BIOSCIENCES BIOTECHNOLOGY RESEARCH ASIA, September 2026. Vol. 23(3), p. 1190-1223

An Interpretable Fuzzy Logic and Artificial Neural Network
Decision Support System for Evaluating Short-Chain Fatty
Acid-Associated Neuroprotection and Behavioral Decline in
Alzheimer’s Disease

Fatima Jovana Cid-Galiot’, Jonathan Josué Cid-Galiot’,
Alberto Alfonso Aguilar-Lasserre'*, Daniel Cuervo-Zanatta?
and Cecilia Elizabeth Garcia-Puga’

!Graduate Studies and Research Division, Instituto Tecnoldgico de Orizaba,
Tecnolégico Nacional de México, Orizaba, Veracruz, México.
*Center for Studies and Applied Technology in Health Sciences (CETACS),
Cérdoba-Orizaba Campus, Andhuac Veracruz University, Veracruz, Mexico.

http://dx.doi.org/10.13005/bbra/3566

(Received: 24 July 2026; accepted: 22 September 2026)

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized
by cognitive decline, neuroinflammation, and complex alterations involving genetic, metabolic,
and environmental factors. In recent years, short-chain fatty acids (SCFAs), derived from
gut microbiota fermentation, have attracted particular interest for their potential role in
neuroprotective mechanisms and in modulating cognitive decline. In this study, an interpretable
computational system, based on Fuzzy Logic (FL) and Artificial Neural Networks (ANN), was
developed to analyze patterns of neuroprotection and behavioral loss in a murine model of AD
under different dietary and microbial conditions. The Intelligent Decision Support System (IDSS)
was built on previously reported experimental evidence from wild-type and transgenic mice
fed a control diet, fiber supplementation, or fiber combined with antibiotics. A Mamdani-type
fuzzy system was designed to estimate the level of neuroprotection based on acetate, propionate,
butyrate, genotype, and diet-related variables, while an artificial neural network was trained
to predict behavioral decline based on standard cognitive tests, including the T-Maze, novel
object recognition, elevated cross maze, and water maze. The system’s purpose was not to
replace biological evidence, but rather to organize, simulate, and validate whether the same
experimentally observed trend could be reproduced computationally. The results showed that
fiber-associated conditions were associated with more favorable neuroprotective profiles,
whereas antibiotic-associated conditions were associated with a loss of this benefit. Overall, the
proposed system constitutes an interpretable, biologically meaningful tool to support preclinical
research on AD and to validate neuroprotective patterns associated with the gut microbiota.
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Alzheimer’s disease (AD) represents one  This neurodegenerative disorder is characterized
of the greatest global public health challenges, with by progressive cognitive decline, behavioral
a growing prevalence driven by population aging.  alterations, and neuronal loss, arising from
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multifactorial mechanisms including a-amyloid
accumulation, oxidative stress, neuroinflammation,
and dysregulation of the gut-brain axis.

Recent advances have highlighted the
pivotal role of the gut microbiota in modulating
the central nervous system (CNS) through the
production of short-chain fatty acids (SCFAs))
primarily butyrate, acetate, and propionate (derived
from the fermentation of soluble fiber. These
metabolites have demonstrated neuroprotective
effects in murine models of AD by reducing
proinflammatory cytokines such as interleukin-6
(IL-6) and interleukin-1 beta (IL-1a), enhancing
synaptic function, and preserving the integrity of
the blood-brain barrier.!* However, the actions of
SCFAs are not uniform: while butyrate consistently
exhibits anti-inflammatory properties, propionate
may induce neurotoxicity at high concentrations,
particularly in transgenic models.*® Studies by
researchers,'”® show that intestinal dysbiosis
and NLRP3 inflammasome activation worsen
neuroinflammation and accelerate cognitive
decline. More recently researchers,* integrated
genetic and behavioral variables using adaptive
inference systems and fuzzy neural networks.
However, most of these approaches remain largely
descriptive or statistically linear. This limits their
ability to model complex nonlinear biological
interactions.

Within this context, fuzzy logic (FL)
has emerged as an effective computational
paradigm for representing complex biological
systems, enabling the qualitative simulation of
interactions among diet, genotype, and microbial
metabolites, even under conditions of uncertainty
or ambiguity.'*"? Its integration with deep learning
techniques has given rise to the fuzzy deep learning
approach, which enhances model accuracy and
interpretability for diagnosing neurodegenerative
disorders.*!3 Moreover, artificial neural networks
(ANNs) have demonstrated high performance in
classifying and predicting cognitive decline from
behavioral and neurobiological data. Research,'*'¢
achieved early and accurate predictions by
analyzing multimodal neuroimaging, longitudinal
datasets, and clinical variables. Complementarily,
ANNs detect motion patterns in murine models
with nearly 90% accuracy, providing functional
assessments of therapeutic interventions."'7?

In this framework, the present study
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proposes the development of a hybrid artificial
intelligence system combining fuzzy logic and
artificial neural networks to evaluate and predict
cognitive deterioration in murine models of AD.
This dual methodology aims to integrate multiple
sources of experimental data to simulate expected
neuroprotective responses while accurately
forecasting behavioral outcomes under different
experimental conditions. This approach not only
advances beyond prior descriptive models but
also holds the potential to serve as an intelligent
decision-support tool for biomedical research
focused on neurodegenerative diseases.

A citation network was constructed from
the studies included in this review to characterize
the intellectual architecture of the field (Fig. 1). The
network demonstrates a densely interconnected
foundational core (2016-2019), comprising key
mechanistic studies that established the association
between gut microbiota dysbiosis, systemic
inflammation, and cognitive decline in AD. The
subsequent consolidation phase (2019-2021) is
marked by thematic expansion toward biomarker
integration and clinical contextualization, while
maintaining strong citation continuity with the
foundational nucleus. More recent contributions
(2022-2025) form a partially distinct yet
conceptually anchored cluster, indicating a
translational shift toward experimental validation
and metabolite-based clinical correlations.
Importantly, emerging studies connect preclinical
mechanistic insights with human biomarker
evidence, further reinforcing the microbiota—
brain axis as a central framework in AD research.
Overall, the network topology demonstrates a
coherent progression, with the field advancing from
mechanistic discovery to translational maturation.
This progression highlights structural consolidation
and a shift toward clinically actionable insights.
These patterns establish the microbiota—brain
axis as a central organizing paradigm that shapes
research trajectories in AD.

Recent advances have shown that the gut
microbiota modulates the central nervous system
through the production of SCFAs, primarily
butyrate, acetate, and propionate, derived from the
fermentation of soluble fiber. These have shown
neuroprotective effects in murine models of AD
by reducing proinflammatory cytokines such as
interleukin-6 (IL-6) and interleukin-1 beta (IL-
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14), improving synaptic function, and contributing
to preserving the integrity of the blood-brain
barrier.'> However, the actions of SCFAs are not
uniform: while butyrate consistently exhibits anti-
inflammatory properties, propionate can induce
adverse effects at high concentrations, especially
in transgenic models. Similarly, researchers,*¢ and
previous studies,"”® have shown that gut dysbiosis
and activation of the NLRP3 inflammasome
can intensify neuroinflammation and accelerate
cognitive decline. Researchers such as,%?* have
begun to integrate genetic and behavioral variables
using adaptive inference networks and behavior
networks. However, most of these approaches
remain primarily descriptive or statistically linear,
limiting their ability to capture complex nonlinear
biological interactions.

The use of fuzzy models to represent
complex biological systems enables qualitative
simulation of interactions among diet, genotype,
and microbial metabolites, even under conditions of
uncertainty or ambiguity.'*'? Their integration with
deep learning techniques has led to the approach
known as fuzzy deep learning, which has improved
the accuracy and interpretability in the diagnosis
of neurodegenerative diseases.*'*** Furthermore,
ANNSs have shown high performance in classifying
and predicting cognitive decline from behavioral
and neurobiological data. Previous researchers,'*'¢
have achieved early and accurate predictions using
multimodal neuroimaging analysis, longitudinal
databases, and clinical variables. Motion detection
capabilities have been demonstrated in murine
models, with an accuracy of approximately 90%
for the analysis of therapeutic interventions."!”

This bilateral methodology integrates
multiple sources of experimental data to simulate
expected neuroprotective responses and accurately
predict behavioral changes across different
experimental conditions, using fiber-like structures,
FLs, and ANNs. Beyond purely descriptive
models, this approach has the potential to serve
as an IDSS tool in preclinical marker research
on neurodegenerative diseases. In particular, this
system aims to provide computational validation
of the experimental trend observed by researchers,’
especially regarding the beneficial effect of fiber
and the loss of this benefit when the gut microbiota
is altered by antibiotics. However, its similarity to
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current experimental processes opens the door to
international validation.

To characterize the intellectual
architecture of the field, a citation network
was constructed from the studies included
in this review (Fig. 1). The network exhibits
a densely interconnected foundational core
during the period 2016-2019, comprised of key
mechanistic studies that established the relationship
between gut dysbiosis, systemic inflammation,
and cognitive decline in AD. The subsequent
consolidation phase (2019-2021) is distinguished
by a thematic expansion toward biomarker
integration and clinical contextualization, while
maintaining strong continuity with the initial
core. More recent contributions (2022-2025) form
a partially differentiated, though conceptually
linked, group, suggesting a transition toward
experimental validation and metabolite-based
clinical correlations. Importantly, emerging studies
are beginning to connect preclinical mechanistic
findings with evidence from human biomarkers,
further reinforcing the microbiota-brain axis as
a central framework in AD research. Overall, the
network’s topology shows a coherent evolution of
the field, from mechanistic discovery to a stage
of translational maturation. This progression
reflects a structural consolidation and a growing
focus on knowledge with potential clinical
applications. These patterns allow us to recognize
the microbiota-brain axis as an organizing
paradigm that significantly guides current research
trajectories in AD.

The comparative analysis presented in
Tables 1-A and 1-B highlights convergent evidence
supporting the pivotal role of gut-derived SCFAs,
neuroinflammation, and advanced computational
intelligence in AD research. Studies in Table
1-A demonstrate that dietary fiber and microbial
metabolites, particularly butyrate, consistently
improve cognitive performance, decrease a-amyloid
burden, and attenuate neuroinflammatory markers
across murine models.'* These effects are
abolished under microbiota depletion, reinforcing a
mechanistic link between microbial bioactivity and
neuroprotection. Complementarily, observational
and biomarker-based analyses in humans reveal
reduced circulating SCFAs in AD patients,
underscoring translational relevance.’
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Table 1-B further underscores the
integration of computational and neurophysiological
systems to enhance diagnostic accuracy and predict
disease progression. Hybrid neuro-fuzzy models,
deep learning designs, and biomarker-driven
algorithms consistently reach accuracies exceeding
85% in early detection, cognitive stage classification,
and longitudinal forecasting.'®'*!¢ Experimental
approaches, including pharmacological modulation
and inflammasome profiling.'" Additionally
demonstrate the relevance of neuroimmune
pathways as treatment targets. Collectively,
the evidence supports a dual research pathway
in AD: modulation of the gut-brain axis as a
metabolic-immune strategy, and adoption of
Al-enabled, multimodal frameworks aimed
at precision diagnosis and disease modeling.
This cooperation positions microbiota-centered
interventions and intelligent computational systems
as complementary pillars in advancing early-stage
therapeutic and diagnostic innovation.?

Purpose
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Hybrid fuzzy-neural models outperform
classical statistical approaches for predicting
behavioral deterioration in AD murine models. The
proposed system incorporates biological, dietary,
genotypic, and behavioral data, including SCFA
levels, diet type, subject genotype, and cognitive
test results (T-Maze, NOR, EPM, and WM), to
simulate neuroprotective responses and accurately
predict behavioral deficits. This methodology
is designed to generate reference scenarios for
experimental planning, optimize the interpretation
of neurobiological data, and support decision-
making in preclinical studies of neurodegenerative
diseases.

Problem statement

Dietary fiber has been shown to modulate
the gut microbiota, generating SCFAs with a
potential neuroprotective effect in murine models
of AD, as reported in the article.* However, the
effects of these compounds vary depending on diet
type, antibiotic presence, animal genotype, and the
SCFA concentrations achieved, complicating the
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interpretation of results. This complexity poses
the challenge of integrating multiple experimental
and physiological variables into an intelligent
analysis system that enables the estimation of
expected responses and the generation of consistent
reference values. Traditional statistical approaches
fail to adequately capture the nonlinear interactions
between variables.

In this context, an FL system allows for
the simulation of rule-based scenarios, integrating
variables such as diet, genotype, and SCFAs. In
turn, ANNs offer a predictive tool for estimating
behavioral deterioration from empirical data

obtained in tests such as the T-Maze, NOR, EPM,
and WM.

Therefore, the central problem identified
is the lack of an integrated methodology that
allows, on the one hand, the simulation of complex
experimental conditions and, on the other hand, the
prediction of behavioral impact in murine models
of AD, thereby strengthening preclinical analysis
and experimental decision-making.

Findings and Practical implications

The hybrid model developed integrated
expert knowledge in biomedicine, experimental
evidence, and behavioral data to comprehensively

Table 1A. Comparison of Recent Studies on SCFAs, GM, and Al in AD

Application Technology

Key Findings

Dietary fiber and microbial
metabolite receptors in AD.!
Mechanisms of fiber action on
the microbiota—brain axis.
Prevention of cognitive decline
via dietary fiber.?

dietary intervention

Murine AD model;

cognitive tests.
SCFAs in AD.* Review.
SCFA signaling."”
Genetic—neuroimaging
diagnosis of AD.®
Circulating SCFAs in AD.
AD classification
AD detection in mice.?!

network

5xFAD murine model;

Review of microbiota-dependent
and -independent pathways.

immunohistochemistry and
Review of SCFA signaling.
Graph convolutional neural
Observational blood-biomarkers study.

PiB-PET normalization and CSF Ap.
Deep learning and motion video analysis.

Improved cognition; reduced
B-amyloid.

Increased dietary fiber SCFAs,
reduced inflammation.
Improved memory; antibiotics
removed benefit.

Reduced IL-6 and IL-1f.
Reduced neuroinflammation.
94% accuracy.

SCFAs decreased in AD.
Accuracy improved 12—-18%.
89% accuracy.

AD biomarkers.” Systematic multimodal review. 70% multimodal concordance.
Table 1B. Computational, neuro-fuzzy, and experimental models in AD
Application Technology / Originality Key Findings

Gut-brain inflammation.?
Cognitive pattern analysis.’
Dementia classification.!”
Caffeine in AD.!!

Cognitive decline prediction.!”
AD diagnosis."

AD progression.'?

AD classification.'

Early AD prediction."
Prediction of depression-
to-AD progression.'®
Proposed Bilateral
Fuzzy—Neural IDSS

Murine model.

ANFIS.

Fuzzy logic and EEG entropy.
Murine model

Deep learning.

Fuzzy- deep learning
Mathematical model

Deep learning.

Recurrent neural network.
Artificial neural networks with
structural equation modeling.
FL integrated with ANN
simulation.

Increased inflammatory markers.
92% accuracy.

93% accuracy.

Reduced pB-amyloid and improved
memory.

88% accuracy.

88% accuracy.

Reproduced > 85% of trajectories.
91% accuracy AUC > 0.90.

87% accuracy.

Combined model achieved

AUC = 0.89 in clinical cohorts.
Global R = 0.90608; MSE = 0.003487,
SCFAs: acetate 45-60%, butyrate
10-20%, propionate > 25%.
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assess cognitive decline in mice with AD. Using
the FL system, specific combinations of SCAFs
(particularly butyrate and acetate) in the presence
of a high-fiber diet and certain genotypes were
identified as inducing neuroprotective responses
exceeding 65%. In contrast, propionate showed
adverse effects in scenarios with altered diets and
transgenic genotypes.

Meanwhile, the ANN trained on
behavioral test data (T-MAZE, NOR, EPM, WM)
accurately predicted the percentage of behavioral
loss, achieving correlation coefficients (R) greater
than 0.90608 in both the validation and test sets.
Sensitivity analysis revealed that spatial memory
and anxiety were the dimensions with the greatest
impact on predicting decline. Taken together, these
findings align with the experimental trend reported
by researchers,’ in which fiber was associated with
a more protective environment, while alterations
in the gut microbiota reduced that benefit. The
IDSS proved capable of simulating diverse
physiological and dietary contexts, identifying
input combinations that maximize neuroprotection
or, conversely, accelerate deterioration. These
findings reinforce the need to adopt multivariate
approaches to understand the nonlinear interactions
among diet, microbiota, genotype, and behavior,
and to provide useful tools for the design of future
experimental studies.

Practical Implications

The proposed IDSS enables computational
simulation-based optimization of dietary,
metabolic, and genetic interventions in murine
models of AD. By integrating fuzzy inference
with ANN-based behavioral prediction, the system
identifies potential windows of neuroprotection
and recognizes experimental conditions with the
greatest biological impact before validation in in
vivo studies. From a preclinical perspective, this is
relevant because it facilitates the organization and
interpretation of complex scenarios in which diet,
gut microbiota, genotype, and behavior interact.

Furthermore, this approach can help
reduce reliance on trial-and-error experimental
designs, favoring more targeted designs with
stronger pathophysiological support. In this sense,
the system does not replace biological experiments
but rather acts as a complementary tool to support
study planning and the selection of experimental
conditions with a higher probability of generating
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neuroprotective responses or, conversely, of
demonstrating greater functional impairment. This
is important in the researchers’ study,’ as it enables
computational validation of the trend between
fiber supplementation, gut microbiota integrity,
and modulation of the functional response in the
murine model of AD.

Originality/Value

This study describes a paradigm-shifting
bilateral computational system that unifies FL
and ANNs to model age-related cognitive decline
in murine systems. By validating biological
trends previously observed experimentally by
researchers,’ and treating diet, genotype, and
short-chain fatty acids as isolated variables, the
proposed architecture represents their nonlinear
interactions. It also captures their dependence on
biological context and their combined effects on
neuroprotection and behavioral decline. In this way,
the system combines the interpretability derived
from rules built on expert knowledge with the
predictive capacity of learning from experimental
data, which can be reproduced in an intelligent
modeling environment. Therefore, rather than
replacing biological evidence, the system acts as a
tool for computational organization, interpretation,
and validation.

Modeling own experimental data “Animal
management and health status was supervised
by licensed veterinary care and approved by the
Bioethics Committee of the Center for Research
and Advanced Studies of the National Polytechnic
Institute (Protocol No. 235-16), in accordance
with the Mexican official standard NOM-062-
Z00-1999 and the principles set forth in the 8th
edition of the National Institute of Health (NIH)
guide for the care and use of laboratory animals and
endorsed by the Institute for Laboratory Animal
Research, the Division on Earth and Life studies
and the National Research Council of the National
Academies”.? Collectively, this work reframes
computational prediction in AD research from
descriptive analysis to predictive systems-level
intelligence.

MATERIALS AND METHODS
FL and ANNs were used to develop the

IDSS. The fuzzy system employed experimental
data reported in the research to simulate the level
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of neuroprotection in mice with AD,? integrating
information on diet type, animal genotype,
and SCFA concentrations (acetate, propionate,
and butyrate). To model the neuroprotective
effects of short-chain fatty acids (SCFAs), the
relative proportions of acetate, propionate, and
butyrate were calculated from fecal samples
collected from mice. The absolute concentrations
of these compounds were determined by gas
chromatography and expressed as micrograms per
gram of feces (ig/g). From these concentrations, the
samples were calculated, and their contributions to
the total SCFAs were estimated.

Table 2 summarizes the equations used
to calculate the relative proportion of acetate,
propionate, and butyrate with respect to the total
SCFAs quantified in each sample. Equation (1)
expresses the percentage of acetate as the ratio
between its individual concentration and the
total sum of SCFAs. Since acetate is the most
abundant SCFA produced by the gut microbiota,
its relative abundance allows identification of
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variations in fermentative profiles associated
with diet and the genotype of the murine model.
Equation (2) calculates the relative fraction of
propionate within the total SCFAs, facilitating
the comparison of its contribution among dietary
treatments and experimental genotypes. Equation
(3) determines the relative proportion of butyrate,
a SCFA of particular interest due to its reported
neuroprotective effect. Its quantification enables
evaluation of whether specific dietary treatments
or microbial profiles favor its production in the
murine model of AD.

Table 3 summarizes a sample of the
experimental sets used with 40 mice to define
the input scenarios for the FL system, which
processes and analyzes metabolic data collected
from the different working groups, yielding 4320
metabolic observations. Set [A] (WT) includes
control mice without genetic modifications or
induced AD, fed a control diet. The resulting SCFA
profiles represent basal intestinal production in a
healthy organism and were used as a reference to

Table 2. Mathematical model formulation of the fuzzy model

Equation

Where:

Percentage of acetate within the total SCFAs present:
SCFA Proportion (%) = Acetate concentration * 100 /
Y (Acetate,Propionate, Butyrate Concentrations) (1)

Acetate Concentration: Amount of the respective
fatty acid.

Y(Concentrations): Total sum of the concentrations.
100: Percentage (%).

Relative fraction of propionate within the total SCFA mixture:

SCFA Proportion (%) = Propionate concentration * 100 /
> (Acetate,Propionate,Butyrate Concentrations) (2)

Butyrate proportion:
SCFA Proportion (%) = Butyrate concentration * 100 /
> (Acetate,Propionate,Butyrate Concentrations) (3)

Propionate Concentration: Amount of the respective
fatty acid.

Y(Concentrations): Total sum of the concentrations.
100: Percentage (%).

Butyrate Concentration: Amount of the respective
fatty acid.

Y(Concentrations): Total sum of the concentrations.
100: Percentage (%).

Table 3. SCFA profiles by group: values are expressed as mean + standard deviation

Group Condition n Acetate (%) Propionate (%) Butyrate (%)
A WT-C 10 66.87 £ 15.77 19.98 + 11.64 13.15+9.51
B Tg-C 10 68.75+9.28 18.22 +8.49 13.03 £8.27
C Tg-F 10 73.78 £7.64 15.99 + 6.64 10.24 £2.86
D Tg-F-ABX 10 68.30 = 7.06 22.12+£8.60 9.58 +4.88
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establish the high neuroprotection threshold. [B]
(Tg) corresponds to transgenic mice with induced
AD, maintained on the same control diet. This
group allowed evaluation of the effect of genotype
alone on SCFA production and served as a direct
comparison with the WT group. [C] (Tg + fiber)
includes transgenic mice fed a fiber-enriched diet.
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This intervention increased SCFA production,
particularly butyrate, enabling the modeling of
intermediate neuroprotection scenarios. [D] (Tg
+ fiber + antibiotics) presents the SCFA profiles
of transgenic mice treated with a high-fiber diet
combined with an antibiotic cocktail. This group
was key to simulating conditions of intestinal

Table 4A. Experimental compounds

[A]
Variables Formule Variables Formule
Corn Starch (C,H,,O)n+H_2 Tertiary Butylhydroquinone C,H,O,
(TBHQ)
Casein C, H, N,O,P Energy Q =mcAT
Maltodextrin Con Hipy 2 O " Fructans Derived from Agave (CH,0),+(n-1)HO
tequilana (F)
Soybean Oil C, H(OOCR), Ampicillin C,HN,0,S
Sucrose C,H,0, Neomycina C,H,NO,
Cellulose (C,H,,0)), Metronidazole CHN.O,
L-Cysteine C,H,NO,S Vancomycin C,H,,CLN,O,,
Choline CH NO,
Table 4B. Fuzzy model equations
(B]
Equation Where:

Membership Function p (x):
p,(x): X —[0,11(4) 1, (x): Membership function of set A

X: Numerical domain of the input variable
Fuzzy Logical Operators:
P, () [1-p, ¥)](5) p_, (x): Negation of fuzzy set A, evaluated at x

1: Maximum membership value in a normalized system
1, (x) Degree of membership x in fuzzy set A.
Conjunction (AY B) (n, ,(x)):
Pyqp (0 min{p, (%), p, (X)) (6) min: Minimum operator.

1, (%), u (x): Membership functions of sets A and B.
5 (X): Membership function (conjunction AND).
Disjunction (A O B) (n, , (x)):
By (X) = max{p, (x), p, x)} (7) Wy (X): Membership function.

max: Maximum operator.

1, (%), u, (X) Membership functions of sets.
Fuzzy Implication in the Mamdani Approach (p,_, (x)):

By (%) =min{p, (x), g, (X)} ®) ,_p (X): Result of applying the logical implication.

1, (%), u, (x): Degrees of membership of the fuzzy input.
Aggregation of the Outputs Truncated by Each Rule (ng .. (x)):

Ko ) =max /if[p Iy x)] ) (x): Aggregated fuzzy output.

(x): Implication.

HSalida

Mrecnrtada\ i

Defuzzification (y*):
y¥*=fx-ux)dx/ fux)dx (10) y*: Crisp (final).

u (x): Aggregated fuzzy output.
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dysbiosis and reduced neuroactive metabolites,
contributing to the definition of low neuroprotection
scenarios. These results are consistent with
previous reports associating antibiotic use and
fiber deficiency with neuroimmune alterations and
cognitive impairment in transgenic mouse models.’

Combination of experimental conditions
was translated into a set of inputs for the fuzzy
system, using appropriate membership functions.
Genotypic variables were modeled with sigmoidal
functions; dietary variables with trapezoidal
functions; and SCFAs with a combination of
trapezoidal, Gaussian, and sigmoidal functions,
depending on the semantic range. To control the
experimental conditions and more accurately
understand the individual effects of each
component administered to the murine models,
the representative chemical composition of the
main elements used in the study was compiled (see
Table 4 A). This characterization included dietary
supplements (starch, cellulose, fructans, vitamins),
SCFAs, and antibiotics used to induce intestinal
dysbiosis.

The simulations were performed in
MATLAB® using the Fuzzy Logic Designer tool.
Surface plots were generated from these simulations
to visualize the interaction between input and
output variables. These plots were fundamental
in identifying combinations of experimental
conditions with the greatest neuroprotective
effect. The developed fuzzy system is based on
fuzzy set theory and uses mathematical functions
to transform quantitative variables into linguistic
information with a degree of membership.” The
behavior of the Mandani mathematical model is
described in Table 4 B.

In addition to the FL system developed
to simulate experimental conditions, a neural
network model was constructed to predict the
percentage of behavioral change loss in mice with
AD, utilizing data from 1761 laboratory behavioral
test observations. The model was developed
in MATLAB® using a multilayer feedforward
perceptron architecture and trained with the
Levenberg-Marquardt algorithm. The network
was designed with a hidden layer of 10 neurons
and an output layer with linear activation. The
inputs used were the results of four cognitive tests
that evaluate different dimensions of behavior:
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T-MAZE, which assesses working memory and
the animal’s capacity for spontaneous switching.
Under normal conditions, a mouse tends to switch
between arms while exploring, showing its
ability to remember which direction it previously
took. Thus, a higher percentage of switching is
associated with better cognitive function. NOR
(Novel Object Recognition): measures recognition
memory. The animal is expected to explore the
novel object more; a preference toward the familiar
object suggests episodic memory loss, a common
feature of AD. EPM (Elevated Plus Maze, Open
Arms): assesses anxiety and exploration levels.
Remaining with open arms indicates less anxiety;
avoiding them reflects anxious behavior, common
in neurocognitive impairment. WM (Water Maze):
measures long-term spatial memory. A longer
latency or time to complete the task indicates
impaired learning and retention (See Table 5 A).

Five quantitative variables obtained
from neurobehavioral tests performed on mice
were considered: T-MAZE, NOR, EPM, WM,
Treatment/genotype code (identifier of the
experimental group), and one output variable:
Loss in behavior change (%), calculated based on
a metric defined by its reference behavior [B].

Table 6 presents the mathematical
foundation underlying the ANN used in this
study. This development allows for a clearer
understanding of how the input variables are
transformed through the network layers, how
the activation functions are applied, and how the
weights are adjusted through backpropagation.
This foundation draws on classical formulations
widely accepted in the literature, particularly
those proposed by researchers,” and justifies the
approach used to model and train the predictive
system.

The proposed methodology began with
a systematic literature review and consisted
of five stages: Data Analysis, Finitization and
Normalization, Modeling, Testing, Validation,
Results, and Reliability Testing. This structure
allowed for the integration of experimental,
metabolic, dietary, genotypic, and behavioral
information within a rigorous, reproducible,
and biologically interpretable methodological
framework (see Figure 2).
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Development of the IDSS
Intelligent Fuzzy Logic System
Step 1. Data Analysis.
Aworking session was held with specialists
in Biomedicine and Al, in which the main problem
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identified was the lack of predictive models
capable of integrating multiple physiological,
dietary, and genetic variables in AD research.
Based on this, it was proposed to develop an FL-
based system to simulate complex experimental

Table 5. Behavioral metrics [A].

[A]

Equation

Where:

T-MAZE Test:
Total Alternation=(Evaluation 1+Evaluation 2 ...
+ Evaluation 6)/6 (11)

NOR Test:
Discrimination Index (DI)=(Novel Object-Familiar
Object)/(Familiar Object +Novel Object) (12)

EPM Test:
Open Arms Proportion % = (Latency time (s))/300 (13)

Water Maze Test (WM):
WM Latency = £ Latency time (s) / n (14)

Percentage of Behavioral Loss:

Behavioral Loss (%) = (P .,/ P )x 100 (15)

Maximum

Total Alternation: Mean spatial alternation across
six T-MAZE trials.

Evaluations 1-6: Individual alternation outcomes
for each trial.

6: Total number of trials.

DI: Preference for the novel versus familiar object.
Novel Object: Time spent exploring the novel object.
Familiar Object: Time spent exploring the

familiar object.

Open Arms Proportion: Relative time spent in
the EPM open arms.
300: Total trial duration in seconds.

WM Latency: Mean time to locate the

hidden platform.

Latency Time (s): Time recorded for each trial.
¥ Latency: Sum of latency times.

n: Total number of trials performed.

P, .= Sum of scores obtained across the four tests.
. Maximum score.

Maximum=

Table 5. Scoring criteria [B]

(B]
Variable Value Range Interpretation Assigned Score
T-MAZE >30% Good working memory 0 points
20% —30% Intermediate memory 1 points
<20% Cognitive impairment 2 points
NOR >0.05 Greater exploration of the novel object 0 points
-0.0520.05 Neutral or uncertain exploration 1 points
<-0.05 Preference for familiar object (impairment)) 2 points
EPM >0.40 Low anxiety (greater exploration) 0 points
0.25-0.40 Moderate anxiety 1 points
<0.25 High anxiety (avoidance behavior) 2 points
WM <25s Good spatial memory 0 points
25-35s Regular memory performance 1 points
>35s Cognitive impairment 2 points
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conditions and estimate the neuroprotective
response across different factor combinations.
Data derived from the experimental study were
used,? including concentrations of SCFAs (acetate,
propionate, and butyrate), diet types (control,
fiber, fiber + antibiotics), and genotypes. These
variables were complemented with experimental
outputs on neuroprotection to feed the IDSS

Step 2. Data Fitting and Normalization

Seven input variables and one output
variable were defined. The membership functions
were designed considering the nature of each
variable: sigmoidal, trapezoidal, and Gaussian
functions were used to represent diverse conditions
in the experimental tests. Dietary variables were
modeled solely as trapezoidal functions due to their
dosed behavior.
Step 3. Modeling

An if-then rules were established,
formulated based on physiological knowledge
and experimental evidence. These rules allowed
for the representation of nonlinear interactions
among variables and the simulation of the
biological system’s adaptive responses to various
combinations of conditions.
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Step 4. Testing, Validation, and Results

The system was implemented using the FL.
Designer tool in MATLAB®, under a Mamdani-
type scheme. The logical operators, aggregation
functions, and defuzzification method (centroid)
were configured, ensuring a continuous, realistic
response for each input combination.
Step 5. Reliability Testing

Systematic simulations were performed
across different input combinations to observe
the model’s behavior. Response surfaces allowed
visualization of how the variables interact and
how they affect the level of neuroprotection,
facilitating the interpretation of trends and non-
obvious relationships. The system was reviewed
and validated by experts who evaluated the rules’
logic, the consistency of the simulated results,
and the model’s usefulness as a tool to support
experimental decision-making in AD studies.

The development of the fuzzy system
began with the collection of experimental
data from the murine model with AD (see
Tables 2 and 3). Specifically, this included
SCFA concentrations (acetate, propionate, and
butyrate), the dietary conditions (control, fiber,
and fiber + antibiotics), and the animals’ genotype.
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Fig. 2. General Methodology Used for the Development of IDSS.
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Subsequently, parameters were established for
the linguistic variables, categorized as (very
low, low, considerable, high, and very high) for
SCFAs, and as (low, standard, and exceeded) for
the diets. For the genotype, binary values were
used (WT = -1, Tg = 1). The output variable,
“neuroprotection,” was defined as (very low, low,
moderate, high, and very high). Each variable
was modeled with specific membership functions:
sigmoidal for extreme values, trapezoidal for
intermediate values, and Gaussian for central
(considerable) values. The data were entered into
the MATLAB® software, including its membership
functions and 810 fuzzy rules established by
experts. Once the Mandani system structure was
loaded, the simulation analysis was performed
using experimental scenarios linked to the fuzzy
inference engine. The inference rules were
designed to cover combinations of SCFA levels,
diet type, and genotype, with the aim of estimating
the expected level of neuroprotection for each
case, as determined by the defuzzification process.
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Each combination was evaluated using the fuzzy
inference engine, yielding a continuous output
ranging from 0 to 100, corresponding to the degree
of neuronal protection. In this way, it was analyzed
whether the trends observed experimentally by
researchers,® could be reproduced consistently in
a computational environment. Table 7 describe the
fuzzy model variables and their architecture.

The figure illustrates the architecture of the
Mamdani fuzzy inference system used to estimate
neuroprotection. The model integrates seven input
variables: acetate, propionate, butyrate, genotype,
control diet, fiber diet, and fiber diet combined
with antibiotics. These inputs are transformed
through the fuzzification stage and processed by
the inference unit using the knowledge base, which
contains experimental data, expert knowledge, and
the fuzzy rule base. The resulting fuzzy outputs
are then converted into a crisp value through
the defuzzification stage, producing the final
neuroprotection estimate.

Table 6. ANN mathematical formulation

Equation

Where:

Multilayer Neural Network Architecture:
y=f0 (WO - f-0) (WO x + bD) +bL) (16)

Hyperbolic Tangent Activation Function (tansig):
f(x)=(e*-e¢¥)/(e*+e™) (17)

Linear Activation Function (purelin):
f(x)=x (18)

Performance Metric: Mean Squared Error (MSE):
MSE=12mZ_"(y,-y") (19)

Weight Update Rule in Neural Network Training AW:

AW = -n-SE/8W (20)

Internal Activation of a Neuron a®:
al0=3 WOxED+pO 2 (21)
i j ij j i

x: Input vector of the system (size n),

WO: Weight matrix of layer 1, b®: Bias vector
of layer 1, f: Activation function applied in
layer 1, L: Total number of layers,

y: Final output vector.

f(x): Output of the nonlinear activation function
(tansig), x: Net input to the neuron

(weighted sum of inputs + bias), e: Euler’s constant
(approximately 2.718).

f(x): Output of the neuron in the output layer,
x: Net input to the neuron.

y;: Desired value (true value),
y”\: Value predicted by the network,
m: Total number of output data points.

AW=Change weights of the neural network.
n: Learning rate,0E/8W Partial derivative of the error.

a: Activation of neuron, W,®: Synaptic weight,
x,"V: Input j from the previous layer. b": Bias term.
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Intelligent Neural System
Step 1. Data Analysis

Four behavioral tests widely used in
murine models of AD were selected: T-Maze,
NOR, EPM, and WM. These tests assess aspects
of cognitive impairment and anxiety, generating
key data for the behavioral characterization of
patients. A database was structured so that each row
corresponds to an individual and their experimental
records, organized in a matrix and normalized.
Step 2. Data Adjustment and Normalization

Evaluation criteria based on physiological
ranges were assigned to each test, and impairment
scores were assigned. The sum of these values
allowed for the estimation of a behavioral loss
index, expressed as a percentage, which was used
as the output variable for supervised training.
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Step 3. Modeling

The data were modeled in MATLAB®,
where they were assigned as input vectors
(behavioral tests) and output vectors (percentage
of behavior loss), facilitating network training
and validation. A multi-layered feedforward
ANN was designed, with one hidden layer and
a nonlinear activation function. The Levenberg—
Marquardt training algorithm was used, suitable
for prediction problems requiring high accuracy
and low generalization error.
Step 4. Testing, Validation, and Results

The database was randomly divided into
three subsets: training, validation, and testing.
During the process, the network’s synaptic
weights were adjusted to minimize the error
between the expected and predicted output, using
backpropagation and performance evaluation

Table 7. Fuzzy-variable parameters

Variable Type Range  Fuzzy sets (MF) Parameters
Acetate Input 0-100 VL (1-I'); L (Trap); M (Gauss); [0,0.01,19.99,201];
H (Trap); VH (T) [19.99,20.01,39.99,40];
[10,50]; [49.99,50.01,89.99,90];
[89.99,90.01,99.99,100]
Propionate Input 0-40 VL (1-I'); L (Trap); [0,0.01,7.99,8];
M (Gauss); H (Trap); VH (') [7.99,8.01,13.99,14]; [2.75,20];
[19.99,20.01,33.99,34];
[33.99,34.01,39.99,40]
Butyrate Input 0-30 VL (1-I'); L (Trap); [0,0.01,4.99,5];
M (Gauss); H (Trap); VH (T') [4.99,5.01,9.99,10]; [3,15];
[14.99,15.01,26.99,27];
[26.99,27.01,29.99,30]
Genotype Input -1-1 WT (1-I'); Tg (I) [-1,-0.99,-0.01,0]; [0,0.01,0.99,1]
Control Diet Input 0-7 LD (1-I'); S (Trap); E (I') [0,0.01,3.49,3.50];
[3.49,3.51,5.99,6];
[5.99,6.01,7.49,7.50]
Fiber Diet Input 0-7 LD (1-I'); S (Trap); E (I') [0,0.01,2.99,3];
[2.99,3.01,5.99,6];
[5.99,6.01,7.49,7]
Fiber Diet + ABX  Input 0-6 LD (1-I'); S (Trap); E (I') [0,0.01,2.49,2.50];
[2.49,2.51,4.49,4.50];
[4.49,4.51,5.49,5.50]
Neuroprotection Output  0-100 VL (1-I'); L (Trap); C (Trap); [0,0.01,10.99,201];

H (Trap); VH (I')

[10.99,20.01,39.99,40];
[39.99,40.01,69.99,70];
[69.99,70.01,84.99,85];
[84.99,85.01,99.99,100]

VL: Very Low; L: Low; M: Medium; C: Considerable; H: High; VH: Very High; LD: Low Dose; S: Standard; E:
Excessive; Trap: trapezoidal; Gauss: Gaussian; [': gamma membership function.
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at each stage. The network’s performance was
evaluated using correlation and mean-squared-error
analyses, as well as graphical representations such
as linear regression, histograms, and performance
curves by epoch. These metrics enabled validation
of the model’s predictive capacity.

Step 5. Reliability Testing

Once trained and validated, the network
was used to predict new or simulated data. The
results were interpreted, highlighting its ability to
estimate behavioral loss from the applied tests, and
were compared with the FL system’s patterns. The
ANN not only provided predictive power but also
strengthened computational validation of the trend
researchers observed experimentally.’

Table 8 presents the neural model
developed from 801 neurobehavioral test records
of mice with AD: Anxiety (assessed using EPM),
Recognition Memory (NOR), Spatial Memory
(T-MAZE), and Water Maze (WM), classified
by treatment/genotype code (experimental group

ST O
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in behavioral change (%), calculated based on a
scoring system established from physiologically
relevant ranges for each test. Subsequently, the
data were normalized, imported into MATLAB®,
and used to train the network.

Various training methods were compared
to identify performance rates, with the feed-forward
type standing out. This method, designed with a
hidden layer of 10 neurons and an output layer with
linear activation, used a Levenberg—Marquardt
learning algorithm to train the network. It offers
an ideal balance between training speed and
accuracy for problems with small to medium-sized
datasets. This algorithm converges faster than other
methods, such as conjugate gradient descent, and
is more accurate than Bayesian regularization in
terms of mean squared error (MSE). Furthermore,
it allows better adaptation to experimental data
patterns with fewer computing resources, rendering
it ideal for biomedical applications with multiple
variables and nonlinear behavior.

identifier) to obtain the outcome variable: Loss
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Fig. 3. Architecture of the Mamdani fuzzy inference system for neuroprotection estimation

Table 8. ANN parameters and normalized data sample

Experimental group ~ Mouse ID T-MAZE NOR EPM WM  Behavioral decline
WT/Control 1.20 0.1667 0.00453 0.0045 0.00260 0.00260
WT/Control 2.8 0.3333 0.00426 0.0027 0.00129 0.00129
Tg/Control 4.29 0.1667 “0.00022 0.0053 0.00625 0.00625
Tg/Control 5.27 0.1667 0.00541 0.0057 0.00251 0.00251
Tg/Fiber 2.25 0.6667 0.00413 0.0047 0.00101 0.00101
Tg/Fiber 5.21 0.6667 0.00482 0.0041 0.00129 0.00129
Tg/Fiber + ABX 227 0.0000 “0.00232 0.0005 0.00999 0.00999
Tg/Fiber + ABX 4.20 0.3333 0.00339 0.0045 0.00262 0.00262
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The architecture employed is a multilayer
perceptron (MLP) with backpropagation as the
training algorithm and sigmoidal activation in the
hidden layers and linear activation in the output
layer, and its accuracy is assessed through error
analysis and regression plots.

Radial Basis (few neurons)
Probabilistic

NARX Series-Parallel

LvQ

Linear Layer (design)

Hopfield

Feed-Forward Time Delay
Feed-Forward Backpropagation (LM)
Competitive

Radial Basis (exact fit)

Multilayer Perceptron

NARX

Linear (train)

Layer Recurrent

Generalized Regression
Feed-Forward Distributed Time Delay
Elman Backpropagation
Cascade-Forward Backpropagation
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RESULTS

Response Surface Analysis

Once the Mamdani fuzzy model
was implemented in MATLAB®, parametric
simulations were conducted to evaluate the
continuous neuroprotection output (0—100%)
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Fig. 4. Comparison of neural network models for behavioral loss prediction.
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across different combinations of SCFAs (acetate,
propionate, and butyrate), genotype (WT/Tg),
and dietary conditions. The generated three-
dimensional response surfaces revealed nonlinear
interactions and context-dependent modulation
among metabolic and biological variables (See
Figure 3).
Propionate vs. Acetate

Maximum neuroprotection (>65%) was
predicted when acetate ranged between 45-60%
and propionate between 10-20%, indicating
an optimal joint metabolic window. Extreme
concentrations of either metabolite reduced the
response (<40%), demonstrating a nonlinear
dependency in which the effect of one SCFA
depends on the relative concentration of the other.
The model effectively captured this functional
ambiguity, consistent with the reported epigenetic
regulatory role of acetate and the potential pro-
inflammatory effects of elevated propionate levels.

Neuroprotection

30

20
Propionate
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Butyrate vs. Acetate

A synergistic region was identified,
with neuroprotection exceeding 80% when
acetate remained within 45—60% and butyrate
within 12—-18%. Deviations outside these ranges
significantly decreased the response (<40%), even
when acetate levels were moderate. These findings
confirm a context-dependent interaction requiring
physiologically balanced concentrations of both
SCFAs to maximize neuroprotective effects.
Butyrate vs. Propionate

The highest simulated response (~90%)
occurred when propionate was maintained between
10-18% and butyrate between 12-20%, suggesting
a coordinated regulatory window. Extreme
concentrations of either metabolite attenuated
neuroprotection (<40%), reflecting compensatory
and relational effects. The model reproduces the
synergistic neuroprotective effect of butyrate under
controlled conditions and its potential limitations
in metabolically unfavorable conditions.

—
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Fig. 6. Surface graphs of the fuzzy model (A-D).
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Genotype vs. Butyrate

Genotype significantly modulated
butyrate’s effect. In WT models, intermediate
concentrations (12-25%) induced elevated
neuroprotection (~70%), whereas in Tg models, the
response was attenuated (35-45%) and decreased
to ~15% under extreme conditions. These results
indicate that genetic context acts as a critical
modulatory filter, limiting neuroprotective efficacy
in AD models. The nonlinear dynamics observed
between continuous (SCFAs) and categorical
(genotype) variables support the suitability of fuzzy
logic to model complex biological systems.
Genotype vs. Propionate

The neuroprotective effect of propionate
was strongly genotype-dependent, though
distinct from the pattern observed for butyrate.
In WT models, propionate exhibited a stable,
beneficial window of 10-20%, reaching predicted
neuroprotective levels of up to 60%. In contrast,
Tg models showed a progressive decline in
neuroprotection as propionate increased, with
concentrations above 25% reducing the response
below 30%. These findings indicate a genotype-
dependent divergence: while WT models tolerate
and benefit from moderate propionate levels, Tg
models display reduced or potentially adverse
responses at higher concentrations. The model
therefore suggests that propionate is not a universal
neuroprotective agent, and its efficacy depends on
both dosage balance and genetic context.
Genotype vs. Acetate

Acetate’s neuroprotective impact also
varied by genotype, but the contrast was subtler
than with propionate. In WT models, 40-60%
acetate induced a robust response (up to 58%).
In Tg models, by contrast, neuroprotection was
consistently lower, staying below 45% and
dropping off at both low (<20%) and high (>70%)
acetate levels. Thus, acetate exhibits more stable
neuroprotective effects in WT models, whereas
its effects are muted in Alzheimer-like genotypes,
likely due to underlying inflammatory or metabolic
factors. This comparison underlines that precise
dosage control is more crucial in pathological
settings.
Control Diet vs. Acetate

Maximum neuroprotection (~59%) was
predicted when acetate ranged between 40-60%
under standard control diet conditions (~3.5
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g). Nutritional imbalance—either restriction or
excess—attenuated the beneficial effect, even
within the optimal acetate window. This pattern
indicates that acetate-mediated neuroprotection
is highly sensitive to dietary context, reinforcing
the importance of systemic metabolic balance for
effective microbiota-derived interventions.
Fiber Diet vs. Acetate

Combining acetate with dietary fiber
results in a clear potentiating effect. The model
predicts optimal levels of neuroprotection (58—
60%) more consistently within the same acetate
range (40-70%), even with slight variations in
fiber dosage. This demonstrates that fiber acts as
a favorable physiological modulator, promoting
a microbial environment that enhances the
conversion of fiber into functional SCFAs.
Fiber Diet + Antibiotics vs. Acetate

A marked attenuation of acetate-
mediated neuroprotection was observed under
fiber supplementation combined with antibiotics.
Although a modest peak (~52%) occurred at ~60%
acetate, the response surface remained largely
flattened, indicating reduced sensitivity across
concentrations. This pattern suggests that antibiotic-
induced disruption of the microbiota diminishes
acetate efficacy, likely by impairing synergistic
interactions with other SCFAs, such as butyrate.
While acetate retains intrinsic neuroprotective
potential, its effectiveness is strongly dependent on
the integrity of the microbiota and the nutritional
context.
Control Diet vs. Propionate

Under standard dietary conditions,
propionate between 10-20% was associated with
neuroprotection levels of 60—70%. However, dietary
imbalance (restriction or excess) substantially
reduced this benefit, flattening the response surface
and lowering predicted outputs. These findings
indicate that diet modulates not only propionate
availability but also its functional neuroprotective
expression, reinforcing the importance of metabolic
homeostasis.
Fiber Diet vs. Propionate

Fiber supplementation generated a more
favorable response profile. Neuroprotection
exceeded 70% when propionate remained below
15%, whereas higher concentrations attenuated the
effect. This pattern aligns with reported evidence
that fiber modulates SCFA balance, reducing the
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pro-inflammatory potential of elevated propionate
while enhancing overall neuroprotective signaling.
The model captures this beneficial modulation by
clearly elevating the response surface within the
optimal range.
Fiber Diet + Antibiotics vs Propionate

In contrast, combining fiber with
antibiotics resulted in an almost flat surface
(~50% neuroprotection), independent of propionate
levels. This indicates a near-complete loss of fiber-
induced modulation, likely due to disruption of the
microbiota. Despite adequate substrate availability,
antibiotic exposure abolished the synergistic
interaction, emphasizing that dietary interventions
require an intact microbial ecosystem to exert
neuroprotective effects.
Control Diet vs. Acetate

Under control-diet conditions,
neuroprotection peaked at ~58%, particularly
when acetate remained within an optimal window
of 40-60% combined with the standard diet dose
(~3.5 g). Deviations from this dietary baseline
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(restriction or excess) progressively reduced
neuroprotection, indicating high acetate sensitivity
to nutritional imbalance and reduced efficacy under
suboptimal intake.
Fiber Diet vs. Acetate

When combined with a fiber-enriched diet,
acetate exhibited a clear potentiation effect. The
model predicted sustained high neuroprotection
(~58-60%) across moderate variations in fiber
dose, with a broader effective acetate range (H”40—
70%) and reduced response variability compared
with the control diet. This suggests that fiber acts
as a favorable physiological modulator, supporting
microbial fermentation dynamics and stabilizing
acetate-associated neuroprotective signaling.
Fiber Diet + Antibiotics vs. Acetate

Co-administration of fiber with antibiotics
largely abolished the potentiation observed with
fiber alone. The response surface became nearly flat
around ~50% neuroprotection across acetate levels,
with localized minima even within otherwise
optimal acetate ranges. This pattern is consistent
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Fig. 7. Surface graphs of the fuzzy model (E-H).
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with antibiotic-driven disruption of the microbiota,
which likely suppresses fermentation-dependent
relations and limits the functional efficacy of
acetate.
Dynamics Analysis of ANN

The regression plots from ANN training
(See Table 9) show strong, consistent predictions
of behavioral loss in mouse models of AD. The
network used five input variables from standard

. Asia, Vol. 23(3), 1190-1223 (2026)

behavioral tests: T-Maze, NOR, EPM, WM, and a
mouse identifier code. This approach allowed for
a thorough capture of each subject’s behavioral
profile.

Training: This graph shows how well the neural
network fit the data during training. The predicted
values closely match the ideal line Y=T, which
means the model learned the original data patterns
well. The high correlation coefficient (R=0.90628)

Table 9. ANN training, validation, and test results.
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and low spread of points show successful training
without overfitting.

Validation: This graph shows how the model
performed on new data not used in training. The
strong correlation between predicted and actual
values (R=0.91707) confirms that the model
generalizes well. The slope is nearly 1, and the
points align with the diagonal, supporting the
reliability of the fit.

Test: In this phase, the network was tested with
a fully independent dataset. The high accuracy
(R=0.92595) shows excellent predictive ability.
The points follow the ideal line, confirming the
model performs well outside the training data.
All: This graph combines results from all three
phases. The overall R value of 0.90608 shows
the model is consistent across stages. The even
and tight grouping of points supports the neural
network’s robustness and stability.

Figures [E—G] show how the ANN
converged and generalized over 22 training epochs
using the Levenberg—Marquardt algorithm.

The gradient in [E] steadily decreased,
reaching about 0.00068712 at epoch 22. This
steady drop shows that backpropagation effectively
updated the weights and that the model converged
well. Since there were no large swings or long flat
spots, the optimization progressed smoothly and
did not get stuck in unstable local minima.

At the same time, the damping factor i
in [F] dropped from a high starting point to 1 X
10-7, with only small changes near the end. This
shows how the Levenberg—Marquardt algorithm
shifted from relying mostly on gradient descent
to using more of the Gauss—Newton method as
it approached convergence. The steady drop in i
confirms that the optimization was on track and
enabled more accurate updates and controlled
convergence.

Validation monitoring in [G] also shows
the training was robust. Early on, there were a few
validation failures, but after epoch 16, they started
to rise and reached seven by epoch 22. This increase
triggered early stopping, which helped prevent
overfitting and kept the model general. Stopping
at this point gave a good balance between fitting
the data and keeping predictions stable.

Together, the changes in the gradient, the
damping factor, and the validation indicate that the
learning process was stable, efficient, and well-
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regularized. This highlights the neural network
model’s strong performance.

Figure [A] shows that the ANN achieved
optimal predictive performance at epoch 7, where
the minimum validation MSE (0.003487) was
recorded (Table 10). After this point, no further
improvement in generalization was observed,
indicating the onset of potential overfitting. The
close alignment of training, validation, and test
error curves demonstrates balanced learning
dynamics without divergence. The consistent
logarithmic decay of error across epochs confirms
efficient multi-order magnitude reduction, which is
critical for complex nonlinear behavioral prediction
tasks.

The error histogram [B] further supports
model accuracy. Most residuals were tightly
distributed between 0.05 and 0.05 units, with
over 220 observations concentrated around zero.
Extreme errors (>+0.2) were rare (<5 cases),
indicating strong robustness to outliers. The
similar distribution of errors across training,
validation, and test subsets confirms stable
generalization. Corresponding MSE values were
low and comparable across phases (training: 0.0029;
validation: 0.0035; test: 0.0030), reinforcing the
absence of systematic bias.

Sensitivity analysis using a tornado
approach [C] identified the Morris Water Maze
(WM, 28.1%) and Elevated Plus Maze (EPM,
27.1%) as the most influential predictors of
behavioral loss. Subject ID contributed highlighting
significant inter-individual variability, while NOR
accounted for 18.5%. T-MAZE showed minimal
impact (2.0%), suggesting lower discriminatory
power in this dataset. These results provide
guidance for prioritizing highly informative
behavioral metrics in future experimental designs.

Individual-level predictions [D] revealed
marked heterogeneity in behavioral loss (15.3—
82.4%), underscoring the system’s capacity to
capture differential patterns of cognitive decline.
Group-level analysis further demonstrated that Tg/
Control animals exhibited substantial deterioration
(66.7%) relative to WT/Control (25%). Fiber
supplementation markedly reduced behavioral
loss in Tg animals (21%), whereas fiber combined
with antibiotics resulted in severe impairment
(82.4%), indicating that microbiota disruption
abolishes fiber-mediated neuroprotection. These
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findings align with microbiota-dependent SCFA
mechanisms reported in previous studies.

Figure [E] presents behavioral loss
across experimental groups. WT/Control animals
demonstrated baseline impairment (25.07%), while
Tg/Control animals exhibited a substantial increase
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(64.52%), confirming transgene-associated
cognitive decline. Fiber supplementation
significantly reduced behavioral loss in Tg
animals (15.35%); however, this benefit was
entirely negated by antibiotic treatment (82.44%).
Together, these findings suggest that fiber-mediated

Table 10. ANN Evaluation and Performance.
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neuroprotection depends on the microbiota and is
likely driven by SCFA. Thus, the results underscore
a critical interaction among diet, microbiota, and
cognition in the AD model.

Finally, the regression comparison
between observed and predicted behavioral
loss [F] across >800 observations showed close
agreement, confirming accurate capture of
nonlinear behavioral patterns derived from WM,
EPM, NOR, and T-MAZE variables. The minimal
deviation between real and predicted values
demonstrates strong generalization capacity and
supports the ANN as a reliable predictive tool for
preclinical AD behavioral assessment.

Overall, the integrated performance
metrics, sensitivity profiling, and biological
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consistency validate the robustness, interpretability,
and translational relevance of the proposed Al-
based predictive framework.
External Cross-Dataset Validation of SCFA-
Related Neuroprotective Trends

To complement the internal validation
of the proposed IDSS, an external cross-dataset
validation was performed using independent
experimental data reported by Cuervo-Zanatta
et al.> The external values were paired with
the corresponding fuzzy results generated by
the proposed system for each mouse ID. This
comparison included SCFA-related relationships
involving butyrate and propionate, together with
biological and behavioral outcomes associated
with astrocytic response, amyloid pathology, and
cognitive performance.

Table 11. External data and fuzzy validation®

Panel Mouse ID External variable External value Fuzzy result
3H 2.8 Butyrate 363.989323 3637.98
3H 2.9 Butyrate 141.551403 143.50
3H 11.6 Butyrate 451.616382 420.61
31 1.2 Propionate 215.697400 216.69
31 11.5 Propionate 188.735200 189.7352
31 2.9%* Propionate 141.551400%* 142.55
3K 2.8 Butyrate 0.425828%* 0.4458
3K 2.9 Butyrate 0.099733 0.0997
3K 5.18 Butyrate 0.105965 0.1059
3L 11.2 Propionate 14.687540 13.6875
3L 5.27 Propionate 17.173123 15.1731
3L 2.25 Propionate 9.942334 8.9423

Table 12. SCFA relationships for external validation®

Panel Experimental relationship

Biological dimension

Interpretation for external validation

3H  Butyrate vs. fuzzy result
system response

31 Propionate vs. fuzzy result
system response

3K Butyrate vs. fuzzy result SCFA-related

behavioral dimension

3L Propionate vs. fuzzy result SCFA-related

pathological dimension

SCFA activity and fuzzy

SCFA activity and fuzzy

Used to evaluate the agreement between
external butyrate values and the fuzzy
result generated by the IDSS.

Used to assess the agreement between
external propionate values and the fuzzy
result generated by the IDSS.

Used to evaluate whether the fuzzy
result followed the experimental butyrate
-related tendency associated with
cognitive performance.

Used to evaluate whether the fuzzy
result followed the experimental propionate-
related tendency associated with amyloid
plaque burden.
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The external dataset was not used to
construct, train, or adjust the fuzzy-neural system.
Instead, it was used as an independent reference to
evaluate the agreement between the experimental
values and the results produced by the IDSS. This
procedure allowed the model to be assessed beyond
its internal validation, determining whether the
fuzzy results followed the same tendency as the
external experimental data.
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Values marked with an asterisk were
identified as outliers in the external dataset. The
table presents representative numerical values
from the independent SCFA-related experimental
relationships used for external cross-dataset
validation. These values were not used to train or
adjust the proposed IDSS; they were used only to
compare the direction of the experimental SCFA-
related trends with the biological trends predicted
by the fuzzy-neural model.

Table 13. External-validation Pearson results

Panel Analyte n Pearson r R? p-value
3H Butyrate 10 0.9497 0.9019 2.639 x 10°
31 Propionate 10 0.9920 0.9842 1.735 x 10
3K Butyrate 18 0.9664 0.9340 7.274 x 10!
3L Propionate 7 0.9800 0.9604 1.077 x 10*
3H: Butyrate external vs fuzzy 31: Propionate extemal vs fuzzy
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Fig. 10. Fitted line plots for the external cross-dataset validation between independent SCFA-related experimental

values and fuzzy results generated by the IDSS.
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The purpose of this comparison was to
evaluate the numerical and biological agreement
between the independent experimental values and
the fuzzy results generated by the IDSS. Since both
values were organized as paired observations for
each mouse ID, Pearson correlation and fitted line
analysis were applied to determine how closely the
fuzzy outputs followed the external experimental
values.
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Table 12 summarizes the independent
SCFA-related experimental relationships
considered for the external cross-dataset validation.
The table defines the biological meaning of each
relationship and explains how each one contributed
to the validation process. In this way, the selected
relationships provided an independent reference to
evaluate whether the proposed IDSS reproduced
coherent trends associated with SCFA activity,

0.9842
1.0 4

0.8

0.6

R

0.4 1

0.2 4

0.0-

0.9604

Panel

Fig. 11. Summary of Pearson correlation coefficients obtained from the external cross-dataset validation.
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Fig. 12. Boxplot of the normalized absolute error (%) obtained during the external cross-dataset validation
between independent experimental values and fuzzy results generated by the IDSS.
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Table 14. Experimental vs. Computational reliability [A]

[A]
Group Average Behavioral Mean Relationship  Percentage  Percentage  Percentage
SCFAs Tests difference (SCFAs / of records Change Change
(SCFAs - Tests) (SCFAs > (SCFAs vs (Tests vs
Tests) Tests) WT-C)
WEE)
WT-C 39.29% 30.48% 8.80% 128.87% 50.00% 0.00% 0.00%
Tg-C 38.61% 32.72% 5.90% 118.02% 50.00% -1.71% 7.33%
Tg-F 71.63% 35.42% 36.21% 202.24% 100.00% 82.33% 16.18%
Tg-F-Abx  27.21% 73.58% -46.38% 36.97% 0.00% -30.75% 141.39%
Table 14. Experimental vs. Computational reliability [B].
[B]
Comparison Change in SCFAs Change in behavioral tests
Tg-F vs Tg-C 85.51% 8.25%
Tg-F vs WI-C 82.33% 16.18%
Tg-F-Abx vs Tg-F -62.02% 107.76%
Tg-F-Abx vs WT-C -30.75% 141.39%
Table 14. Experimental vs. Computational reliability [C]
[C]
Study Model Main finding Validations

Present Study

Cuervo-Zanatta
etal.’

Zhou et al.,!
Zhu et al.,?®
Wu et al.,”
Wang et al.,’
Abdelhamid
etal.’!

Jiang et al.,

Lietal.*

Sun et al.,*

WT-C, Tg-C, Tg-F,
Tg-F-Abx
WT-C, Tg-C, Tg-F,
Tg-F-Abx

SxFAD y WT

APP/PS1 + B.
brief HNXY26M4
APP/PS1 +
Lactobacillaceae
Modelo murino
AD + butirato
AppNL-G-F + B.
breve MCC1274
5XFAD + butirato

Modelo murino AD

APP/PS1 + (FOS)

Highest SCFAs in Tg-F;
poorest profile in Tg-F-ABX.
Fiber protected cognition;
microbiota disruption
removed benefits.

SCFAs improved cognitive
and pathological profiles.
Reduced cognitive deficits
and neuroinflammation.
Reduced AP and
neuroinflammation.

Butyrate improved
cognition.

Prevented memory loss

and reduced hippocampal Ap.
Butyrate improved plasticity
and reduced inflammation.
Microbiota influenced
cognition and amyloid deposition.
FOS improved cognition and
reduced neurodegeneration.

Confirms group differences.

Supports fiber—microbiota
effects.

Supports SCFA protection.

Links microbiota with
cognitive improvement.
Supports microbiota therapy.

Supports SCFA
neuroprotection.
Supports microbiota
modulation.

Supports protective
SCFA effects.

Confirms the role of gut
microbiota.

Supports fiber/prebiotic
benefits.
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astrocytic response, amyloid pathology, and
cognitive performance in the murine AD model.

After defining the external SCFA-
related relationships, each panel was analyzed
as an independent paired dataset. In each case,
the external experimental value was paired with
the corresponding fuzzy result generated by
the IDSS for the same mouse ID. The objective
was to quantify the direction and strength of the
association between both values and to evaluate
how closely the fuzzy results followed the
independent experimental data.

For this purpose, Pearson correlation
analysis and fitted line analysis were applied to
each panel. Positive correlation values indicated
that the external experimental values and the fuzzy
results increased together, whereas negative values
indicated an inverse relationship. The coefficient of
determination (R?) was also calculated to estimate
the proportion of variability in the fuzzy results
explained by the external experimental values.

Values marked in the original external
dataset were retained in the main analysis and
considered during interpretation. This approach
allowed the full paired dataset to be evaluated while
identifying observations that could influence the
fitted line. Therefore, the external dataset was used
as an independent numerical reference to assess the
agreement between the experimental SCFA-related
values and the fuzzy outputs generated by the IDSS.
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The Pearson correlation coefficient was
calculated using the next equation:

S
T =
P92 (52 i)

(23)

Where:

* (xi ) and (yi) represent the paired experimental
values

*(x )and (y ) are the mean values of each variable
* (n) is the number of observations.

*The coefficient (r) ranges from -1 to 1.

Values close to 1 indicate a strong positive
association, values close to -1 indicate a strong
negative association, and values close to 0 indicate
a weak or absent linear relationship. In addition,
the coefficient of determination (R?) was used
to evaluate the degree of agreement between the
external experimental values and the fuzzy results
generated by the IDSS.

The fitted line analysis showed strong
agreement across all SCFA-related validation
panels. In panel 3H, the external butyrate values
showed a strong positive association with the fuzzy
results, with Pearson r = 0.9497 and R?2 = 0.9019.
This indicates that the fuzzy results followed the

Table 14. Experimental vs. Computational reliability [D] y [E]
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external butyrate values with a high degree of
numerical agreement.

In panel 31, the external propionate values
also showed a strong positive association with the
fuzzy results, with Pearson r = 0.9920 and R? =
0.9842. This was the strongest relationship among
the analyzed panels and indicates high consistency
between the external propionate values and the
IDSS output.

Similarly, panel 3K showed a strong
positive relationship between external butyrate
values and fuzzy results, with Pearson r = 0.9664
and R? = 0.9340. Panel 3L also showed strong
agreement between external propionate values
and fuzzy results, with Pearson r = 0.9800 and R?
=0.9604.

Overall, all external-fuzzy validation
panels showed R? values above 0.90, supporting
the numerical coherence of the proposed IDSS.
These findings reinforce the ability of the fuzzy-
neural system to generate outputs that are strongly
associated with independent SCFA-related
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experimental values for both butyrate- and
propionate-related validation panels.

Figure presents the fitted line plots
used to evaluate the external cross-dataset
validation between the independent SCFA-related
experimental values and the fuzzy results generated
by the proposed IDSS. Each panel compares the
external value on the x-axis with the corresponding
fuzzy result on the y-axis. The regression line
represents the fitted relationship between both
variables, while Pearson r and R? indicate the
strength of the association and the degree of
numerical agreement.

Overall, the results showed strong positive
associations in all validation panels. Panel 3H
evaluated butyrate-related values and showed a
strong agreement between the external data and
the fuzzy results, with R? = 0.9019 and Pearson
r = 0.9497. Although some points were more
dispersed, the general trend remained positive,
indicating that the fuzzy output followed the
external butyrate values.

Table 15. SCFAs, diet, genotype, and Al in AD models
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Panel 31 showed the strongest agreement
for propionate, with R? = 0.9842 and Pearson r =
0.9920. This indicates that the fuzzy results were
highly consistent with the external propionate
values. Similarly, panel 3K showed a strong
positive relationship for butyrate, with R>=0.9340
and Pearson r = 0.9664. Panel 3L also showed
strong agreement for propionate, with R>=0.9604
and Pearson r = 0.9800.

These results indicate that the fuzzy
results generated by the IDSS were strongly
associated with the independent experimental
SCFA-related values. Therefore, the fitted line
plots support the external numerical coherence of
the proposed fuzzy-neural system for butyrate- and
propionate-related validation panels.

To visually summarize the SCFA-related
external cross-dataset validation, fitted line
plots were generated for each paired external—
fuzzy relationship. These plots compared the
independent experimental values reported for
butyrate and propionate with the corresponding
fuzzy results generated by the IDSS. This graphical
representation allowed the degree of numerical
agreement between both datasets to be evaluated
using Pearson correlation coefficients and R?
values.

As shown in the figure, all SCFA-
related validation panels showed strong positive
associations between the external experimental
values and the fuzzy results. Panel 3H showed
strong agreement for butyrate, with Pearson r
= 0.9497 and R? = 0.9019. Panel 31 showed the
strongest agreement for propionate, with Pearson
r =0.9920 and R? = 0.9842. Similarly, panel 3K
showed a strong relationship for butyrate, with
Pearson r = 0.9664 and R? = 0.9340, while panel
3L showed strong agreement for propionate, with
Pearson r = 0.9800 and R? = 0.9604.

Overall, the fitted line plots showed
that the fuzzy results followed the external
SCFA-related experimental values with high
consistency. These findings support the external
numerical coherence of the proposed IDSS and
reinforce its ability to generate outputs that are
strongly associated with independent butyrate- and
propionate-related experimental data.

To complement the fitted line analysis, the
distribution of the validation error was evaluated
using a boxplot of the normalized absolute error
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(%). This analysis allowed the error between
the external experimental values and the fuzzy
results generated by the IDSS to be compared
across panels with different numerical scales. The
normalized absolute error was calculated as:

Normalized absolute error = [|Fuzzy result -
External value| / External range ] X100
24

Where the external range corresponds to
the difference between the maximum and minimum
external values within each validation panel. Lower
values indicate smaller differences between the
fuzzy result and the external experimental value.

The boxplot shows the distribution of
the normalized error for panels 3H, 31, 3K, and
3L. The orange line represents the median error,
the green triangle represents the mean error, the
box represents the interquartile range, and the
individual points represent the paired observations
used in the external validation.

Panel 3K showed the lowest and most
stable error distribution, with a median normalized
error of 1.5354% and a mean value of 3.2009%.
This indicates strong agreement between the
external butyrate-related values and the fuzzy
results. Panel 3H also showed a low median error
of 0.7729%, indicating that most observations
presented small differences between the external
values and the fuzzy outputs. However, its mean
error increased to 6.4823% due to one higher
deviation, which can be observed as an isolated
point in the plot.

Panel 31 showed a moderate but consistent
error distribution, with a median error of 4.5264%
and a mean error of 5.3816%. This suggests that
the fuzzy results followed the external propionate
values with acceptable stability. Panel 3L showed
the highest normalized error, with a median of
8.1957% and a mean of 11.7079%. This panel
included fewer observations and its values were
concentrated in a narrow range, which explains
the more compact visual distribution of the points
and box.

Overall, the boxplot supports the external
numerical consistency of the proposed IDSS.
Most validation panels showed low to moderate
normalized errors, confirming that the fuzzy results
were close to the independent experimental values.
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Together with the high Pearson correlation and R?
values obtained in the fitted line analysis, these
results strengthen the external validation of the
fuzzy-neural system for butyrate- and propionate-
related panels.

Overall, the SCFA-related external
cross-dataset validation showed strong numerical
agreement between the independent experimental
values and the fuzzy results generated by the
proposed IDSS. All analyzed panels showed
positive associations, with R? values above 0.90.
These results indicate that the fuzzy outputs
followed the external butyrate- and propionate-
related values with high consistency.

These findings suggest that the fuzzy-
neural model was able to reproduce SCFA-related
patterns beyond the internal dataset used for model
development. Therefore, the external validation
strengthens the reliability of the IDSS as an
interpretable computational tool for analyzing
butyrate- and propionate-related responses in a
murine model of Alzheimer’s disease.

DISCUSSION

Table 14 [A] present a comparative
summary of SCFA values as percentages. This
format makes it easier to see how much each
group improves or worsens compared to the others.
Section [B] shows how one experimental condition
differs from another. This allows for clearer
identification of the effects of fiber and antibiotics.
These changes help explain the magnitude of
differences between groups and strengthen the
biological interpretation of the results. The
observed trend aligns with that reported by.* They
used the same experimental groups and found
that a high-fiber diet helped prevent cognitive
decline and maintain a favorable gut environment.
Previous studies focused on metabolites have
validated that fiber, SCFAs, and their receptors
participate in protection against cognitive decline.
Therefore, the pattern observed in Tg-F-Abx is not
an isolated finding. Instead, it is consistent with the
experimental literature [C].

Section [D] shows the neuroprotection
error distribution obtained during the validation
of the SCFAs fuzzy inference system. This
is represented by pairs of input variables. A
comparison is presented between the actual values
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and those predicted by the SCFAs fuzzy inference
system for estimating neuroprotection level (R? =
0.9534, RMSE =4.8828, and MAE = 3.9475). This
provides one of the strongest pieces of evidence
for quantitative validation of the model [E].
The objective is not only to show that the model
generates low errors, but also to verify that its
overall behavior matches the experimental trends
reported in the WT-C, Tg-C, Tg-F, and Tg-F-Abx
groups.

The study of cognitive impairment
associated with AD has made remarkable progress
in recent years, powered by advances in Al and a
better understanding of the gut-brain connection.
However, as shown in the comparative review
(Table 15), most previous studies focused on
isolated domains (e.g., SCFAs, diet, genotype,
or behavioral tests), without methodological
integration to precisely model their interactions.

For example, researchers,'> demonstrated
neuroprotective effects of butyrate and propionate
on cognition in 5xFAD mice, observing marked
gains in memory (p < 0.01), but did not include
standardized behavioral tests or computational
modeling tools. Similarly, researchers,’ showed
that excess propionate reduces the cognitive
benefit of fiber in transgenic mice (“30% NOR, p
< 0.05), without including nonlinear modeling.>*
They analyzed the impact of genotype and SCFAs
on neuroinflammation, identifying reductions in
IL-6 and IL-14 of up to 50%, but did not integrate
behavioral variables or predictive systems. On
the other hand, researchers,?' achieved 89%
classification rate for AD impact in mice using deep
learning, although without considering metabolites
or using heuristic logic.

Advanced the field by developing
combined models that employ fMRI, EEG, and
fuzzy-ANN architectures to detect cognitive
impairment with over 90% accuracy.®® However,
their models did not include metabolites or tests
such as T-MAZE or NOR.’ Demonstrated 40%
reductions in butyrate in patients with AD, while
identified relevant biomarkers,” although both
studies maintained a descriptive approach. Studies
such as those by researchers,*?’ linked EPM and
WM to progressive decline, although they did not
establish direct relationships with SCFAs. Clinical
investigations similar to those by researchers,'*'**!
reported AUCs > 0.85 using ANN, but without
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using dietary markers or metabolites.

Studies by researchers,'®!" showed
promising experimental approaches: the first
classified dementia with over 93% accuracy using
EEG and fuzzy logic, and the second reported a
40% reduction in 4-amyloid with caffeine, although
neither integrated genotype or behavior. In contrast,
the present study executes a hybrid system based
on fuzzy logic and neural networks that allows the
combination of:

* Biological variables (SCFAs: acetate 45-60%,
butyrate 10-20%, propionate > 25%)

* Individual conditions (transgenic genotype, diet
with fiber or antibiotics)

» Behavioral assessment (T-MAZE, NOR, WM,
EPM)

* Adaptive uncertainty modeling with R?>0.90608
indicators in predicting behavioral loss.

Sensitivity analysis identified WM and
EPM as the most influential variables, consistent
with researchers.®?’ Furthermore, IDSS enables the
separate or integrated use of intelligent modules by
simulating test scenarios and reducing the need for
animal testing, supplying a robust, expandable tool
for future preclinical and clinical research. Table 15
presents a comparative table of the research results
compared to the current literature.

Unlike previous studies that only apply
conventional statistics or networks without
heuristic logic, this research offers a system capable
of adapting to conditions of uncertainty, modeling
expert knowledge, and simulating upcoming
experimental scenarios. Thus, it allows for
reducing the use of laboratory animals, optimizing
protocols, and generating more robust evidence
for the evaluation of neuroprotective therapies.
Finally, this approach is scalable and transferable to
human clinical studies or other neurodegenerative
diseases, provided that compatible databases are
available. Its main strength lies in offering an
integrative tool that overcomes the methodological
fragmentation of previous research, combining
forecasting precision with interpretive capacity
within complex environments.

Key contributions of this study include:

a) A Bilaterall FL-ANN framework for murine
AD modeling

b) Integration of SCFA metabolic biomarkers into
Al prediction
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c¢) Behavioral prediction using multi-test murine
datasets

d) Identification of neuroprotective metabolic
windows

e) Future research directions include:

f) Application of cross-validation and bootstrapping
methodologies to additional datasets is planned.
g) Comparison of the performance of IDSS,
Random Forest, SVM, XGBoost, and regression
baseline

h) Examination of scalability and applicability in
clinical settings.

CONCLUSION

This study demonstrates that the
integration of fuzzy logic (FL) and artificial
neural networks (ANN) within an intelligent
decision support system (IDSS) provides a flexible
and interpretable computational framework for
modeling the multifactorial nature of Alzheimer’s
disease-associated cognitive decline. The bilateral
architecture allowed metabolic, dietary, genetic,
and behavioral information to be analyzed within a
unified system, combining the ability of fuzzy logic
to represent uncertainty and nonlinear biological
relationships with the predictive capacity of
artificial neural networks.

The longitudinal and factorial structure of
the experimental design can be summarized as:

Yijk= p + Team, + Timej+ (Team * Time)ij +
Mouse, + €, (Morales et al.,25)

This formulation summarizes the
longitudinal and multimodal structure used to
integrate the experimental observations within the
IDSS.

The fuzzy component identified
concentration-dependent neuroprotective profiles
associated with short-chain fatty acids. Butyrate
concentrations between 10-20% and acetate
concentrations between 40-60% were associated
with more favorable neuroprotective responses,
whereas elevated propionate levels (>25%) were
related to less favorable outcomes, particularly in
transgenic animals. The experimental scenarios
also showed that fiber supplementation favored
SCFA-mediated neuroprotection, while antibiotic
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exposure reduced this benefit, supporting the
relevance of gut microbiota integrity in the
modulation of cognitive decline.

The ANN-based behavioral model also
showed strong predictive performance, achieving
an overall correlation greater than 0.90608.
Among the evaluated behavioral variables, WM
and EPM showed the greatest influence on the
estimation of behavioral loss, highlighting the
importance of spatial memory and anxiety-related
responses in the computational characterization of
cognitive deterioration. These results demonstrate
that the proposed system can integrate multiple
behavioral measurements and generate quantitative
estimations that complement experimental
evaluation.

External cross-dataset validation further
strengthened the consistency of the proposed
IDSS. Most independent biological relationships
followed the trends generated by the system, while
the comparison between external experimental
values and fuzzy outputs produced coefficients of
determination above 0.90. These findings support
the ability of the model to reproduce biologically
meaningful patterns beyond the data used for its
initial development.

Overall, the proposed bilateral fuzzy—
neural framework provides a computational
tool for scenario simulation, identification of
neuroprotective metabolic conditions, and
prediction of behavioral decline in experimental
AD models. Its in-silico capabilities may contribute
to more targeted and resource-efficient preclinical
analyses while complementing, rather than
replacing, experimental evaluation. Future
work should expand the IDSS database through
additional independent experimental datasets,
strengthen its external validation, and evaluate its
applicability to other neurodegenerative disorders,
including Parkinson’s disease, amyotrophic lateral
sclerosis, and Huntington’s disease.
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