at least »%, negative literals across the clause set. This
mechanism prevents repetitive neuron states and promotes greater variation in the induced logic. The
percentage of the negativity determines the IABC by having at least 7% of the clauses contain about
one negated state for each FS; with Eq (7.2) can declare the diversity solution as

My, =1 [27-1 ds (C;)], such that r = [0.5] (7.3)
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under the condition

My, (C7) = {1' (s7.57.5) # 1,
' 0, Otherwise.

Referring to Eq (7.3), v represents the number of clauses C;’, while r defines the diversity ratio in
terms of negativity of the final neuron sate, which is specified within the range of 0 to 1. According to
Eq (7.3), each solution string must contain at least one negative literal in a clause C;' to be considered
diversified. An alternative approach to the global minima ratio is to compute the satisfied interpretation
for each FS;. In this case, an FS; is considered to achieve a global minima solution if it attains the
maximum satisfied interpretation. The total number of global minima solutions can be determined
using Eqs (7.4) and (7.5), as presented below:

Mgys = Xi_1ds; (C)), (7.4)

under the condition

. 1, satisfied,
Mgsi(Ci) = {0 ! (7.5)

, otherwise.

The updated position of Bee; within the food source population is determined through iterative search
operations performed by employed bees, onlooker bees, and scout bees. In the employed bee phase,
candidate solutions FS; (new updated neuron state) are explored in the neighborhood of the
current food source, which corresponds to the existing final neuron state stored in memory.
Equation (7.6) updates the position of the FS;, and is formulated as below:

Vi = x5 A (¢ij(xij kaj)), (7.6)
such that

(7.7)

-1, rand(0,1) < 0.5,
bij = {

1, rand(0,1) = 0.5.

As per Eq (7.6), v;; represents the new food source FS;, and xj; denotes as random food
source FS;. Here, A represents the NAND logic gate operator as shown in Table 1. According to
Eq (7.7), the value of ¢;; is executed depending on the generated random value. If the fitness
value of the new food sources v;; proves to be better than the existing food source x;;, the
employed bees discard the memory of the existing food source x;; and replace the existing
position of the food source. Conversely, if x;; cannot be improved, the employed bee will attempt
up to five trials to enhance the new food source. During this phase, exploration is performed, where
employed bees search within the hive’s environment (solution space) to identify potential food
sources (solutions FS;).

The configuration of the possible input and output variables for each logic gate can be determined
based on the truth table in Table 1.
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Table 1. The truth table of NAND.

NAND (A)
A B Output
-1 -1 1
1 -1 1
-1 1 1
1 1 -1

Upon completing the search process, employed bees return to the hive and share information
about food source locations and nectar amounts through the dance area characterized by multiple
interactions. Onlooker bees evaluate this information and select food sources according to the
probability proportional to nectar quality. In this context, the selection process is performed using a
roulette wheel mechanism, where each segment corresponds to the FS; fitness values. The P;
probability of fitness is formulated in

fFSi

NN )

Referring to Eq (7.8), if the random value ranges from O to 1 is less than P;, the position of the
new food source will be updated using Eq (7.6). Otherwise, the position of the bee remains. Employed
bees with higher fitness frg, values are more likely to be selected by onlooker bees. Once an

P, = (7.8)

employed bee is chosen by an onlooker bee, indicating positive feedback a new food source (F'S;) is
generated using Eqs (7.6) and (7.8) until the maximum limit is reached.

If the food source (F'S;) generated by the onlooker bee fails to achieve the highest fitness value,
this indicates that it is not an optimal food source. So, the scout bee will initiate a new iteration until
the maximum limit is reached to achieve a new food source. If a suboptimal solution is obtained, the
algorithm initiates a new iteration to generate a fresh population of bees that allows exploration of new
food sources in the search space. Intelligent mutation is a powerful optimization strategy the
combination of the strengths of GA [50]. This approach begins by selecting promising individuals
from a GA-initialized population based on their fitness scores. This probabilistic model guides the
mutation process to ensure that introduced variations are more likely to enhance solution quality while
maintaining diversity. Mutated individuals are evaluated, and those meeting predefined fitness criteria
are implemented back into the population of the bees. This iterative process of selection, modeling,
mutation, and evaluation creates a robust search strategy, effectively balancing exploration and
exploitation to reach optimal solutions.

Another mechanism introduced in the IABC is the intelligent mutation concept. The intelligent
mutation mechanism introduces a random change in the x;; values (FS;), thereby enhancing their
diversity and contributing to overall improvement. Due to the random changes introduced by
intelligent mutation, it primarily focuses on exploiting localized search operations to find a solution.
To further improve the exploration capability of the search process, intelligent mutation operator is
incorporated into the ABC algorithm, which becomes IABC. The mutation operator randomly
modifies selected neuron states with a mutation probability p,,, which controls the likelithood of
perturbation in candidate solutions. This mechanism introduces controlled variability into the solution
population while preserving the general structure of the neuron states. After mutation is applied, the
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candidate solution is evaluated using the defined fitness function. The mutated solution is accepted
only if its fitness value is equal to or greater than that of the original solution otherwise, the original
solution is retained. This acceptance mechanism ensures that the mutation process does not degrade
the overall solution quality while helping the algorithm avoid premature convergence and maintain
diversity within the search space. In this context, this algorithm will intelligently mutate the solution
to meet the requirements specified in Eq (7.9). The intelligent mutation mechanism is exclusively
applicable to the third-order clause of MR1,3SAT as the first-order clause has been intentionally
separated from the optimization process. Therefore, the solution with the highest fitness value obtained
from the food source will be selected for the next stages. This optimal solution will serve as the initial
population for the next generation. Equation (7.9) represents a mutation:

ESi = pm (Vij), (7.9)

whereby p,, is the probability mutation rate of the unsatisfied clauses from GA. Equation (7.8) aligns
with the highest probability of the search space by guiding the fitness function of FS;.

Figure 5 presents the complete implementation of MR1,3SATRAu, encompassing both the pre-
processing and retrieval phases, where the dotted lines denote the starting point of each phase.

The corresponding pseudocode of the proposed MR1,3SATRAu is outlined in Algorithm 2.

Pre-Processing Learning Retrieval
Phase Phase Phase

iie ST EeRcEIS SIS = ! TESISETES S S S Sy ] |_-_-_—-___-_—-;
1 | I | |

| — ! 1, Createrandomlogical | 1+ [T 17| Computelocalfield | |

: l : : structure of MRI,3SAT : | ‘ :

| | ] ] | i

: ) \ : ‘ ; i | SquashbyusingHTAF | 1

i K-mean clustering 8| (& Compare MRI,3SAT with | 1 l :

: l : : the learning data : : . !

i N B ‘ : : Final neuron state :

: Jaccard analysis (JHS) : | X : i l !

: vl Identify MRI,3SAT best | 1 :

1 l [ | logical rules with the I : IABC algorithm |

: Random selection : : highest performance : : l :

; bipolar value vl TELTICS : I o :

: l W T : 1 | Optimize final neuron state |

1 1 I ! I

! St : 1| Find satisfied interpretation | 1 : l !

: SRR ofl 4 by EA V| 1| Obtaininducelogic | |

i learning and testing v (|5 ‘ i : T i

! o B 1 |
_________________ 1

: I Find synaptic weight | : 1| Compare the induce logic :

1 I : with testing data 1

| ‘ | i | |

| 3 I I

! Store in CAM ! : Choose optimal induced | !

e . | | logicwithhighACC,SPC, |

f : SNS, MCC and FMI I

_______________ )

Figure 5. The flowchart of the proposed MR1,3SATRAp.
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Algorithm 2. The pseudocode of MR1,3SATRAu

1 Input: Set all attributes of Ay, A4,,As,..., A, with respect to Pypqin, P and NT.

2 Begin
3 Initialize algorithm parameters;
4 Pre-processing Phase
5  Find the p-value for each attribute;
6 for (n(S;) = NN) do
7 if JHS > averagemin())
8 Assign A; as S;;
9 else
10 Not selected as S;;
11 end if
12 end for
13 while (i < P) do
14 Learning Phase
15 b

Generate PM;?LB P
16 for (i <p) do
17 ;

Compare the outcome from the P4, and the generated Pﬂl,;;njg SAT>
18 .
Select PEst sgar using Eq (5.1);

19 end for
20

Check the clause satisfaction for PbMeEiB SAT>
21

Compute the synaptic weight associated with P,lf,,e,ﬁ‘g sar using WA method
22

Store the synaptic weight and Ps% 5547 in CAM;
23 Retrieval Phase

24 Initialize the final neuron state;
25 for (t < NT)do
26 Compute L; using Eq (4.5);
27
Convert Sif to bipolar state using Eq (4.6);
28
Transform Sif into logical form using Eq (6.4) with respect to the attributes;
29 .
Combine Sif to generate induced logic PYKI4EE;
30 .
Compare the outcome of the Pyri4&h with Preg;
31 t—t+1;
32 end for

33 i<i+1;
34 end while

35 .
Output: The best induced logic Py4ES with the highest Acc, Spec, Sen, FMI and MCC
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8. Experimental setup

The simulation was performed to assess the capability of MR1,3SATRAp in generalizing the
most effective induced logic that characterizes the behavior of the dataset. Following cross validation
to identify the most significant attributes, MR1,3SATRApn was implemented in the logic mining
process using C++ programming, developed and compiled in DEV C++ Version 5.11. All
experimental procedures, including the implementation of the algorithm, logic formulation, and
performance evaluation, were executed through custom developed C++ codes. The simulations were
conducted on a Windows 10 system configured with an AMD Ryzen 5 3500U processor, Radeon Vega
Mobile Graphics, and 8GB of RAM.

8.1. Datasets

The Alzheimer’s disease neuroimaging initiative (ADNI) dataset was acquired from the official
website of the ADNI (https://adni.loni.usc.edu/) after user registration to ensure authorized and
unbiased data access. The dataset was downloaded on December 24, 2023, and comprised 28 attributes,
including 27 independent attributes and 1 dependent attribute. It captured symptoms associated with
adverse events experienced by individuals with Alzheimer's disease, with the dependent attribute
representing the diagnosis determined based on the 27 symptomatic attributes.

Table 2 provides detailed information about the ADNI dataset used for the experiments. The
dataset attributes are represented in a discrete bipolar form (1 and -1) to ensure compatibility with the
DHNN structure. To achieve this representation, continuous attribute values were first normalized and
then discretized using the k-means clustering technique, as described in Choi et al. [52]. This
transformation enables the datasets to be encoded into binary into neuron states suitable for logical
rule representation in the MR1,3SAT model. For missing data, values were substituted with a random
bipolar value (1 or -1) when the proportion of missing entries was relatively small. According to
Choi et al. [52], if more than 10% of the dataset is contains missing value, more sophisticated imputation
techniques should be employed to avoid introducing bias into the learning process. Table 3 provides an
overview of the characteristics of the datasets used in the experimental analysis.

Table 2. Datasets used for experimental analysis.

Condition Information

ADNI Website Website (https://adni.loni.usc.edu/)
Date 24 December 2023

Number of features 28

Number of instances 4884

Number of independent variables 27

Number of dependent variables 1

Outcome based on the symptoms

Depression mood
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Table 3. The characterization of all the datasets employed in the experiment.

Attribute label

Name of attribute

Bipolar value

1
Yes (Nausea)

MD 1 AXN (Nausea) 1
No (Nausea)
1
MD 2 AXVOMIT (Vomiting) ?{les (Vomiting)
No (Vomiting)
1
MD 3 AXDIARRH (Diarrhoea) ies (Diarrhoea)
No (Diarrhoea)
1
MD4 AXCONSTP' (Constipation) ies (Constipation)
No (Constipation)
1
. . Yes (Abdominal discomfort)
MD5 AXABDOMN (Abdominal discomfort) i
No (Abdominal discomfort)
1
. Yes (Sweating)
MD6 AXSWEATN (Sweating) 1
No (Sweating)
1
L. Yes (Dizziness)
MD7 AXDIZZY (Dizziness) 1
No (Dizziness)
1
Yes (Low energy)
MDS§ AXENERGY (Low energy) 1
No (Low energy)
1
. Yes (Drowsiness)
MD9 AXDROWSY (Drowsiness) |
No (Drowsiness)
1
. Yes (Blurred vision)
MD10 AXVISION (Blurred vision) )
No (Blurred vision)
1
Yes (Headache)
MDI11 AXHDACHE (Headache)

-1
No (Headache)
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Attribute label

Name of attribute

Bipolar value

1
Yes (Dry mouth)

MD12 AXDRYMTH (Dry mouth) :
No (Dry mouth)
1
Yes (Shortness of breath)
MD13 AXBREATH (Shortness of breath) |
No (Shortness of breath)
1
) Yes (Coughing)
MD14 AXCOUGH (Coughing) |
No (Coughing)
1
o Yes (Palpitations)
MD15 AXPALPIT (Palpitations) )
No (Palpitations)
1
. Yes (Chest pain)
MD16 AXCHEST (Chest pain) i
No (Chest pain)
1
AXURNDIS (Urinary discomfort (e.g., Yes (Urinary discomfort)
MD17 .
burning) -1
No (Urinary discomfort)
1
MD18 AXURNFRQ (Urinary frequency) Ies (Urinary frequency)
No (Urinary frequency)
1
MDI19 AXANKLE (Ankle swelling) zes (Ankle swelling)
No (Ankle swelling)
1
MD20 AXMUSCLE (Musculoskeletal pain) Ies (Musculoskeletal pain)
No (Musculoskeletal pain)
1
MD21 AXRASH (Rash) ies (Rash)
No (Rash)
1
MD22 AXINSOMN (Insomnia) ies (Insomnia)
No (Insomnia)
1
MD23 AXCRYING (Crying) ?(les (Crying)
No (Crying)
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Attribute label Name of attribute Bipolar value
1

MD24 AXELMOOD (Elevated mood) ¥es (Flevated mood)
No (Elevated mood)
1

MD25 AXWANDER (Wandering) ?(les (Wandering)
No (Wandering)
1

MD26 AXFALL (Fall) Ies (Fall)
No (Fall)
1

MD27 AXOTHER (Other/Diagnosis) 3"5 (Other/Diagnosis)
No (Other/Diagnosis)
1

MRp AXDPMOOD (Depressed mood) Yes (Depressed mood)

-1
No (Depressed mood)

For evaluation, the dataset was divided using the train-test split method following the approach
proposed by Vu et al. [53], where 60% of the data was allocated for training, and the remaining 40%
was reserved for testing. To further improve the robustness and reliability of the results, a 5-fold cross
validation procedure was implemented, following the methodology adopted Sejuti and Islam [54].
During each fold, the model was trained using the training subset and evaluated on the corresponding
validation subset. A fixed random seed was applied during the data partitioning process to ensure
experimental reproducibility. In the proposed MR1,3SATRAx model, Jaccard similarity analysis was
employed to identify the most informative attribute for constructing logical clauses. Based on this
analysis, the ten most significant attributes were selected for the logic rule structure. The number of
neurons in the neural network model corresponded directly to the number of selected attributes,
resulting in a minimal network consisting of six neurons. This configuration facilitates logic mining
by integrating first- and third-order logic, thereby enhancing the model’s ability to capture complex
relationships among dataset attributes while maintaining interpretable logical representations. Table 4
presents the ten attributes selected using the Jaccard similarity analysis.

Table 4. Attribute selection based on Jaccard similarity analysis.

Attribute label Description of attribute Bipolar value
1
Yes (Nausea)
-1
No (Nausea)
1
Yes (Vomiting)
-1
No (Vomiting)

A AXN (Nausea)

B AXVOMIT (Vomiting)

Continued on next page
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Attribute label

Description of attribute

Bipolar value

1
Yes (Sweating)

C AXSWEATN(Sweating) :
No (Sweating)
1
o Yes (Blurred vision)
D AXVISION (Blurred vision) :
No (Blurred vision)
1
. ) Yes (Other/Diagnosis)
E AXOTHER (Other/Diagnosis) :
No (Other/Diagnosis)
1
L Yes (Palpitations)
F AXPALPIT (Palpitations) :
No (Palpitations)
1
) Yes (Chest pain)
G AXCHEST (Chest pain) :
No (Chest pain)
1
) ] ) Yes (Urinary discomfort)
H AXURNDIS (Urinary discomfort (e.g., burning) :
No (Urinary discomfort)
1
Yes (Cryin
I AXCRYING (Crying) 1 (Crying)
No (Crying)
1
Yes (Elevated mood)
J AXELMOOD (Elevated mood) )
No (Elevated mood)
1
. Yes (Wandering)
K AXWANDER (Wandering) :
No (Wandering)
MRp AXDPMOOD (Depressed mood) !

Yes (Depressed mood)

8.2. Performance metrics

The performance of all logic mining models was assessed using multiple evaluation metrics
derived from the confusion matrix, including accuracy (4Acc) [55], precision (Prec) [56], specificity
(Spec) [57], Matthews correlation coefficient (MCC) [57], and Fowlkes Mallows index (FMI) [56].
The mathematical formulations of these metrics are provided in Eqgs (8.1)—(8.5):

AIMS Mathematics

Volume 11, Issue 6, 18081-18121.



18108

TP+TN

Acc = TP+TN+FP+FN’ 8.1)
Sen = ——, (8.2)
TP+FP
Spec = m, (83)
MCC = TP-TN—FP-FN (8.4)

(TP+FP)(TP+FN)(TN+FP)(TN+FN)’

f TP TP
FMI = TP+FP TP+FN’ (8.5)

Acc and Sensitivity (Sen) are commonly employed to evaluate the effectiveness of logic mining
classification models. Acc quantifies the proportion of correctly classified outcomes, combining TP
and TN relative to the total number of predictions. A high Acc value suggests that the induced logic
aligns well with the actual dataset outcomes. On the other hand, Sen effects the model capability to
correctly detect positive cases, obtained by dividing TP by the sum of TP and FN. A high Sen value
reflects the model’s effectiveness in retrieving logic rules that represent positive cases while
minimizing the omission of relevant instances.

Spec evaluates the model’s ability to correctly identify negative cases. It is defined as the proportion
of TN to the sum of TN and FP. A higher Spec indicates that the model consistently recognizes the
negative (—1) class, which is particularly important when dealing with imbalanced datasets. To get a
single measure of overall performance, we use MCC. MCC takes into account TP, TN, FP and FN all at
once, making it a solid gauge of model quality even when classes are not equally represented. As Chicco
and Jurman [55] note, an MCC close to 1 signals perfect classification, around 0 means the model is no
better than random guessing, and near —1 indicates systematic misclassification. Finally, we include
the FMI to assess how closely our predicted labels match the true labels. Luque et al. [56] mentioned
that higher FMI values correspond to stronger agreement between prediction and reality.

8.3. Logic mining baseline models

To evaluate the effectiveness of the proposed MR1,3SATRAp, comparisons are made against
several established logic mining approaches. These baseline models employ different strategies for
integrating SAT formulations with DHNN. A concise overview of each method is provided below:

(a) RA [26]: One of the earliest logic mining methods based on HornSAT. This method does not
involve a pre-processing stage; instead, it directly generalizes the induced logical rules. In this
study, RA is employed as a systematic second-order logic approach during pre-processing, with
only HornSAT compliant Qf,,,..q single induced rules retained int the retrieval. In addition,
RA adopts an objective function similar to that used in 2SATRA.

(b) 2SATRA [27]: This pioneering logic mining model employs clauses consisting of 2 literals,

denoted as Q,g4r. During the pre-processing phase, Q2¢5L. is formulated by selecting the

most frequent literals from Ci(z) that satisty Quqin = 1. However, the formulation of Q547

is based on randomized attribute selection. In the retrieval phase, the final induced logic,
represented as Qjsar, is generalized to characterize the dataset.
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(c) 3SATRA [29] is the higher order logic mining approach that capitalize this method applies
clauses consisting of three literals or Q35,7. In the pre-processing phase, Q3¢5 is formulated
by considering the most frequency of Ci(3) that obtained Q.qin, = 1. However, the
formulation of Q3547 is based on randomized attribute selection. Nevertheless, 3SATRA is

capable of generating Q. logical rules that capture the underlying dataset representation.

(d) E2SATRA [30] is the energy-based logic mining that consider Qic,y with global minima
energy. E2SATRA capitalizes on H&ZZT to ensure the generated Qisar is a global solution.
In the retrieval phase of the E2SATRA, the energy for all the final neuron state will be checked
before being selected as Qigup. This process can ensure that the Qigup retrieved by

E2SATRA always achieves the global minimum energy.

(e) P2SATRA [31] is the improved conventional 2SATRA with permutation operator that
considers possible attribute arrangement in Ci(z). P2SATRA uses Q,s4r as a logical rule to
represent the relationship of the dataset. In this context, P2SATRA capitalizes on expanding
the search space in finding Qis,p by rearranging the selected attributes to increase the
possibility of obtaining the best induced logic.

(f) S2SATRA [32] extended P2SATRA by incorporating a supervised attribute selection approach
based on Pearson chi-square correlation analysis. This method helped identify attributes with
strong associations to the target class, leading to enhanced performance that surpassed that of
previous logic mining models.

(g) A2SATRA [33]: This supervised approach enhances attribute selection using a log-linear
model and integrates permutation operators to widen the search Qisar. A2SATRA emphasizes
careful selection and flexible arrangement of feature C i(z) , which improves classification
accuracy. Unlike some other methods, the final neuron states here are not scaled according to
fixed conditions.

To ensure fairness and avoid potential bias, all baseline models were implemented under the same
DHNN process as MR1,3SATRA . Table 5 summarizes the key parameters applied across all models.

Table 5. Key parameters applied in logic mining model.

Parameter MRI13SATRAu S2SATRA  A2SATRA  E2SATRA P2SATRA RA 2SATRA 3SATRA
Number of neuron (NN) 9 6 6 6 6 6 6 9

NC 3 3 3 3 3 3 3 3
Neuron combination 100 100 100 100 100 100 100 100
Feature selection Jaccard analysis Correlation  Log linear Random Random Random  Random Random
Energy Tol - - 0.001 - -
Learning iteration 100 100 100 100 100 100 100 100
Learning method EA ES ES ES ES ES ES ES
Selection rate 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
Number of trials (NT) 100 100 100 100 100 100 100 100
CPU time 24 hours 24 hours 24 hours 24 hours 24 hours 24 hours 24 hours 24 hours
Logical permutation (P) 100 100 100 100 - -
Activation function HTAF HTAF HTAF HTAF HTAF HTAF HTAF HTAF
Significance value (p) 0.05 0.05 0.05 - -
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9. Results and discussion

This section evaluates the performance of MR1,3SATRAu in comparison with established logic
mining approaches, namely 2SATRA, 3SATRA, A2SATRA, S2SATRA, E2SATRA, RA, and
P2SATRA. The evaluation relies on multiple metric evaluation metrics, including ACC, Sen, Spec,
MCC, and the FMI to ensure a well-rounded assessment. Collectively, these measures allow for a
detailed analysis of how effectively each model performs across different datasets.

9.1. Effectiveness MR1,3SAT with the IABC in the retrieval phase

Figure 6 shows the results of the performance of a retrieval phase with and without IABC across
four metrics: root mean square error (RMSE), mean analysis error (MAE), local minima ratio, and global
minima ratio. The X-axis represents the number of neurons, while the Y-axis indicated the accuracy (%).
The RMSE and MAE values remain consistently low when IABC is applied while they increase
significantly without IABC indicating poor retrieval accuracy. The local minima ratio increases rapidly
without IABC, suggesting the model gets trapped in suboptimal solutions. Meanwhile, the bottom right
graph demonstrates that the global minima ratio reaches and maintains 100% with IABC, unlike the
version without IABC, which fails to reach global optima. These results clearly highlight the
effectiveness of IABC in enhancing retrieval accuracy and optimization stability. This enhanced
retrieval performance ultimately supports the model in generating more reliable and diverse solutions,
which is crucial for achieving better classification outcomes in the subsequent decision-making or

pattern recognition tasks.
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Figure 6. The performance of IABC in the retrieval phase.
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9.2. Accuracy (Acc)

According to Figure 7, the MR1,3SATRA N model achieves an accuracy of approximately 90%,
demonstrating strong predictive capability in identifying depression-related AE symptoms in AD
patients. This high accuracy arises from the balanced consideration of both TP and TN, allowing the
induced logic to reflect meaningful symptom patterns instead of overfitting toward one class.

The higher accuracy induced logic obtained by the model is as per Eq (9.1).

Pércléiuced_(IVcVﬂG)/\(FVHVﬂD)/\(BVEV])/\A 9.1)

Acc

FEF TS

& F o P \2)%‘?'

Rratio
Leooooooo
(== S IFSNENE e B (oL L

Logic mining models

Figure 7. Acc outcomes across the evaluated logic mining models.

Through the proposed model and method, this study predicts depression moods related to adverse
events caused by medical treatments, medications, vaccines, medical devices, or procedures, resulting
n pjrduced — 1 Based on the study by Rizzo et al. [36], the best induced logic is the most
representatlve logical rule extracted from the dataset, ensuring both accuracy and transparency. The
selection is based on induced logic that maximizes true positive and true negative classifications in the
training set while also attaining the highest accuracy on the testing set. This makes it the most reliable
logical representation of the dataset’s behavior, balancing both performance and interpretability. The
higher accuracy of the induced logic indicates that symptoms such as crying reflect emotional
distress, pain, or psychological strain experienced during adverse events.
Equation (9.1) explains the depression mood of AD during the adverse event. It is replicated as
“crying, sweatlng, and without chest pain”, “palpitations, urinary discomfort (e.g., burning), and not
blurred vision”, or “vomiting, other/diagnosis, and elevated mood”. This rule highlights clinically
relevant symptom clusters. For example, crying and sweating without chest pain, or palpitations with
urinary discomfort and absence of blurred vision, strongly correlate with depressive states. These
logical rules enhance interpretability and offer practical guidance for healthcare professionals in the
early identification of depression. Crying behavior is frequently reported as a behavioral
manifestation of depression in Alzheimer’s disease, reflecting emotional dysregulation and
psychological distress associated with cognitive decline [58]. Additionally, depressive and anxiety-
related states are often accompanied by autonomic nervous system activation, which can manifest
as physiological symptoms such as excessive sweating. Neurodegenerative changes affecting
emotional and autonomic regulatory circuits may contribute to such combined behavioral and
physiological symptoms. The absence of chest pain in the extracted rule further suggests that the
pattern is more consistent with emotional and autonomic manifestations of depression rather than
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acute somatic conditions such as cardiovascular or panic-related disorders [59]. Therefore, the
extracted logical clause provides an interpretable representation of symptom interactions associated
with depressive mood states in the AD dataset.

9.3. Sensitivity (Sen)

Sen represents the proportion of actual positive cases that are correctly identified by the model.
In this study, the proposed method demonstrated a Sen of nearly 98%, which is comparable to the 99%
reported by 2SATRA. This indicates that MR1,3SATRA rarely misses depression cases among AD
patients, making it particularly reliable for early screening and clinical decision support. The highest
Sen performance ensures that depressive symptoms are detected immediately by minimizing false
negatives and supporting timely intervention.

In Figure 8, Sen, also known as the true positive rate, represents the proportion of actual positive
cases accurately identified by a diagnostic test or predictive model. In the context of AD dataset
analysis during adverse events, achieving nearly 1 sensitivity suggests that the proposed method
demonstrates an outstanding capability to detect adverse events accurately, thereby minimizing the
risk of false negatives and ensuring prompt recognition of potential complications or exacerbations in
AD patients.

pinduced — (DyHV-C)A(JVBV-I)A(EVFVG)AA. 9.2)
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Figure 8. Sen outcomes across the evaluated logic mining models.

This high sensitivity indicates a strong potential for early intervention and proactive
management strategies, which are crucial in optimizing patient care and improving clinical outcomes
in individuals with AD. By accurately identifying adverse events, healthcare practitioners can
implement timely interventions such as medication adjustments or additional support services to
reduce the impact of these events on cognitive function, functional status, and overall well-being in
AD patients. The proposed model has a sensitivity of almost 98%. Table 6 represent performance
comparison of the proposed and baseline models on the ADNI case study. The results shows that the
proposed MR1,3SATRAp model achieves the highest Sen value among the compared models. This
result indicates that the proposed model is more effective in identifying positive instances within the
dataset, demonstrating its capability in capturing relevant depression happen to the AD patients
during the learning process.
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Table 6. The performance of the ADNI case study for the proposed model and baseline models.

Metrics 2SATRA P2SATRA  E2SATRA RA 3SATRA S2SATRA A2SATRA MR1,3SATRAp

Ace 0.8631 0.8626 07132 0.8581 0.8608 0.8581 0.8621 0.9023
Sen 0.9955  0.9947 0.7895 09857  0.8650 0.8618 0.8653 0.9913
Spec 0.0244  0.0394 02370 00622  0.4663 0.4073 0.5164 0.9888
MCC 00574  0.1022 0.0583  0.1164  0.0933 0.1056 0.1041 0.3852
FMI 0.9285 0.9280 07587  0.9248 0.9270 0.9253 0.9278 0.9346
+/=/- 1/0/4 0/0/5 0/0/0 0/0/5 0/0/5 0/0/5 0/0/5 4/0/1

A;‘:j‘fe 4.8 5.0 1.8 3.9 4.0 3.7 52 7.6

p-value 3.16x10°°

Decision Reject H,,

9.4. Specificity (Spec)

Comparing this specificity value to the sensitivity of 90% for the proposed model suggests that
the model is well-balanced correctly identify both positive (depression mood present) and negative
(depression mood absent) cases. Given that the specificity for the proposed model is also 99%
compared to the other model, it suggests that both models have high specificity values. Therefore, they
are both effective in correctly identifying cases, where depression mood is absent shown in Eq (9.3).
When comparing existing models, it is important to consider both sensitivity and specificity as well as
other performance metrics to make informed decisions about their suitability for the task at hand. In
this case, the high specificity of both models indicates their effectiveness in correctly classifying
negative cases of depression mood. Figure 9 presents the Spec values of all logic mining models
evaluated on the ADNI datasets. As highlighted by Singh and Singh [59], Spec measures the ability of
a model to accurately classify negative cases. This metric is particularly important in the current study,
as many of the datasets are dominated by the —1 class, with the 1 class representing the minority. High
TN values therefore demonstrate the effectiveness of the models in addressing such class distributions
even when the imbalance toward the —1 class is not consistent across all datasets.

pipduced = (Fv —JV=aB)A(DV-HVC)A(=AV =EV-l)AG. (93)
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Figure 9. Spec outcomes across the evaluated logic mining models.
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9.5. Mathews correlation coefficient

The MCC, which incorporates true positives, true negatives, false positives, and false negatives,
provides a balanced evaluation of classification performance in imbalanced datasets, where higher
values reflect greater reliability and accuracy as demonstrated when predicting depressive mood
through the symptom of AE. This indicates that the presence of this adverse event symptom is more
strongly associated with depression mood in the dataset, and the model benefits including it in its real
classification task. In practical terms, a higher MCC means that the model accurately aligns better with
the actual outcomes leading to fewer misclassifications overall. The results are a positive indication
of the model effectiveness in identifying cases of depression mood, particularly when considering
the specific symptoms of the adverse event. Overall, a higher MCC in predicting depression mood
using adverse event symptoms highlights their critical role in enhancing classification accuracy and
suggests important clinical implications for identifying individuals at risk or requiring intervention.
Equation (9.4) explains how the proposed model obtains the higher value of MCC induced logic.

pinduced — (LD v BV C)A(GV]V-E)AFValvH)AA ©.4)

In contrast, an overall examination of the baseline methods based on average values reveals that
the MCC score for 2SATRA tends to be close to zero. This outcome is largely due to 2SATRA’s use
of a rigid, systematic logic structure that enforces a uniform variable pattern within each clause. Such
structural uniformity limits the model’s flexibility in capturing broader patterns within the dataset. As
a result, 2SATRA struggles to generate diverse logic rules that effectively represent both positive and
negative outcomes. This creates an imbalance between TP and TN classifications, which in turn results
in lower MCC values across the majority of datasets.

Figure 10 illustrates the MCC performance across the evaluated logic mining models.
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Figure 10. MCC outcomes across the evaluated logic mining models.
9.6. Fowlkes Mallows index

Figure 11 presents the FMI results of all logic mining models on the ADNI datasets. As
emphasized by Shankar et al. [16], the FMI quantifies the correlation between predicted and actual
classes thereby indicating the extent to which the induced logic reflects the true outcomes. Higher FMI
values (approaching 1) demonstrate strong retrieval of both 7P and TN, whereas lower values, nearing 0,
indicate misclassifications. The FMI is often applied to assess logic mining models by comparing the
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induced logic with the ground truth outcomes, thereby reflecting how well the model captures the
underlying class structure. However, FMI is not typically used for predicting depression mood or
evaluating the relationship between depression mood and AE in datasets like ADNI. Equation (9.5)
represents the highest FMI induced logic of MR1,3SATRAu:

pipduced = (ADV AV -G)A(FVCV])ANIVEV-H)AB. 9.5)
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Figure 11. FMI outcomes across the evaluated logic mining models.

FMI values reflect the correlation between predicted and actual classes, capturing the degree of
similarity between inferred logical outcomes and true outcomes. High FMI values approaching 1
indicate that the logic mining model effectively retrieves both 7P and TN, whereas values close to 0
signify misclassification. The highest FMI result of 93.46% indicates a strong alignment between
predicted and actual classifications of depressive mood in Alzheimer’s patients. This high FMI score
reflects the MR1,3SATRApP model ability to correctly identify relevant patterns from the symptom
attributes. The key symptoms such as crying, nausea, vomiting, and excessive sweating showed a
strong association with depression mood. Although the dataset contains a higher proportion of negative
(—1) instances, the proposed MR1,3SAT-based DHNN model mitigates the risk of third-order
majority-class prediction through its clause-based logical representation. Instead of relying on class
frequency alone, the model constructs logical clauses that capture relationships among attributes. In
particular, the inclusion of higher-order clauses enables the modeling of complex symptom interactions
associated with positive cases. The DHNN energy minimization process further ensures that neuron
states converge toward configurations that satisfy these logical constraints. As a result, the model is
able to identify meaningful patterns even under imbalanced class distributions. Furthermore,
performance metrics such as the MCC and FMI, which are less sensitive to class imbalance, confirm
that the proposed model maintains balanced predictive performance.

In Table 6, the performance of the ADNI dataset for the proposed model and other baseline model.
Additionally, a win/equal/loss count (denoted as +/=/-) average rank and a statistical significance test
(p-value and decision) are included to assess comparative performance. The symbols “+” , “=" |
and “—” in Table 6 represent the comparative performance of the proposed model relative to the
benchmark models across different evaluation metrics. Specifically, “+” indicates that the proposed
model achieves better performance than the compared method, “=" indicates equivalent performance,
and “—” indicates inferior performance. This notation provides a concise summary of the overall
comparative performance across multiple experimental configurations. The “+/=/—" comparison
(4/0/1) suggests that MR1,3SATRAp outperformed four models, equal with none model and loses
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with one model (S2SATRA) demonstrating strong competitiveness. Furthermore, it achieved the best
average rank (7.6) across all baseline models. The obtained p-value (3.16x107°) indicates strong
statistical significance, thereby supporting the rejection of the null hypothesis.

10. Limitations and future research directions

Despite the promising performance of the proposed MR1,3SAT-based logic mining model,
several limitations should be acknowledged. First, the incorporation of higher-order logical clauses
within the DHNN increases the computational complexity of the energy evaluation process. As the
number of neurons and logical clauses grows, the computational cost associated with evaluating
higher-order interactions may increase. Second, scalability may become challenging when the model
is applied to datasets with extremely large feature spaces. Although the Jaccard similarity analysis
helps reduce redundant attributes, additional dimensionality reduction techniques may be required for
very high-dimensional datasets. Third, while logic mining improves interpretability by generating
symbolic logical rules, interpretability may still become complex when a large number of clauses are
induced. Future research could explore rule simplification strategies to further improve the clarity of
extracted knowledge. Finally, although the model incorporates optimization mechanisms to improve
generalization performance, the possibility of overfitting cannot be completely eliminated when
complex logical structures are learned from limited training data. Future work may investigate
regularization strategies or cross-dataset validation to further enhance robustness.

11. Conclusions

The proposed MRI1,3SATRAp method demonstrated superior performance over existing
approaches, particularly in managing the complexity and high dimensionality of the ADNI dataset
especially when dealing with AE data comprising diverse symptoms and complications. This
advancement is notable given the challenges in designing studies to evaluate disease-modifying
treatments for AD especially in elderly populations with multiple medical comorbidities. Accurately
estimating AE rates requires attention to classification nuances, such as distinguishing between types
of rashes or varying degrees of depression. In analyzing AE rates, where symptoms like dyspnea,
headache, nausea, and anxiety consistently occurred below a 93% threshold, reliable benchmarks for
AD related depression symptoms were established. This study makes three significant contributions to
understanding depressive mood through AE symptom analysis. First, it introduces a refined logic
mining approach utilizing data preprocessing and Jaccard analysis to identify predictive attributes
linked to AD development, applying MR1,3SAT and DHNN to uncover and interpret the logic
relationships. Second, it links the induced logic to AE symptoms particularly for depression diagnosis
by analyzing connections between selected attributes and their symptomatic expressions, further
enhanced through intelligent mutation analysis. Third, the study proposes practical methods for early
diagnosis, including the identification of potential biomarkers and the integration of genetic
information to refine classification models. These contributions offer actionable insights for various
stakeholders, such as for AD patients, and the study highlights the importance of early intervention to
improve quality of life and ease family burdens. For clinicians it provides diagnostic tools to support
personalized care and early detection whereby for neurologists, and for psychiatrists and researchers
it delivers advanced methodologies for identifying predictors of AD, enriching both clinical practice
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and scientific inquiry. Ultimately, this study presents a novel and comprehensive approach to
improving AD diagnosis and treatment, underscoring its value across medical and research domains.
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