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	 Artificial intelligence (AI) is transforming preclinical research in Alzheimer’s disease 
(AD), particularly through its integration with Murine experimental models (MEMs) for 
early detection, monitoring, and therapeutic evaluation. However, current research remains 
fragmented, with limited standardization and insufficient integration across methodological 
and translational domains. This systematic literature review (SLR) analyzes 221 peer-reviewed 
studies published between 2009 and 2025, focusing on AI applications in preclinical AD models. 
The study takes a closer look at a wide range of AI techniques, from machine learning and deep 
learning to computer vision, natural language processing, and generative models, mapping 
out how each is used at various stages of AD and within different experimental approaches. 
In examining these studies, the results reveal a strong predominance of unimodal approaches, 
limited use of multimodal data fusion, and significant variability in validation protocols, which 
collectively hinder reproducibility and translational impact. Additionally, the analysis identifies 
key gaps in real-time monitoring, explainability, and integration of heterogeneous datasets. 
Based on these findings, this work proposes a conceptual framework for AI-assisted preclinical 
pipelines that integrates multimodal data, adaptive learning systems, and translational 
validation strategies. This framework is designed to enhance potential implications, such as 
the clinical relevance of preclinical AD research, to facilitate the development of scalable, 
precision medicine-oriented diagnostic and therapeutic solutions.

Keywords: Alzheimer’s disease (AD), Artificial Intelligence (AI), Murine Experimental models 
(MEMs), Preclinical Frameworks (PF), Systematic Literature Review (SLR).

	 Dementia stands as a major force behind 
disability, dependency, and loss of life among 
older adults today. In 2021, over 57 million people 

worldwide faced the challenges of dementia, with 
the majority—more than 60 percent—living in 
low- and middle-income countries. Among them, 
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AD stands out as the most prevalent, responsible 
for around 60 to 70 percent of all cases. Looking 
ahead to 2050, experts warn that the number of 
people living with dementia could soar to between 
139 and 152 million worldwide.1

	 Figure 1, panel [A], shows evidence 
that the age-standardized prevalence of dementia 
has remained relatively stable over the past three 
decades, with average values   ranging from 700 to 
900 cases per 100,000 inhabitants in women and 
550 to 700 per 100,000 in men. However, growth 
is projected to continue on an upward trend over 
the next four decades. Panel [B] reveals a dramatic 
surge in dementia cases spanning every age group, 
with numbers soaring from around 30 million in 
1990 to a staggering 100 million expected by 2050. 
This exponential growth is primarily attributed to 
global population aging, particularly in low- and 
middle-income regions where the demographic 
transition is relatively recent.2

	 In the Mexican context, the situation is 
no different and presents particularities that make 
it doubly relevant. Recent population studies in 
Mexico indicate an overall dementia prevalence 
of approximately 7.8% among people aged 60 
and over, of whom a significant proportion meet 
the clinical criteria for AD. Certain analyses have 
observed that AD and other dementias in Mexico 
went from representing a relatively minor burden 
between 1990 and 2019 to experiencing increases 
of 200% or more in incidence and age-standardized 
prevalence.3

	 The study of AD is of increasing 
importance globally and regionally due to its 
epidemiological, socioeconomic, and health 
impacts. The rapid aging of the population has 
steadily increased the incidence and prevalence 
of AD, requiring updated local data, predictive 
models, and analyses of specific risk factors. 
Beyond its individual effects, AD represents a 
significant burden on families, healthcare systems, 
and national economies, especially in developing 
countries where healthcare infrastructure, support 
for caregivers, and public strategies are still limited. 
Furthermore, significant inequalities persist in 
research and care for the disease. While most 
studies focus on high-income countries, regions 
like Latin America lack longitudinal data and 
representative biomarkers, which restricts the 

understanding of the genetic, environmental, and 
sociocultural factors involved in its progression.3

	 Although AD still lacks a definitive 
cure, advances in drug therapies, early diagnostic 
strategies, and preventive approaches based on 
modifiable risk factors highlight the need to 
strengthen local research. Further study of AD will 
not only optimize care and prevention strategies but 
also reduce the humanitarian and economic burden 
associated with this neurodegenerative disease.
Alzheimer’s Disease: Harnessing Artificial 
Intel l igence to Transform Precl inical 
Experimental Models
	 AD stands as the most common type 
of neurodegenerative dementia, marked by the 
relentless buildup of â-amyloid plaques, tangled 
tau fibers, and the gradual fading of neurons 
and synapses. Even after decades of dedicated 
research, turning preclinical breakthroughs into 
real clinical success remains rare, largely because 
current experimental models fall short of capturing 
the true complexity of human disease. Against 
this backdrop, weaving AI and machine learning 
(ML) techniques into preclinical models opens up 
exciting new possibilities to boost reproducibility, 
deepen data interpretation, and sharpen predictions 
for human translation. This integrative approach 
opens new avenues for optimizing experimental 
design, analyzing large volumes of multi-omics 
data, and evaluating diagnostic, monitoring, 
follow-up, and treatment procedures for the 
disease.
	 Bibliometric analysis reveals accelerated 
growth in scientific output on AI applied to 
experimental AD models (See Table 1), especially 
since 2015, driven by advances in ML and 
computer vision (CV) [A]. This surge in research 
is led by the United States and China, followed by 
India, the United Kingdom, and Italy, reflecting a 
concentration in economies with high scientific 
investment [B]. Furthermore, publications 
are concentrated in high-impact journals in 
neuroscience, biomedicine, and computational 
intelligence, confirming the interdisciplinary 
convergence between engineering, biology, 
and data science [C]. Notably, original articles 
predominate, followed by reviews, thereby 
indicating the maturity and consolidation of the 
field in the preclinical realm [D].
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Harnessing Artificial Intelligence: Transforming 
Mouse Models for Alzheimer’s Disease Research
	 Preclinical research on AD in experimental 
animal models using AI is accelerating the 
discovery of biomarkers and developing new 
hybrid methods to support healthcare stages 
for the disease. Using ML and deep learning 
(DL) techniques, these models have shown high 
performance for classification, segmentation, 
and multimodal fusion in neuroimaging, omics, 
and behavior, with direct implications for early 
detection, risk stratification, and prognosis in the 
care pathway.5 In parallel, MEMs (e.g., 5xFAD, 
APP/PS1; knock-in/knock-out strategies, and Aâ/
tau inoculation) enable robust modeling of amyloid 
pathology and, to a lesser extent, tau pathology. 
Where AI automates behavioral analysis (gait/
open-field, Morris water maze) and histological/
imaging quantification to improve the statistical 
power and reproducibility of studies, bridging the 
preclinical-clinical gap.
	 AD represents one of the major 
challenges in neuroscience due to its complexity 
and heterogeneous progression. This systematic 
literature review (SLR) seeks to deepen our 
understanding of intelligent disease management 
processes in MEMs, which play a vital role 
in generating preclinical data. By thoroughly 
assessing their application and effectiveness, this 
review sheds light on their true potential. The 
research questions (RQ) are classified in Table 2.
Objective
	 Current AI-based preclinical AD 
studies lack standardized multimodal integration 
frameworks, leading to inconsistent translational 
outcomes. This SLR aims to integrate and critically 
analyze AI techniques applied to the monitoring, 
control, and follow-up of AD stages in MEMs. 
The objective is to identify the key methodologies, 
variables, and technological trends driving this 
research. By integrating empirical and theoretical 
studies from January 2009 and December 2025, 
the aim is to develop a comprehensive and up-
to-date framework that provides specialists with 
a complete overview, facilitating more informed 
decision-making and accelerating the development 
of precision medicine solutions.
Design/Methodology/Approach
	 This review embarked on a rigorous 
journey, systematically scouring SCOPUS and 

Web of Science for academic literature by weaving 
together the keywords “Alzheimer’s disease 
(AD),” “Artificial Intelligence (AI),” “Preclinical 
Frameworks,” and “Murine Experimental Models 
(MEMs)” using the logical operator “AND.” Only 
peer-reviewed journal articles published between 
2009 and early 2025 in English or Spanish, with 
the search terms featured in the title, abstract, 
or keywords, were considered. Conference 
proceedings, unpublished manuscripts, and other 
materials were set aside. The initial search yielded 
1383 documents, which were meticulously refined 
and organized by type and thematic relevance. 
After removing duplicates, the studies faced 
a thorough evaluation through three Research 
Questions (RQ) and three Quality Assessment 
Questions (QAQ). Ultimately, 221 articles made 
the final cut for data extraction and analysis. The 
findings were then synthesized and grouped into 
thematic categories, highlighting their relevance 
to the perception of AD, all guided by PRISMA 
protocols. The research and quality questions 
served as a filter, allowing only the most relevant 
articles to be categorized, which significantly 
reduced the number of references included.
Practical Implications
	 The results have significant implications 
for applied engineering and scientific research. 
They show that AI can improve the diagnosis, 
treatment, and monitoring of AD by predicting 
patient deterioration, which supports more efficient 
clinical planning. The study also highlights the 
need to standardize and update preclinical records 
in MEMs, since model accuracy relies on data 
quality and frequency.6 Given the variability in 
abnormal protein accumulation, oxidative stress, 
mitochondrial damage, neuroinflammation, 
synaptic dysfunction, genetic and epigenetic 
changes, and the disease’s slow progression, 
these factors are critical for adaptive systems to 
recalibrate as patient conditions change.
Originality/Value
	 This SLR significantly advances 
preclinical engineering by analyzing the interplay 
between neurodegenerative disease stages, 
monitoring techniques, and AI methods in a single 
study. Unlike previous research (See Table 8), 
which addressed these elements separately, this 
work provides an interdisciplinary perspective, 
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connecting disease care, traditional procedures, 
and intelligent modeling.
	 Identifying key factors, monitoring 
stages, and predictive techniques establishes 
a strong foundation for developing intelligent 
diagnostic, monitoring, and treatment systems. By 
highlighting knowledge gaps and methodological 
limitations, this study directs future research 
toward more accurate and adaptive hybrid 
models for various preclinical animal models, 
with the goal of meeting clinical standards for 
human application. These findings enhance both 
theoretical understanding and practical strategies 
to address neurodegenerative disease impacts.
Research Gap/Contribution
	 Despite the rapid growth of AI in 
preclinical AD research, current studies remain 
fragmented across methodologies, experimental 
models, and data modalities. Existing reviews 
typically address isolated domains—such as 
neuroimaging, biomarker discovery, or specific 
AI techniques. They do not provide an integrative 
framework linking AI methods to disease 
progression stages and experimental validation in 
MEMs. Moreover, the lack of standardization in 
data acquisition, model validation, and translational 
evaluation limits reproducibility and hinders 
clinical transferability. This issue is exacerbated 
by the predominance of unimodal approaches and 
the limited adoption of multimodal data fusion 
strategies.
	 In response, this study provides a critical, 
structured synthesis of AI-driven preclinical 
frameworks for AD. It integrates methodological, 
experimental, and translational dimensions within 
a unified analytical framework. Specifically, it (i) 
develops a taxonomy linking AI techniques with 
both experimental methodologies and clinical 
stages of AD, (ii) identifies systemic limitations 
affecting reproducibility and translational success, 
and (iii) proposes an integrated conceptual 
framework for multimodal, AI-assisted preclinical 
pipelines.
	 By moving beyond descriptive analysis, 
this work advances a critical understanding of 
AI. It shows how AI can effectively support the 
design, monitoring, and translation of preclinical 
AD models toward clinically relevant outcomes.

Methodology: Systematic Literature Review 
(SLR)
	 The purpose of this study is to conduct an 
SLR focused on the treatment of AD, specifically 
in MEMs. Currently, there is a growing interest 
in integrating AI techniques as a tool to model 
the behavior, monitoring, and treatment of 
neurodegenerative diseases, with the aim of 
optimizing results in preclinical models and 
ensuring the reliability of future applications 
in humans. This document analyzes various 
approaches from scientific articles and literature 
reviews published between January 2009 and 
December 2025, with the objective of identifying 
the advantages of using AI in animal and other 
experimental models. The methodology employed 
is innovative for the three-phase structure used in 
this work, comprising planning, execution, and 
documentation, which was combined with the 
PRISMA protocol to ensure the reliability of the 
review.7 Sections 2.1 and 2.2 provide a summary 
of the review protocol. 
	 Integrates the study selection process, the 
main AI techniques identified, their application 
across the AD care continuum, the principal 
experimental data modalities, and the key 
translational gaps detected in the literature. Based 
on 221 studies published between 2009 and 2025, 
the visual synthesis highlights the predominance 
of ML, ANNs, DL, CV, and GM, while also 
emphasizing the limited adoption of XAI, embedded 
systems, multimodal fusion, and real-time 
monitoring. The proposed framework integrates 
multimodal data, performs preprocessing, supports 
AI modeling, enables explainable interpretation, 
supports longitudinal monitoring, and delivers 
translational outputs. The figure illustrates the need 
for standardized, interpretable, and multimodal 
AI-assisted pipelines to improve reproducibility, 
biological interpretability, therapeutic evaluation, 
and translational relevance in preclinical AD 
research.
Study Selection and Quality Assessment
	 The search criteria were constructed by 
combining the operator “and” with the key terms: 
“Alzheimer’s disease (AD), “Artificial Intelligence 
(AI),” “Preclinical Frameworks,” “Murine 
Experimental Models (MEMs),” The systematic 
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search included two main databases: SCOPUS 
and Web of Science, with the aim of collecting 
academic articles and reviews that met the 
following criteria: (i) published in peer-reviewed 
journals between 2009 and early 2025; (ii) written 
in English or Spanish; and (iii) including key terms 
in the title, abstract, and keywords. The application 
of these criteria resulted in the identification of 
2396 articles in Mendeley, SCOPUS, and Web of 
Science. The results were then classified according 
to the type of document (article, book, or review). 
After eliminating duplicates, the references were 
organized alphabetically by author, avoiding biases 
related to the publication year or “relevance”. 
Finally, the selected studies were evaluated 
using the Quality Assessment Questions (QAQ) 
presented in Table 3.
	 The authors defined the questions to 
ensure they were aligned with the research 
methodology and the questions outlined in Table 
2. The primary goal was to meet the criteria 
established by the research questions, ensuring 
a high-quality evaluation. The study criteria 
included both the title and abstract; if a document 
did not meet these criteria, it was discarded 
because it did not address the posed questions. 
We excluded articles for various reasons. These 
included incomplete information on application 
techniques, variables unrelated to the research 
question, inappropriate populations or contexts, 

weak research designs, unclear or incomplete 
data, unvalidated measurement tools, and lack 
of access to the full text.Finally, a sample of 221 
documents was selected for data extraction. Table 
4 summarizes the results of the search strategy and 
the quality assessment process using the PRISMA 
flowchart (See, Figure 2) (Accessed December 31, 
2025).
	 Figure 3 provides a graphical summary of 
the key topics of interest in this study, with RQ2 
being the most relevant topic: the application of 
artificial intelligence techniques for detecting, 
monitoring, and controlling AD in MEMs. [A] 
Temporal trend: A pronounced rise in publications 
during 2021–2025 indicates rapid field maturation 
following a gradual growth phase from 2009–
2020. [B] Experimental models: Non-MEMs 
dominate (66.97%), reflecting methodological 
diversification, while MEMs remain scientifically 
relevant (33.03%) in biomedical research. [C] 
Document types: Reviews prevail (55.93%), 
followed by research articles and conference 
papers (40.68%), demonstrating a consolidation 
phase characterized by critical synthesis rather 
than primary exploratory output; theses/books 
are minimal (3.39%). [D] Research questions: 
Evidence concentrates on RQ2–RQ3, emphasizing 
applied, integrative, and translational perspectives, 
whereas RQ1 is less represented, aligning with a 
shift toward impact-oriented research. [E] Open 

Fig. 1. Estimated trends in global age-standardized dementia prevalence [A] and total number of cases across all 
ages [B], with 95% uncertainty intervals for 2019–2050. GBD refers to the Global Burden of Diseases, Injuries, 

and Risk Factors Study. Based on2:
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Data: Restricted access predominates (75%), 
limiting transparency and equitable knowledge 
dissemination; only 25% of studies are openly 
accessible.
Analysis of case studies in SLR (RQ)
	 For each research question, the analysis 
group followed a deductive approach to define 
the category framework based on theoretical 
considerations. By establishing categories 
parallel to known subsets and deriving innovative 
applications found in the literature, we emphasize 
that this study excludes traditional statistical 
methods, as it is a review focused on AI.
	 In question RQ1, an exhaustive analysis of 
documents addressing AI techniques used in MEMs, 
as well as in other animal models (Invertebrates, 
simple vertebrates, and large mammals), was 
carried out. The applicability of the techniques in 
diagnostic, progression, and therapeutic processes 
was examined. Among the main techniques studied 

are ML, with learning variants in applications to 
predict progression and personalize medical care 
for patients with AD8; ANN, which determine 
the stages of the disease using artificial learning 
algorithms; Natural Language Processing (NLP), 
to analyze biomarkers and neuroimaging; CV, for 
the classification of magnetic resonance images6; 
DL, for diagnosis and prognosis of the disease; 
Evolutionary Optimization (EO), in early detection 
through non-invasive biomarkers; and Generative 
Models (GM), for drug design, unraveling 
pathologies and advancing treatment strategies 
with Explainable Artificial Intelligence (XAI) and 
Embedded Systems (ES). This analysis enabled us 
to identify key factors for applying the techniques 
in the literature.9

	 In RQ2, they examined the application 
of AI in the stages of AD, healthcare from early 
detection to palliative care. Advancing preventative 
diagnosis (PRV) of neurodegenerative disease with 

Table 1. Analysis Bibliometric AI in preclinical experimental models. Based on4:

	 [A]	 [B]

	  
	 [C]	 [D]
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Table 2. Research questions

Identification	 Question

RQ1	 Which AI techniques are most frequently harnessed to advance AD treatment in MEMs?
RQ2	 How effective are AI techniques in AD for early detection and monitoring of 
	 progression in MEMs?
RQ3	 What limitations and challenges do AI applications present in the study of AD in MEMs 
	 compared to traditional experimental approaches?

Table 3. Quality assessment questions

Quality assessment questions	 Identification

Are the applications of AI techniques in MEMs for AD clearly defined and well explained?	 QAQ1
Does the existing literature provide relevant evidence of the effectiveness of AI techniques 	 QAQ2
in AD using MEMs?
Do the presented AI techniques offer novel and useful contributions compared with traditional 	 QAQ3
approaches in MEMs for AD?

Table 4. Results of the Search Strategy and Quality Assessment

 	 Results	 Data Range 2009–2025

Web of science core collection search	 2396	 Timespan: 2009–2025. Indexes: SCI-EXPANDED, 
		  SSCI, A&HCI, CPCI-S, CPCISSH.ESCI.
SCOPUS search	 1942	 Timespan: 2009–2025.Indexes: SCI-EXPANDED, 
		  SSCI, A&HCI, CPCI-S, CPCISSH.ESCI.		
Web of science core collection 	 824	 Timespan: 2009–2025.Indexes: SCI-EXPANDED, 
search refinement search		  SSCI, A&HCI, CPCI-S, CPCI-SSH.ESCI.	
SCOPUS refinement search	 1640	 Timespan: 2009–2025.Indexes: SCI-EXPANDED, 
		  SSCI, A&HCI, CPCI-S, CPCI-SSH.ESCI.	
Papers recovered	 1383	 	
Duplicates	 351	 	
Papers for quality assessment	 1032	 	
Excluded for not addressing the QAQs	 811	 	
Sample for data extraction	 221	 	

AI-enhanced MRI.8 Comprehensive Diagnosis 
(CDx), with intelligent behavioral tracking 
of the mouse model based on the activity of 
the hippocampal complex, is used to improve 
neurofunctionality within multidisciplinary 
treatment (MDT) settings. Modifying reaction 
time task parameters on platforms for continuous 
monitoring (CFU) and palliative care (PC), such as 
the automated “IntelliCage,” identifies impulsivity 
and attention, and classifies abnormalities in 
disease progression in the 3xTg-AD model.10

	 In RQ3, the experimental methods in 
MEMs of AD with AI are analyzed, ranging from 

genetic tools to generate the pathology to behavioral, 
molecular, histological, and neuroimaging 
evaluations, allowing for a comprehensive view 
of the disease and the validation of therapies. 
Using Genetic Methods (GM) with DL approaches 
for the early detection of the disease through 
multimodal images.11 Behavioral Methods (BM), 
for the evaluation of locomotion and anxiety 
patterns in the open field through automated 
analysis. Histopathological Methods (HM), with 
the integration of transcriptomics, proteomics, 
and metabolomics to identify early biomarkers.12 
Biochemical and Molecular Methods (BMM), 
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Fig. 2. PRISMA flowchart

through supervised learning to differentiate 
progression states based on molecular profiles. 
Through deep learning to obtain comprehensive 
biomarkers in Neuroimaging Methods (NM), 
Electrophysiological Methods (EM), combined 
with unsupervised learning to identify hidden 
patterns in complex datasets, as well as the 
interpretation of molecular, histological, and 
behavioral data to predict cognitive progression 
in mice.13,14 Pharmacological and Therapeutic 
Methods (PTM).
	 The SLR analyzes the medical care 
provided to a patient with AD using an experimental 
mouse model using AI techniques. This provides 
significant benefits to society by introducing 
innovative approaches to preclinical studies for 
diagnosing, treating, monitoring, and managing 
the behavior of neurodegenerative diseases. The 
application of AI enables the modeling of complex 

processes, such as disease progression, which has 
accelerated discoveries, reduced human bias, and 
improved the translation of findings into clinical 
research. Furthermore, it fosters innovative 
practices that can limit the future impact of the 
disease.
	 From a research perspective, this review 
serves as an essential tool, as it identifies knowledge 
gaps and highlights areas that require further study, 
thereby guiding new research toward relevant 
and unresolved problems. It also promotes 
interdisciplinary collaboration by connecting 
diverse topics, especially in the treatment of AD, 
and provides up-to-date references that offer a solid 
and contemporary theoretical framework. This 
facilitates researchers in the design of experiments, 
hypothesis validation, and the development of 
innovative methodologies.
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Fig. 3. Analysis of case studies in SLR (RQ)

Fig. 4. Processing pipeline. Adapted from8:

Results and Discussion

Artificial intelligence techniques in Alzheimer’s 
care
	 The objective of Research Question 
(RQ1) is to analyze the influence of applying 
various AI techniques to the monitoring of AD, 
considering its main areas of study. 
	 This analysis includes ML techniques, 
considering supervised, unsupervised, and 
reinforcement learning; ANNs, including 
multilayer perceptron, convolutional, recurrent, 
and transformer networks; NLP, through data 

analysis and generation; CV, for object detection 
and recognition, 3D reconstruction, and image 
processing; DL through generative and advanced 
prediction models; EO methods with genetic 
algorithms, particle swarms, and evolutionary 
programming; GM with generative and diffusion 
models; XAI with design-interpreted or complex 
models; and ES through autonomous and path-
planning systems. From Optical projection 
tomography acquisition, the projections are 
used to reconstruct a 3D image with a filtered 
back-projection algorithm. After a normalization 
step, a random forest classifier identifies voxels 
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corresponding to plaques in the image volume. 
Quantitative measurements can be extracted from 
the segmentation mask, allowing for statistical 
analyses to be conducted. This study highlights 
the importance of applying these techniques to 
understand their role in AD care in MEMs, as 
presented in Figure 4.
	 An analysis was conducted of 59 studies, 
classified into two main categories. The first, 
“Murine Experimental Models,” includes research 
focused on this area. The second, “Other Animal 
and Non-Animal Models,” encompasses studies 
focused on medium and large animals, primates, as 
well as cell cultures, organoids, and computational 
models. Studies providing Open Data (OD) were 
also identified to improve the verification and 
transparency of the results.
	 Each study was systematically evaluated 
and weighted based on the number of analytical 
tools used for the topic of interest. Table 5 
presents a complete summary of this classification, 
including weighting, categorization, and references 
for each study included in the SLR.
	 The 59 analyzed studies were classified 
based on their examined properties, year of 
publication, availability of open data, and 
associated MEMs or Other animal and non-
animal models, as shown in Figure 5. [A] 
Temporal distribution: Publication volume 
concentrates in 2021–2025, confirming rapid field 
consolidation after limited activity in previous 
periods. [B] Experimental models: Non-murine and 
alternative models dominate (69.49%), indicating 
methodological diversification, while MEMs 
remain relevant (30.51%). [C] Document types: 
Reviews prevail (55.93%), followed by articles 
and conference papers (40.68%), reflecting a 
knowledge-synthesis phase; theses/books represent 
a minor contribution (3.39%). [D] AI techniques: 
ANN and ML predominate, with GM, CV, and 
DL as secondary approaches; XAI and ES remain 
underrepresented, highlighting opportunities for 
future methodological maturation. [E] OD: Only 
24% of publications are open access, underscoring 
limited transparency and restricted knowledge 
dissemination.
Analysis and Discussion of Artificial Intelligence 
Approaches
	 AI  approaches  are  increas ingly 
used across preclinical and non-animal AD 
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Fig. 5. AI techniques in Alzheimer’s care in mouse and other animal experimental models

Fig. 6. ML in the diagnosis of AD. Adapted from.8

research, though their roles differ by data type, 
experimental model, and translational application. 
In MEMs, ML and ANNs quantify amyloidosis, 
automate cognitive and behavioral assessment, 
and identify nonlinear associations between 
behavioral, molecular, structural, and functional 
variables.5,6,13,15,16 Graph-based approaches enable 
characterization of brain aging and functionally 

relevant connections. Multimodal integration 
links proteomic, connectomic, and behavioral 
information across biological scales.11,15 CV 
and DL extend these capabilities by enabling 
automated phenotype extraction, three-dimensional 
segmentation of amyloid pathology, and 
longitudinal behavioral monitoring, including 
IntelliCage-based assessment.6,8,23 Collectively, 
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.

these approaches provide quantitative phenotype 
representations that are difficult to characterize 
manually, though their generalizability depends 
on dataset size, experimental standardization, and 
biological heterogeneity.
	 Other AI methods address complementary 
aspects of preclinical modeling. NLP supports 
structured interpretation of textual or linguistically 
encoded behavioral and clinical information. When 
integrated with multimodal systems, it may help 
align experimental observations with clinically 
relevant descriptors.20,22-25 EO has been applied to 
parameter, feature, and model selection, improving 
AI system adaptation to complex biological datasets 
and supporting biomarker identification.20,21,23,30 
GMs enable synthesis or simulation of biological, 
molecular, imaging, and behavioral data, with 
applications in trajectory modeling, virtual 
experimentation, and drug discovery.11,23,31-34 In 
parallel, XAI improves interpretability by linking 
model outputs to measurable biological features, 
enhancing experimental traceability and facilitating 
interpretation of neuroimaging, behavioral, and 
molecular predictions.11,24,35-37 Finally, ES enable 
AI-assisted acquisition and analysis closer to the 
experimental environment, supporting continuous 
behavioral and physiological monitoring.22,37

	 Beyond murine studies, AI applications 
include other animal models (Invertebrates, simple 
vertebrates, and large mammals), human/clinical 
datasets, and non-animal computational systems 
(In vitro methods, organs-on-chips, in silico, 
organoids, 3D bioprinting, and microorganisms). 
Here, the main objective shifts from experimental 
phenotype characterization to diagnosis, prognosis, 
biomarker integration, and translational modeling. 
ML and ANN frameworks combine neuroimaging, 
clinical, molecular, genomic, and behavioral 
variables for disease staging, early detection, 
and individualized prediction.17-21 DL and CNN-
based systems extend these analyses to complex 
imaging and non-invasive digital biomarkers. 
Multimodal architectures integrate heterogeneous 
information and improve representation across data 
domains.18,24,26-29 NLP-based methods have been 
investigated for automated speech and semantic 
analysis, providing complementary digital markers 
of cognitive decline.24,25 EO optimizes feature 
selection and model configuration in heterogeneous 
datasets. GMs offer opportunities for synthetic 
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Fig. 7. Artificial intelligence in the evolutionary stages of Alzheimer’s in mouse and other animal experimental 
models.

data generation, trajectory modeling, and virtual 
experimental environments.30-34 XAI is particularly 
relevant because interpretability facilitates 
biological and clinical examination of model 
predictions and improves reproducibility.24,35-37 
ES supports real-time, low-power acquisition and 
analysis of physiological or behavioral signals.22,37

	 Despite these advances, the evidence 
should not be seen as demonstrating uniform 
clinical or translational superiority. Most AI 
systems remain sensitive to dataset composition, 
modality imbalance, model architecture, and 
external validation. Differences between murine, 
other animal, clinical, and non-animal datasets can 
limit direct cross-model extrapolation. Therefore, 
the main translational opportunity lies not in 
increasing predictive performance alone, but in 
developing multimodal, longitudinal, interpretable, 
and externally validated AI frameworks that 
connect experimental phenotypes with clinically 
meaningful biomarkers.61-64 Such integration may 
reduce the disconnect between computational 
performance and biological validity and provide a 
more rigorous basis for transferring findings across 
experimental and clinical contexts.65-70

Artificial intelligence in the evolutionary stages 
of Alzheimer’s
	 The objective of RQ2 is to identify the 

relationship between the stages of healthcare 
for a chronic and progressive AD and ML 
techniques. This study focuses specifically on 
PRV, health promotion, screening and early 
detection; CDx, including medical and family 
history, physical and neurological examinations, 
cognitive testing, complementary studies and stage 
classification; MDT, both pharmacological and 
non-pharmacological; CFU, including periodic 
consultations, comorbidity monitoring, functional 
assessment, caregiver support; and PC, including 
management of behavioral disorders, management 
of complications, and safe adaptation to the 
environment. Figure 6 presents a workflow diagram 
illustrating the application of machine learning 
algorithms in AD diagnosis. The architecture 
includes data preprocessing, feature selection, 
model training, and validation using neuroimaging 
datasets.
	 An analysis was conducted of 78 studies, 
classified into two main categories. The first, 
“Mouse Experimental Models,” encompasses 
research focused on the use of the mouse model. 
The second, “Other Animal and Non-Animal 
Models,” encompasses studies focused on medium 
and large animals, primates, as well as cell cultures, 
organoids, and computational models. Studies 
providing OD were also identified to improve the 
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verification and transparency of results. Each study 
was systematically evaluated and weighted based 
on the number of analytical tools employed in 
relation to the topic of interest. Table 6 presents a 
complete summary of this classification, including 
weighting, categorization, and references for each 
study included in the SLR.
	 The 78 analyzed studies were classified 
the stage of disease care, year of publication, 
availability of open data, and associated Mouse 
Experimental Models or Other animal and 
non-animal models, as shown in Figure 7. [A] 
Temporal distribution: Research activity clusters 
in 2021–2025, confirming recent consolidation 
after limited earlier development. [B] Experimental 
models: Non-murine and alternative models 
predominate (66.67%), while MEMs remain 
relevant but less frequent (33.33%). [C] Document 
types: Reviews dominate (56.41%), followed by 
articles/conference papers (35.90%), reflecting 
a synthesis-focused stage; theses/books show 
marginal presence (7.69%). [D] Medical care 
stages: Highest representation in prevention and 
diagnosis, followed by multidisciplinary treatment; 
follow-up and palliative care are underrepresented. 
[E] OD: Only 23% of studies are openly accessible, 
indicating restricted knowledge diffusion and 
limited scientific accessibility.
Analysis and Discussion of AI Across the AD 
Prevention-to-Care Continuum
	 AI applications in AD extend beyond disease 
detection to a continuum including prevention, 
comprehensive diagnosis, multidisciplinary 
treatment, continuous follow-up, and supportive 
or palliative care. In MEMs, prevention-oriented 
applications focus on identifying early structural, 
behavioral, and functional alterations before 
overt neurodegeneration. DL, neuroimaging, 
and automated behavioral platforms identify 
candidate early biomarkers and evaluate responses 
to neuroprotective interventions.8,38,39 IntelliCage-
based monitoring and brain-age modeling 
support longitudinal characterization of cognitive 
vulnerability and disease-related phenotypes.40 For 
CDx, integrating MRI, behavioral measures, and 
graph-based approaches characterizes structural, 
functional, and cognitive alterations, while 
automated phenotyping facilitates standardized 
assessment. 39,40 In MDT, multimodal AI 
frameworks integrate imaging, biomarkers, 
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Fig. 8. AI versus traditional experimental methods in AD experimental models with mice and other animals

and behavioral information to characterize 
therapeutic responses and longitudinal changes 
in connectivity and plasticity.6,16 Similarly, CFU 
is supported by AI-enhanced neuroimaging, 
graph-based models, and automated behavioral 
monitoring, enabling temporal associations 
among molecular biomarkers, neural alterations, 
cognition, and treatment response.15,22 For welfare-
oriented applications, automated and non-invasive 
monitoring reduces handling and detects behavioral 
or neurofunctional changes relevant to animal 
welfare and humane experimental management.38,40

	 In other animal, human/clinical, and 
non-animal models, the emphasis shifts to risk 
prediction, multimodal diagnosis, individualized 
intervention, and longitudinal disease management. 
AI systems integrating clinical, genetic, imaging, 
and digital biomarkers have been investigated 
for risk stratification and early identification of 
neurodegenerative changes.18,41-43 Multimodal 
approaches combine structural, functional, 
and molecular information to characterize 
subclinical cognitive decline and support 
individualized diagnostic assessment.41,44 Within 
MDT frameworks, DL, neuroimaging, and 
ES integrate heterogeneous signals to assess 
treatment response and characterize affected 
neural circuits.16,45,46 Longitudinal AI and chronic 

neurotechnology’s enable integration of imaging, 
clinical, physiological, and cognitive trajectories, 
supporting continuous assessment of disease 
progression and pharmacological response.18,47 In 
supportive and palliative contexts, ML and AI-
enhanced neuroimaging may assist progression 
assessment and individualized management while 
reducing the need for invasive monitoring; however, 
these applications should be distinguished from 
direct evidence of improved patient outcomes.17,48

	 Across this continuum, AI’s main 
contribution is the integration and temporal 
interpretation of heterogeneous data rather than 
replacing conventional clinical or experimental 
assessment. In MEMs, AI enables sensitive 
and longitudinal phenotyping and evaluation of 
therapeutic responses. In human and non-animal 
settings, it increasingly supports risk stratification, 
multimodal diagnosis, individualized management, 
and disease monitoring.71-75 However, differences 
in datasets, experimental conditions, validation 
strategies, and biological context continue to 
limit direct translation across models. Robust 
prevention-to-care frameworks will require 
longitudinal, multimodal validation, transparent 
algorithms, standardized endpoints, and evidence 
of reproducibility across independent experimental 
and clinical populations.76-82
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Table 9. Reported or derived performance ranges

	 Investigation			   BPC (%)
Author	  Model Type	 Domain	 Accuracy	 Sensitivity	 Specificity

Borchert et al.,5	 ML + Neuroimaging	 MRI/PET	 80–95	 78–94	 75–92
Bulut et al.,60	 Classical ML	 Clinical data	 85–92	 83–90	 80–89
Sai Krishna et al.,20	 Deep Learning	 Imaging	 88–96	 85–94	 82–93
Vrahatis et al.,37	 DL + Biomarkers	 Multimodal	 87–95	 85–93	 83–92
Batool et al.,38	 DL + MRI	 Imaging	 90–97	 88–96	 85–95
Khan et al.,41	 ML Multimodal	 Biomarkers	 89–96	 87–95	 84–94
Rudroff et al.,42	 ML Neuroimaging	 MRI	 82–94	 80–92	 78–90
Bogachev et al.,49	 Computer Vision	 Behavior (mouse)	 78–90	 75–88	 72–85
Perez & Villarraso50	 ML Genomic	 DNA methylation	 85–93	 83–91	 80–89
Alfayez et al.,98	 Deep Learning	 Diagnosis	 90–96	 88–95	 86–94
Ishaaq et al.,92	 CNN	 Imaging	 88–95	 86–94	 83–92
Chen et al.,85	 3D-ResNet	 MRI	 91–97	 89–96	 87–95
Nagarhalli et al.,87	 DL Multimodal	 MRI + Clinical	 90–96	 88–95	 85–94
Jha et al.,90	 MLP vs ML	 Comparative	 84–91	 82–90	 80–88
Al-Zharani et al.,93	 Deep Learning	 Imaging	 89–96	 87–95	 84–93

Fig. 9. Graphic behavior of reported performance ranges.

Artificial intelligence versus traditional 
experimental methods in Alzheimer’s
	 The objective of RQ3 is to analyze the 
effectiveness of traditional experimental methods 
in caring for AD patients using AI. In the study 
of the disease, MEMs transgenic or induced mice 
are essential because they allow the exploration 
of molecular, cellular, and behavioral mechanisms 
associated with the progression of the pathology. 

GM are employed, using transgenic models (APP, 
PSEN1, Tau), with specific deletion or insertion of 
genes related to â-amyloid, tau, or APOE (“Knock-
in and Knock-out”), to introduce point mutations 
or modify genes that modulate neuroinflammation 
and synaptic plasticity (“CRISPR”). BM are 
used to evaluate cognitive and memory deficits 
characteristic of AD, such as spatial memory 
tests (Morris Water Maze), working memory 
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and recognition tests (Y-Maze and Radial Arm 
Maze), non-spatial memory tests (Novel Object 
Recognition Test), and associative learning tests 
(Fear Conditioning). HM, to visualize â-amyloid 
plaques and tau tangles; Thioflavin S, Congo 
Red, or immunohistochemistry staining; confocal 
and electron microscopy to characterize synapses 
and protein deposits; detection of astrogliosis and 
microgliosis; neuroinflammation studies. 
	 BMM, for the quantification of â-amyloid, 
phosphorylated tau, and synaptic proteins; ELISA 
and Western blot; RT-qPCR for the analysis of 
genes related to neuroinflammation, apoptosis, and 
neuronal plasticity; proteomics and metabolomics 
for the identification of biomarkers; â-secretase and 
ã-secretase activity; and enzyme assays. 
	 NM: structural changes such as atrophy 
(Nuclear Magnetic Resonance Imaging), detection 
of amyloid deposits and glucose metabolism (PET 
with radiotracers), dynamic monitoring of plaques 
and microglial response (in vivo Two-Photon 
Microscopy). EM: synaptic plasticity, LTP, and 
LTD (in vitro Electrophysiology), alterations 
in brain rhythms associated with cognitive 
impairment (in vivo EEG). PTM: administration 
of candidate drugs, gene and stem cell therapies, 
and non-pharmacological interventions. 
	 An analysis was conducted of 84 studies, 
classified into two main categories. The first, 
“Mouse Experimental Models,” encompasses 
research focused on the use of the mouse model. 
The second, “Other Animal and Non-Animal 
Models,” encompasses studies focused on medium 
and large animals, primates, as well as cell cultures, 
organoids, and computational models. Studies 

providing OD were also identified to improve the 
verification and transparency of results. Each study 
was systematically evaluated and weighted based 
on the number of analytical tools employed in 
relation to the topic of interest. Table 7 presents a 
complete summary of this classification, including 
weighting, categorization, and references for each 
study included in the SLR.
	 The 84 reviewed studies were classified 
according to the experimental method used, year 
of publication, availability of open data, and their 
affiliation with the Dyadic Relationship group 
(Mouse Experimental Models with Other animal 
and non-animal models), as shown in Figure 8. [A] 
Temporal distribution: Research is concentrated in 
2021–2025, indicating recent field consolidation 
after limited earlier activity. [B] Experimental 
models: non-murine and non-animal models 
predominate (65.48%), with substantial but lower 
use of MEMs (34.52%). [C] Document types: 
Reviews are predominant (55.95%), followed by 
articles/conference papers (35.90%), reflecting 
emphasis on knowledge synthesis; theses/books 
show marginal presence (7.14%). [D] Experimental 
methods: Biochemical methods are most frequent, 
followed by genetic, neurophysiological, and 
multimodal approaches; histological and other 
emerging methods are less represented. [E] 
OD: Only 35% of studies are openly accessible, 
indicating limitations in transparency and scientific 
dissemination.
Analysis and Discussion of Experimental 
Methods and AI Integration
	 Integrating AI with experimental methods 
provides a multidimensional framework for 

Fig. 10. Confidence intervals for reported performance ranges.
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characterizing AD across genetic, behavioral, 
h is topathologica l ,  molecular,  imaging, 
electrophysiological, and therapeutic domains. In 
MEMs, genetic approaches combine humanized 
3xTg-AD and APOE models with AI-assisted 
neuroimaging, behavioral tracking, and gait 
analysis to link genotype to brain connectivity 
and phenotypic changes.16,38,49 Behavioral methods 
provide objective digital phenotypes by quantifying 
cognitive, emotional, attentional, and motor 
alterations through platforms such as IntelliCage, 
skeletal analysis, and graph-based models.40,52,53 
Histopathological and biochemical/molecular 
approaches complement these phenotypes by 
enabling automated quantification of amyloid 
plaques, tau pathology, synaptic alterations, 
glial markers, and multi-omics signatures. 
This links tissue and molecular changes with 
disease progression and therapeutic responses.13,55 
Neuroimaging integrates structural and functional 
information with connect omics and behavioral 
phenotypes. Electrophysiological methods capture 
alterations in neuronal dynamics and synaptic 
plasticity that may precede overt pathology.9,13,15,53 
Together, these complementary modalities 
enable AI-assisted characterization of genotype–
phenotype relationships and longitudinal responses 
to experimental interventions, although their 
predictive value depends on model-specific 
validation and biological context.
	 In other animal, human/clinical, and 
non-animal models, AI-assisted genetic analyses 
integrate genomic variants, at biomarkers, DNA 
methylation, and multimodal neuroimaging to 
investigate molecular determinants of AD and 
support risk or disease-stage characterization.44,50,51 
Behavioral information can be combined with 
imaging and clinical biomarkers to link cognitive 
and motor trajectories with structural brain 
alterations.18,54 Automated histopathological 
analysis extends tissue-level characterization 
by quantifying Aâ, tau, and glial pathology and 
integrating morphological information with imaging 
and clinical variables.19,43,56 Similarly, biochemical 
and molecular approaches incorporate non-invasive 
biomarkers and multi-omics data to identify 
molecular alterations associated with functional 
impairment and disease progression.57,58 AI-
enhanced neuroimaging and electrophysiological 
analyses provide complementary measures 

of structural, functional, and network-level 
dysfunction. XAI offers additional interpretability 
when imaging, molecular, and clinical features are 
jointly analyzed.24,34,36,48 Finally, pharmacological 
and therapeutic applications combine biomarkers, 
neuroimaging, connectivity, and automated 
behavioral measures to characterize treatment 
response and potential mechanisms, supporting 
individualized therapeutic modeling.6,34,46

	 Across these experimental domains, AI’s 
main contribution is integrating heterogeneous 
biological measurements into quantitative 
and potentially longitudinal representations 
of AD progression and treatment response. 
MEMs offer controlled environments for 
linking genetic manipulations with behavioral, 
molecular, pathological, electrophysiological, 
and neuroimaging phenotypes. Human and 
non-animal models provide complementary 
information on clinical heterogeneity, biomarker 
associations, and computationally reproducible 
disease trajectories.83-90 However, methodological 
heterogeneity, differences in biomarkers and 
endpoints, limited cross-model validation, and 
variable biological correspondence between 
experimental and clinical systems remain important 
translational constraints. Integrating multimodal 
experimental evidence with interpretable, externally 
validated AI models may provide a stronger basis 
for connecting mechanistic findings in MEMs to 
clinically relevant AD phenotypes.91-100

Discussion

	 The predominance of unimodal AI 
approaches suggests that the field remains 
methodologically fragmented and primarily 
oriented toward isolated classification tasks rather 
than integrative modeling of AD progression. 
Although models based on neuroimaging, 
behavioral testing, histopathology, or molecular 
biomarkers provide valuable predictive signals, 
they cannot fully capture the multidimensional 
nature of neurodegeneration in murine models. 
In these models,  amyloid accumulation, 
tau pathology, neuroinflammation, synaptic 
dysfunction, metabolic alterations, and behavioral 
decline interact dynamically. Therefore, future 
preclinical pipelines should adopt multimodal, 
longitudinal, and explainable AI architectures that 
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integrate behavioral, imaging, histopathological, 
molecular, omics, and experimental context data. 
Such integration would enhance the biological 
interpretability, reproducibility, and translational 
value of murine experimental models by linking 
algorithmic predictions to experimentally verifiable 
mechanisms and clinically relevant outcomes.
	 The limited adoption of explainable 
AI further restricts translational applicability. 
In preclinical AD research, predictive accuracy 
alone is insufficient; models must also generate 
biologically interpretable outputs related to amyloid 
burden, tau-related alterations, neuroinflammation, 
synaptic loss, cognitive impairment, or therapeutic 
response. Without explainability, AI systems 
remain black-box tools with limited acceptance in 
experimental neuroscience and clinical translation. 
Moreover, translational performance is constrained 
by heterogeneity in animal strains, disease induction 
strategies, behavioral protocols, data acquisition 
methods, sample sizes, and validation procedures. 
Robust frameworks should therefore combine 
multimodal data fusion, external validation, 
longitudinal monitoring, and explainable outputs 
to ensure that computational predictions are 
statistically reliable, biologically meaningful, and 
clinically relevant.
	 This study conducted a comprehensive 
analysis of 1,383 scientific documents, identifying 
351 duplicates and 811 studies that did not meet 
the strict quality criteria established.59 After this 
selection process, 221 relevant studies were chosen 
to support the theoretical and methodological 
framework of the present research. It should be 
noted that some documents only meet one or two 
QAQs; however, due to their relevance, they were 
included in the study because it is a prominent 
trending topic that is currently under-explored 
in the literature. The results of this review are 
summarized in Table 8, which ranks the studies 
according to their relevance to the central theme 
of the research.
	 Among the most important documents, 
studies numbered 1 to 5 examine AI techniques 
in AD, focusing on diagnostic, progression, and 
therapeutic processes, with special attention to 
MEMs, which provide essential preclinical data 
for understanding disease behavior. These studies 
offer a comprehensive perspective on how the 

combination of intelligent techniques can automate 
and optimize disease monitoring.
	 Studies classified from 6 to 10 offer a 
comprehensive analysis of the application of AI 
in the stages of Alzheimer’s healthcare, from 
early detection to palliative care. Furthermore, 
they explore the practical implications of these 
stages and innovative strategies, ranging from 
AI-enhanced diagnosis to modifying reaction time 
parameters on platforms for continuous monitoring 
and care.
	 Meanwhile, papers 11 through 15 stand out 
for their focus on applying AI in the experimental 
field of disease. These studies assess the potential 
of AI-based models for behavioral, molecular, 
histological, and neuroimaging evaluations, 
offering a comprehensive understanding of the 
disease and validating therapeutic approaches. 
The implementation of these technological tools 
represents a significant step toward automation 
and accuracy in disease management.
	 The selected literature not only provides 
a solid foundation for this research but also 
establishes a roadmap for future multidisciplinary 
studies. This work defines essential parameters and 
establishes clear boundaries for designing practical 
applications in AD monitoring, while opening 
new perspectives on the impact of interactions 
between diagnosis, monitoring, and treatment 
of neurodegenerative diseases and emerging 
technologies. For interested readers, this SLR 
offers an updated and enlightening overview of a 
constantly evolving field, highlighting its relevance 
to technological innovation. This review presents 
the 15 most relevant studies on AI techniques 
for AD diagnosis, treatment, and monitoring in 
mouse experimental models and other animal and 
non-animal models. These studies were selected 
for their comprehensive coverage of key aspects 
of each topic, providing in-depth analyses of the 
applied techniques and their interactions with 
associated variables, as well as the most effective 
computational methodologies for modeling and 
predicting the behavior of neurodegenerative 
diseases at each stage. The information gathered 
enables the identification of fundamental interaction 
patterns among these factors and the evaluation of 
the potential of advanced approaches, such as 
ANNs, ML, and DL, among others, in predicting 
the behavior of neurodegenerative diseases. 
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	 In this review, not all studies reported 
accuracy, sensitivity, and specificity simultaneously. 
Therefore, the values presented in Table 9 are 
reported performance ranges extracted from studies 
that explicitly provided classification metrics 
(only studies that explicitly reported at least one 
diagnostic performance metric were included 
in this summary). Figure 9 shows its graphical 
behavior, and Figure 10 shows the identified 
confidence intervals.When the studies were 
grouped by model type, deep learning approaches 
achieved the highest average performance across 
the three metrics, with mean values of 92.75% 
for accuracy, 91.08% for sensitivity, and 89.08% 
for specificity. These results indicate that deep 
architectures, particularly those applied to imaging 
and MRI-based datasets, are highly effective for 
extracting complex disease-related patterns. 
	 Analysis of the selected studies shows that 
AI models applied to AD achieve high performance, 
especially those based on deep learning and 
neuroimaging or multimodal data, with accuracy   
frequently exceeding 90%. However, a consistent 
pattern is observed in which sensitivity exceeds 
specificity, resulting in a high detection rate at the 
expense of increased false positives and reflecting 
shortcomings in clinical discrimination.
	 Furthermore, multimodal approaches 
demonstrate superior performance, supporting the 
multifactorial nature of the disease; however, their 
implementation is limited by challenges in data 
availability and integration. In contrast, behavioral 
and MEMs-based approaches are less accurate but 
offer considerable opportunities for developing 
translational frameworks.
	 Overall, despite significant progress, key 
challenges remain regarding generalizability, metric 
balancing, and clinical relevance, underscoring 
the need for more robust systems, particularly in 
experimental settings.
Limitations of Materials and Experimental 
Methods
	 The reviewed studies show substantial 
heterogeneity in experimental models, genetic 
backgrounds, disease-induction strategies, 
behavioral protocols, biomarkers, imaging 
procedures, and analytical endpoints. This 
variability limits comparability across studies and 
may cause AI models to capture experimental 

differences instead of disease-specific biological 
signals.
	 The frequent use of small, highly 
controlled datasets and limited standardization of 
experimental protocols also restrict reproducibility 
and external validity. Moreover, the predominance 
of unimodal measurements—behavioral, 
histopathological, biochemical, imaging, or 
electrophysiological—can prevent comprehensive 
characterization of AD’s multifactorial nature.
	 Limited cross-model and external 
validation, along with differences in biological 
correspondence among murine, other animal, 
and non-animal systems, constrain translational 
extrapolation. Future studies should prioritize 
standardized protocols, longitudinal and adequately 
powered datasets, harmonized endpoints, 
multimodal characterization, and independent 
validation to strengthen biological validity and 
translational relevance.
Systemic Limitations of AI in Preclinical AD 
Research
	 Despite the rapid advancement of AI 
in preclinical AD research, several systemic 
limitations constrain its reproducibility and 
translational impact. The lack of standardized 
datasets and experimental protocols, combined with 
the widespread use of small and highly controlled 
samples, limits model generalizability. In parallel, 
the predominance of unimodal approaches fails 
to capture the multifactorial nature of AD, while 
multimodal integration remains insufficiently 
developed.
	 Validation practices are frequently 
inadequate, with many studies reporting high 
performance without external validation or cross-
species assessment, increasing the risk of overfitting 
and limiting translational reliability. Additionally, 
the black-box nature of advanced models restricts 
biological interpretability and clinical trust. These 
challenges are compounded by the inherent gap 
between MEMs and human pathology, which 
further hinders clinical translation.
	 Addressing these issues requires the 
development of standardized, multimodal, and 
interpretable AI frameworks supported by robust 
validation strategies and explicitly oriented toward 
translational applicability. These limitations reflect 
a broader lack of methodological convergence in 
AI-driven preclinical AD research.
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Scope and Future perspectives
	 This SLR focuses on integrating AI into 
preclinical AD research, with an emphasis on 
MEMs given their relevance for modeling amyloid 
pathology, tau-related neurodegeneration, synaptic 
dysfunction, and cognitive decline. These models 
provide controlled, reproducible environments for 
evaluating AI-driven approaches across genetic, 
behavioral, biochemical, histopathological, and 
neuroimaging domains, supporting translational 
inference into human disease mechanisms.
	 Complementary evidence from other 
animal and non-animal models is incorporated 
for benchmarking and contextualization, enabling 
the identification of methodological gaps and 
cross-model limitations while maintaining murine 
systems as the analytical core. In addition, this 
review adopts a stage-aware perspective, aligning 
AI applications with the continuum of AD care 
from prevention to palliative stages.
	 Future research should prioritize the 
development of multimodal AI frameworks that 
integrate heterogeneous preclinical data into 
unified predictive architectures. The limited 
adoption of multimodal fusion, XAI, and real-
time ES currently constrains model robustness, 
interpretability, and longitudinal monitoring 
capabilities. Moreover, the lack of standardized 
datasets, open data practices, and reproducible 
workflows restricts cross-study comparability and 
cumulative knowledge generation.
	 Advancing standardized, interpretable, 
and multimodal AI systems—supported by 
real-time monitoring and open, interoperable 
infrastructures—will be essential to enhance 
translational relevance and extend AI-assisted 
preclinical frameworks beyond AD to other 
neurodegenerative disorders.

Conclusion

	 This research highlights the relevance of 
analyzing pathological progression in preclinical 
models using adaptive AI systems. The integration 
of experimental techniques, standardized 
methodologies, and advanced measurement tools 
enables reliable and early disease monitoring, 
driven by evolutionary learning strategies geared 
toward predictive medicine. A total of 221 studies 
were reviewed, highlighting the value of utilizing 

open data and interdisciplinary approaches that 
integrate traditional methodologies with AI 
innovations.
	 This work emphasizes that the application 
of AI, through tools such as ML, ANN, NLP, 
CV, DL, EO, GM, and XAI, allows for the 
efficient modeling, prediction, and management 
of healthcare processes. However, this application 
extends to conditions such as Parkinson’s disease, 
amyotrophic lateral sclerosis, Lewy body dementia, 
and Huntington’s disease. Current research trends 
are driven by collaboration between AI and 
preclinical medical diagnosis to improve patient 
treatments in experimental models. Meanwhile, 
the SLR helps address methodological gaps and 
identify promising approaches by presenting 
key techniques and tools that meet essential 
requirements such as AI-assisted diagnosis, 
treatment, follow-up, and disease monitoring. 
The growing technological trend will enable us 
to generate translational validations in human 
patients in the short term. In addition, the most 
comprehensive research on the topic with open 
data was identified, where bibliographic reviews 
predominate because it is a trending topic with few 
technical applications.
	 This review not only provides a solid 
theoretical framework for developing strategies to 
address the disease but also lays the groundwork 
for future research aimed at improving any stage 
of its management. The findings highlight the 
importance of integrating emerging technologies to 
comprehensively address the challenges associated 
with this neurodegenerative disease worldwide.
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