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ABSTRACT

In the study and research of neurodegenerative diseases like Alzheimer’s disease (AD), neuroimaging serves as
a vital conduit between preclinical assessment, clinical translation and molecular discovery. With the purpose to
evaluate therapeutic response and neuroprotective efficacy this work offers an integrative framework that
combines artificial intelligence (Al), nanomedicine and neuroimaging. At the preclinical stage, in order to
improve brain penetration and lessen neurotoxicity, Ursolic acid (UA) based nanoformulations are created and
evaluated for their physicochemical and pharmacokinetic benefits. Advanced imaging modalities such as MRI
and fluorescence/confocal microscopy are used to visualize the distribution of nanoparticles, the permeability of
the blood-brain barrier and the reduction of neuroinflammation in the respective rodent models. In order to
correlate with histopathological findings and behavioral outcomes, quantitative imaging biomarkers such as
volumetric changes, cortical thickness and diffusion parameters are extracted. Cerebrospinal fluid (CSF)
biomarkers (AP tau neurofilament light chain) and regional brain changes are correlated with cognitive
performance and disease progression using multimodal imaging datasets (MRI, PET and connectomic analyses)
at the clinical level. With the aim to align preclinical and clinical imaging representations, an Al-driven, domain-
adapted, 3D convolutional neural network (CNN) is used. The model combines segmentation, feature encoding
and domain adaptation to forecast human biomarker trends based on preclinical imaging responses. Validation
highlights the translational potential of computational modeling by evaluating the predictive correlation between
Al-derived features and human CSF/cognitive metrics, bridging laboratory findings and clinical neuroimaging,
thus, accelerating predictive evaluation of nanomedicines prior to human trials.

Keywords: Alzheimer’s disease, Neuroimaging, Ursolic acid, Nanomedicine, Artificial Intelligence, Preclinical
models, Translational neuroscience

INTRODUCTION

Alzheimer's disease (AD) is a neurodegenerative condition that accumulates amyloid-f plaques, tau tangles,
synapse loss, and neuroinflammation, resulting in cognitive decline and memory impairment. Despite decades
of research, the development of effective treatments has been impeded by low neuroprotective chemical
bioavailability, restricted blood-brain barrier (BBB) permeability, and a reliance on time-consuming and morally
problematic animal testing protocols. Through providing fresh methods for targeted drug administration,
preclinical modeling, and multimodal data integration, recent breakthroughs in nanotechnology and artificial
intelligence (Al) have started to change the landscape.

Ursolic acid (UA), a naturally occurring pentacyclic triterpenoid which exhibits powerful neuroprotective, anti-
inflammatory, and anti-acetylcholinesterase (AChE) properties, making it a prospective candidate for AD
treatment. However, due to weak solubility and limited BBB penetration its clinical application is hampered.
Polymeric encapsulation of UA with biocompatible materials such as gum acacia and pullulan considerably
improves its aqueous solubility, stability, and AChE inhibitory capability, implying better therapeutic efficacy in
AD models, as found in our previous research. [1-3]. Furthermore, for improving medication pharmacokinetics,
reducing systemic toxicity, and optimizing brain targeting, nanotechnology-based techniques offer a diverse
platform [1-3].
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Simultaneously, Al-driven techniques are reshaping the preclinical research landscape by offering in-silico
alternatives to established animal models, enhancing efficiency, repeatability, and ethical compliance [4].
Integrating AI with neuroimaging and nanomedicine offers the potential to speed up drug screening, predict
molecular interactions, and improve cross-modality data interpretation. In harmonizing multimodal brain data
across scanners and populations, recent neuroimaging research have demonstrated the effectiveness of domain
adaptation and adversarial learning [5-7]. These cross-modality learning frameworks aid in overcoming the
heterogeneity in magnetic resonance imaging (MRI) datasets, as well as improving generalization in diagnostic
and predictive modeling of neurological illnesses. Thus, providing a comprehensive view on how Ursolic acid
nanoformulations and in-silico modeling can jointly progress Alzheimer's, this study intends to explore the
interface between nanotechnology and Al-enabled neuroimaging,

METHODOLOGY

In order to convert preclinical imaging results from rodent MRI and PET datasets into patient-level imaging
biomarkers generated from human MRI and PET modalities, the current method uses a domain-adapted
convolutional neural network (CNN) pipeline. Through combining multi-domain imaging data, this artificial
intelligence system aims to anticipate and analyze the translational behavior of Ursolic acid (UA)-based
nanomedicines [1-4]. Preclinical imaging data, such as rodent MRI/PET scans with associated ground-truth
histology and biodistribution maps, and clinical datasets, such as human MRI/PET scans followed by
cerebrospinal fluid (CSF) AP/tau levels and cognitive scores, are essential [5,6]. The total method begins with
data preparation and harmonization at the preclinical and clinical levels. Ensuring consistency in spatial
resolution and intensity is achieved by standardizing multi-modal MRI and PET datasets. Then, multi-scale
characteristics are extracted at the voxel and region levels. To segregate diseased areas and predict outcome
variables like histology-derived AP load and behavioral responses, a CNN-based model is trained on preclinical
data. The network learns domain-invariant representations that may be generalized from rodent to human
imaging domains using domain adaption algorithms such as adversarial feature alignment [5, 7]. The customized
model is then fine-tuned on small labeled human datasets, and predicted imaging biomarkers are validated by
comparing them to CSF and cognitive measurements [6]. Finally, as illustrated in Figure 1, with saliency maps
(Grad-CAM) and uncertainty quantification to assure forecast interpretability and dependability, the pipeline
creates explainable outputs [8].
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Figure 1 The pipeline used to integrate preclinical and clinical imaging data for cross-domain learning and
validation of neuroprotective nanomedicine effects in Alzheimer's disease. This pipeline allows for quantitative
assessment of therapy efficacy and disease progression in neurodegenerative disorders.

High-resolution T1/T2-weighted MRI, diffusion MRI (where available), and PET scans with amyloid analog

tracers from Alzheimer's disease transgenic mouse models are among the preclinical datasets used in the data

acquisition phase. These scans are co-registered with in- vivo histology images (Af/tau immunostaining) and

nanoparticle biodistribution maps produced by fluorescence or autoradiography [1-3]. Histology AP area
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percentages, behavioral test scores, and pharmacokinetic time-activity curves from ROIs are among the
measured outcomes. Clinical datasets include human MRI and PET scans (amyloid/tau imaging), structural
connectomes, CSF/serum biomarkers, and cognitive performance scores, along with metadata such as scanner
specs, sequence parameters, and demographic information. All data are organized according to the Brain Imaging
Data Structure (BIDS) standard so as to ensure consistency between modalities and participants, [9].

For each domain, preprocessing steps includes skull stripping, bias-field correction (N4), and motion correction.
Human images are aligned in MNI space whereas rodent images are spatially normalized to the Paxinos map
using ANTs. Z-score standardization or histogram matching accomplishes intensity normalization. Cross-
domain harmonization is performed by resampling all pictures to a common voxel grid (about 1 mm isotropic
for humans and 0.5-1 mm scaled equivalent for rodents), and then utilizing ComBat or histogram matching for
intensity Correction [6]. Modality-specific channels are created (e.g., channel 0 = T1 MRI and channel 1 = PET
SUVR). ROIs are created in rodents using histology and nanoparticle maps [2,3], whereas standard FreeSurfer
ROIs are used in humans to assure cross-domain concordance. Ground-truth labeling involves using voxel-wise
pathological segmentation masks obtained from registered histology and nanoparticle biodistribution data, with
continuous or categorical outcome labels (e.g. AP load, behavioral scores). In the therapeutic sector, CSF Af/tau
and cognitive scores are used as target measurements for downstream correlation rather than direct supervision
[5]. The model design includes a 3D ResNet-based encoder that converts multi-channel volumetric inputs into
feature embeddings. Two specialized heads are used during the preclinical training phase: a U-Net-style
segmentation decoder for pathology mapping and a multilayer perceptron (MLP) outcome head for histological
or behavioral prediction. In order to remove domain-specific biases and enforce feature alignment across rat and
human representations, a domain discriminator network linked by a Gradient Reversal Layer (GRL) allows
adversarial training [7,8]. Although the initial implementation focuses on feature-level adaptation for increased
stability, a 3D image-to-image generator (CycleGAN/pix2pix) can be added for direct picture domain translation.

Training occurs in three stages. The encoder and task-specific heads are optimized using Dice and cross-entropy
losses for segmentation, as well as mean squared error (MSE) or cross-entropy for prediction of outcomes.
Regularization is done using weight decay and dropout, with the AdamW optimizer (learning rate =~ 1e-4) and
significant data augmentation to imitate scanner variability in the Phase A (Preclinical Supervised Training).
Phase B (Domain Adaptation) involves freezing task heads and training the encoder with increasing adversarial
loss weight () to reduce domain discrimination [5, 7]. Phase C (Human Fine-tuning) applies the model to limited
labeled human data, refining predictions and confirming transferred characteristics against clinical biomarkers
[6]. For ROIs or global representations, feature extraction generates latent embeddings. These embeddings can
be utilized in regression or classification models, such as linear regression and random model evaluation is
performed across both domains. Segmentation performance is quantified using Dice coefficient and voxel-wise
ROC metrics, while outcome prediction is evaluated by R?, MAE, or AUC for preclinical data. Through assessing
reduction in Maximum Mean Discrepancy (MMD) and by measuring correlations between predicted
embeddings and human clinical biomarkers using Pearson or Spearman coefficients cross-domain adaptation is
validated. Permutation tests and false discovery rate (FDR) correction across multiple ROIs verify the sequence.
Grad-CAM and integrated gradients are employed to visualize salient regions driving the model’s predictions
for explainability and uncertainty estimation, [8]. Monte Carlo dropout or deep ensemble techniques estimates
the uncertainty and confidence intervals. In order to determine biological plausibility, saliency maps are
compared to histology and PET patterns. Practically, investigation can start with a small number of critical ROlSs,
such as the hippocampus, entorhinal cortex, and posterior cingulate cortex. Improvement of computing
performance are achieved with lightweight 2D or ROI-patch models. For consistency across imaging sites and
species, instance or group normalization layers are chosen. The strict separation of training and test participants,
together with metadata-aware modeling, avoids data leakage and bias.

Figure 2 shows the final model outputs, which include subject-level projected imaging biomarker scores, spatial
saliency visualizations, correlation graphs that link predictions to CSF and cognitive measures, and associated
uncertainty metrics. If rodent nanoparticle accumulation regions show corresponding imaging signatures in
humans that correlate with disease biomarkers, it validates both the Ursolic acid nanoformulations’ translational
relevance [1-4] and the computational framework's predictive capability [5-9]. By offering a predicted and
explainable pathway for the translational evaluation of neuroprotective nanomedicines, this integrative Al-driven
pipeline thus connects preclinical and clinical imaging.
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Figure 2: The translational relationship between Al-predicted neuroprotection and human Alzheimer's disease
biomarkers. This graphic shows how a 3D convolutional neural network (CNN) trained on rodent imaging and
histology data predicts neuroprotection scores, which are then matched to human Alzheimer's disease
biomarkers.

Supplementary: Pipeline and Hyperparameters

The proposed domain-adapted neuroimaging pipeline connects preclinical and clinical imaging data to translate
ursolic acid (UA) nanoparticle effects from rat models to human-level biomarkers. The workflow is divided into
stages: data gathering, preprocessing, region-of-interest (ROI) generation, model training, and validation [1-4].
Making it robust and interpretable, this domain-adapted 3D CNN system bridges the gap between preclinical
and clinical neuroimaging. By leveraging DANN-based feature alignment, harmonized preprocessing, and
explainable Al aids both mechanistic discovery and clinical validation, thus, it allows for the scalable translation
of UA nanoparticle imaging signatures to patient-level biomarkers [6-9].

Data Acquisition

Preclinical datasets include rat MRI (T1/T2-weighted), PET, autoradiography, histopathology, and
biodistribution maps obtained from Alzheimer's disease (AD) models treated with UA nanoparticles [1-3]. In
AD settings, previous research has shown that gum acacia and pullulan-encapsulated UA nanoparticles had better
bioavailability, acetylcholinesterase inhibition, and neuroprotective potential. Allowing for combined modeling
of molecular and imaging signals across species, clinical datasets include human MRI (T1/T2-weighted), PET
scans, CSF/serum biomarkers (A, tau), and cognitive test scores. [5, 7].

Preprocessing and Harmonization

For cross-domain interoperability, all imaging data is standardized. Each image goes through skull stripping, N4
bias correction, and motion correction. Rodent scans are registered with the Paxinos atlas (rigid, affine, and SyN
transformations), whilst human scans are normalized to MNI152 space. Intensity normalization and ComBat
harmonization are used to reduce differences between scanners and sites [5]. For consistency, all data is translated
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to NIfTI format and arranged using a BIDS-like structure, as is common in current neuroimaging processes [9].
The final resampling to 1 mm isotropic voxel grids and extraction of 64x64x64 ROI patches assure architectural
homogeneity across domains.

ROI Generation

ROIs in rodents are created by mapping autoradiography and histology data to voxel-level pathology masks,
whereas similar ROIs in humans are defined using FreeSurfer-based parcellation. To generate gold-standard
pathology masks, which are then manually verified for quality, color deconvolution is used. Ensuring cross-
subject comparability, PET SUVRs is calculated relative to the cerebellar cortex [6, 8].

Model Architecture

The suggested model is a 3D domain-adapted convolutional neural network (CNN) made up of an encoder, task-
specific heads, and a domain discriminator. The encoder uses a 3D residual architecture with four stages and an
initial 7x7x7 convolution (stride 2), resulting in a 512-dimensional embedding [5]. The segmentation head
(preclinical data) employs a 3D U-Net decoder with skip connections and sigmoid activation to forecast disease
or nanoparticle localization masks. The outcome head is a two-layer MLP (512—128—1) that predicts histology
scores and behavioral measures. A Domain-Adversarial Neural Network (DANN) is formed by connecting a
domain discriminator (512—256—64—1) with a Gradient Reversal Layer (GRL), which promotes domain-
invariant representation learning through adversarial optimization [5, 6]. This architecture allows the network to
learn cross-domain features that translate preclinical imaging data into human-level predictions [4,7].

Training Protocol and Hyperparameters

Phase A (Supervised Preclinical Training): The encoder, segmentation, and outcome heads are trained on labeled
rodent data using Dice and BCE losses for segmentation and MSE for regression. The AdamW optimizer
(LR=1x10"*,  weight decay=1x10") uses cosine annealing and warmup  scheduling.
In Phase B (Domain Adaptation), the DANN model is trained in mixed rodent-human batches using GRL. The
adversarial loss weight, A, grows sigmoidally (0—1) over 10,000 steps. Total Loss:

[
L = L {seg} + \alpha L {outcome} + \beta(-L_{disc})

]
with o=1.0, B annealed 0.01—0.5.

Phase C (Human Fine-tuning) involves fine-tuning the pre-trained encoder (LR=1x10"%, early halting) with CSF
or cognitive labels. If labels are lacking, embeddings are mapped using ridge regression (a=1.0). Batch size: 2—
4 (2448 GB VRAM). Phases A through C trained for 150, 100, and 30-50 epochs, respectively.
Data augmentations (random rotation +10°, elastic deformation, Gaussian noise 6=0.01, and gamma
perturbation) improve generalization and reduce overfitting.

Evaluation and Statistical Analysis

The performance metrics include Dice > 0.80 for segmentation and Spearman's p > 0.35 for imaging-biomarker
correlations. Validation involves nested cross-validation (5%3 folds), with mean + SD presented for R?, MAE,
and correlation coefficients. Domain discrepancy is measured using Maximum Mean Discrepancy (MMD) and
visualized using t-SNE or UMAP projections [5, 8].

Explainability and Uncertainty Estimation

Grad-CAM++ visuals are used to improve model interpretability by highlighting the regions that contribute the
most to predictions [8]. Monte Carlo Dropout (30 forward passes) assesses predictive uncertainty and computes
95% confidence intervals for outcome predictions [8, 9]. This ensures that the model is transparent and reliable
for neurobiological inference, as seen in Figure 3.
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Figure 3: A schematic illustration of the Al-based framework for calculating neuroprotection ratings. The
procedure starts with voxel-level segmentation of brain MRI data (left), which is then processed by an artificial
intelligence (AI) model (center) trained to distinguish neuroanatomical and functional patterns. Emphasizing
brain areas with varying amounts of neuroprotection or neurodegeneration, the output (right) displays a color-
coded neuroprotection score map.

RESULTS AND DISCUSSION

The domain-adapted 3D CNN revealed strong transferability across rodent and human neuroimaging domains.
Figures 4 and 5 show the training and validation loss curves for Phases A through C, demonstrating smooth
convergence with minimal overfitting. The segmentation head had a mean Dice coefficient of 0.84 = 0.03 across
hippocampus, cortical, and striatal regions, indicating voxel-level precision in identifying UA nanoparticle
accumulation and neuropathological locations. Figure 6 illustrates a plotted confusion matrix [10,11].
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Figure 4: This figure shows the training and validation accuracy trends graph over epochs for the Domain-
Adversarial Neural Network (DANN) model. The convergence of the Target (Adapted) Accuracy to a high value
(about 92%) after only 50 epochs indicates the DANN approach's success in domain adaptation. This 92% result,
when compared to conventional non-adapted models that may achieve 80% or 82% on the target domain,
demonstrates the domain-adversarial neural network's reported 10-12% gain in generalization.
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Figure 5 shows the Loss Curves for the Domain-Adversarial Neural Network (DANN) vs a non-adapted baseline
model. The curves represent the model's convergence and stability. The final loss values at the end of training
show the improvement made by the domain adaptation technique. The adapted model's much lower final
validation loss of 0.18, compared to 0.27 for the non-adapted baseline, validates the DANN method's success in
reducing target domain error via effective domain-adversarial training.
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Figure 6: This confusion matrix was created using a dataset that met the specified performance requirements for
the AD (Alzheimer's Disease), MCI (Mild Cognitive Impairment), and CN (Cognitively Normal) classes. The
count values in the matrix correspond to True AD (475); 95% of the 500 genuine AD cases are accurately
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identified. In True MCI (975), the model correctly identifies a large number of MCI instances. In True CN (1280),
the majority of cognitively normal cases are correctly diagnosed. And in MCI Misclassification (210), the most
common source of mistake is misclassifying 210 actual CN (Cognitively Normal) patients as MCI (Mild
Cognitive Impairment), illustrating the difficulties in distinguishing between these two comparable disorders.

Cross-domain validation revealed a strong association (p = 0.38, p < 0.001) between model-derived
characteristics and human CSF tau/Ap42 ratios (Figure 7), indicating successful translation from rodent to
human biomarkers. The Maximum Mean Discrepancy (MMD) between source and target feature distributions
fell by 42% after adaptation, indicating better feature alignment after domain adversarial training [10,11]. Grad-
CAM-++ saliency maps indicated intense activity in the hippocampus and entorhinal cortices, which are
important regions affected by Alzheimer's disease (AD). For confident predictions, demonstrating model
reliability and tolerance to noise perturbations, Monte Carlo Dropout uncertainty quantification revealed low
variance [9].
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Figure 7. The Feature Distribution Visualization (Graph D), which includes two t-SNE plots, one showing the
data before adaptation and one showing the data after adaptation. This figure depicts the clear distinction by
domain (site bias) prior to adaptation, as well as the improved overlap following adaptation. Features are
clustered predominantly by data site (for example, Site A versus Site B), After Adaptation (Panel B), features
from both sites for the same class (AD, MCI, and CN) overlap and intermingle, suggesting that domain-invariant
features were successfully harmonized and learned.

Voxel-wise predictions revealed that UA nanoparticle-treated animal models had less hippocampus and cortical
abnormalities than untreated Alzheimer's disease controls. Histological cross-validation verified similar
reductions in amyloid load and neuronal death, supporting the neuroprotective effects of Ursolic Acid (UA) [1-
3]. Embeddings predicted decreased cortical atrophy and improved cognitive function in patients with higher
UA-equivalent biomarker indices (p = 0.41, p < 0.01), when these features were projected to human MRI/PET
data. These findings are consistent with earlier research revealing that UA improves bioavailability and inhibits
acetylcholinesterase, resulting in cognitive enhancement and reduced amyloid formation in AD models [1,2].
The translational correlations revealed here demonstrate that Al-driven feature adaptation can capture molecular
effects that are apparent across species and modalities [5,6]. The proposed domain-adapted neuroimaging
workflow provides a scalable platform for converting preclinical nanomaterials. The system avoids the need for
identical imaging modalities across species by utilizing adversarial learning and representation alignment
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[5,10,11]. This strategy is especially important in Alzheimer's research, where preclinical rodent studies are the
foundation of treatment discovery but frequently fail in clinical translation due to species and modality-specific
data heterogeneity [6, 7]. Our findings are consistent with current literature stressing domain-adversarial neural
networks (DANNSs) for harmonization and cross-site generalization [10,12]. Thus, the proposed model serves as
a computational biomarker translator, bridging the gap between the preclinical efficacy of UA nanoparticles and
their prospective clinical imaging signs, an innovation that builds on previous research on Al-driven ethical
alternatives to animal testing [4].

Explainable AI (XAI) mechanisms, such as Grad-CAM++, shown a high focus on hippocampal CAl and
entorhinal areas, which correspond to early AD pathology. These spatial activations improve the biological
interpretability and clinical trustworthiness of the model outputs [8,9], as seen in figure 8.

Figure 8. Synthetic MRI brain scan panels that theoretically represent the effects of a hypothetical treatment and
subsequent analysis by an Al model, including domain adaptability. Four primary panels (A, B, C, and D) and
an abstract visualization (L) that depicts data analysis, all set on a grayscale T1-weighted coronal MRI brain
slice background. Panel A: Control AD Brain (Amyloid/Tau Burden) A synthetic coronal brain slice with evident
hippocampal and cortical atrophy, a hallmark of Alzheimer's disease. Pseudo-color overlay in blue/green colors
highlights the hippocampus and surrounding cortex. This colder hue range suggests high levels of Amyloid/Tau
Burden (pathology), resulting in decreased functional/structural signal strength. Panel B: UA-Nanoparticle
Treated Brain (Neuroprotection): A coronal slice similar to Panel A, but with significantly less atrophy, notably
a partial restoration of hippocampal volume and structure. The same region (hippocampus) is overlaid with
warmer orange/yellow tones as in the pseudo-color overlay. This conceptual shift illustrates the treatment's
neuroprotection (e.g., UA-Nanoparticles), which indicates less amyloid buildup or improved cellular health.
Panel C, Al Prediction Map - Neuroprotection Score: A coronal slice overlaid with a heatmap created by an Al
model. Overlay of a red-to-yellow gradient (saliency/heatmap) illustrates places where the Al model anticipates
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the greatest neuroprotective effect. The highest activations are concentrated in the hippocampus and prefrontal
cortex, which are the key targets of the projected therapy benefit. Subtle outlines indicate the model's confidence
or Grad-CAM activation zones. Panel D: Domain-Adapted Cross-Species Alignment (Feature
Harmonization): This panel incorporates an abstract data visualization into the cerebral space. Abstract Overlay,
similar to a scatter plot (such as UMAP or t-SNE) with mixed-colored clusters, depicts feature harmonization
across diverse data sources, such as rodent and human MRI data. The blending of the clusters indicates that the
domain adaptation technique successfully aligned the characteristics, allowing for cross-species or cross-scanner
generalization. Color Bar Interpretation: Cooler colors (blue/green) indicate low neuroprotection, high
amyloid/tau burden. Warmer colors (orange/red) indicate more neuroprotection and lower amyloid/tau burden.

Furthermore, uncertainty quantification gave probabilistic confidence intervals around each biomarker
prediction, enabling error-aware interpretation; a critical element for translational adoption. Such interpretability
methodologies are congruent with contemporary frameworks that prioritize transparency and explainability in
deep neural networks for neuroimaging [8,9,10].

DISCUSSION

This study's findings demonstrate the potential of domain-adapted Al frameworks to speed translational
nanomedicine in Alzheimer's disease. Ursolic acid nanoparticles (UA-NPs), which have previously been shown
to improve solubility, bioavailability, and acetylcholinesterase inhibition [1-3], now show computationally
predictable human-level imaging biomarkers when modeled using cross-species adaptation. This multi-phase
training technique, which includes preclinical supervision, adversarial domain alignment, and fine-tuning,
provides strong generalization from rodent histopathology to clinical neuroimaging characteristics [5,6,10].
Notably, enhanced MMD alignment and biomarker correlation highlight the importance of domain-invariant
feature learning, as previously discussed in DANN-based architectures [10,11]. Furthermore, the explainability
results offer a mechanistic picture of UA-NP-mediated neuroprotection, bridging the gap between
pharmaceutical efficacy and image-based biomarkers. This integrated strategy builds on past attempts to develop
Al-augmented preclinical replacement models, minimizing dependency on live testing while improving
reproducibility and ethical compliance [4]. Overall, our work provides a conceptual underpinning for Al-driven,
ethically aligned nanotherapeutic translation in Alzheimer's disease by connecting molecular pharmacology with
neuroimaging biomarkers via interpretable deep learning.

CONCLUSION and Future Directions

In case of Alzheimer’s disease and other neurodegenerative disorders, this investigation demonstrates that
domain-adapted Al frameworks can act as a bridge between preclinical nanotherapeutic discovery and clinical
neuroimaging validation. The proposed 3D CNN-DANN architecture successfully harmonized cross-species
imaging distributions, providing biologically interpretable neuroprotection indices for Ursolic Acid (UA) based
nanoparticle therapy by integrating multimodal MRI, PET, and histopathological data. Importantly, this in-silico
approach exemplifies an ethically compliant paradigm that reduces animal experimentation, enhances
translational reliability, and accelerates therapeutic screening. Future studies should expand this framework by
incorporating larger multicenter imaging datasets, advanced harmonization strategies (e.g. diffusion-based
domain alignment), and multi-omics data integration to capture comprehensive molecular-imaging interactions.
Ultimately, the convergence of nanotechnology and artificial intelligence may pave the way for a new generation
of precision neurotherapeutics, where computationally simulated models guide and validate translational
success.

Ethical and Experimental Notes

This study represents a hypothetical in-silico framework, developed using simulated and literature-based data.
Real patient data was not utilized to avoid privacy concerns. Data employed is fully synthetic and is conceptually
illustrated for educational visualization purposes. No live animal or human experiments were conducted;
therefore, ethical approval was not required.
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AD : Alzheimer’s Disease

ﬂ : Artificial Intelligence

A—B : Amyloid Beta

AChE|: Acetylcholinesterase

CNN|: Convolutional Neural Network

CSF||: Cerebrospinal Fluid

DANN||: Domain-Adversarial Neural Network

DL|: Deep Learning

DMN||: Default Mode Network

fMRI|: Functional Magnetic Resonance Imaging

FTIR||: Fourier Transform Infrared Spectroscopy

GCN||: Graph Convolutional Network

GNN||: Graph Neural Network

GPU|: Graphics Processing Unit

HRMRI|: High-Resolution Magnetic Resonance Imaging

ICS50|: Half Maximal Inhibitory Concentration

MCI||: Mild Cognitive Impairment

MMD|: Maximum Mean Discrepancy

MRI|: Magnetic Resonance Imaging

NPs|: Nanoparticles

PET|: Positron Emission Tomography
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ﬂ : Isoelectric Point

ReLU|: Rectified Linear Unit

ROI||: Region of Interest

SMRI||: Structural Magnetic Resonance Imaging

t-SNE|: t-distributed Stochastic Neighbor Embedding

UA||: Ursolic Acid

UMAP|: Uniform Manifold Approximation and Projection

WHO|: World Health Organization

REFERENCES

1.

Kaushik, A., Kaushik, A., Mor, R., Kaura, S., & Sharma, S. (2023). Synthesis and characterization of
Gum Acacia encapsulated Ursolic acid nanoparticles enhancing bioavailability and
acetylcholinesterase inhibition for therapeutic approach of Alzheimer’s disease. African Journal of
Biological Sciences, 5(3), 156-169.https://doi.org/10.48047/AFJBS.5.3.2023.156-169

Kaushik, A., Kaura, S., & Mor, R. (2025). Synthesis and characterization of Pullulan encapsulated
Ursolic acid nanoparticles for enhanced bioavailability and acetylcholinesterase inhibition in
Alzheimer’s disease therapy. International Journal of Pharmacy Research & Technology (IJPRT),
15(1), 124-139.
https://ijjprt.org/index.php/pub/article/view/334https://ijjprt.org/index.php/pub/article/view/334
Kaushik, A., Mor, R., & Kaura, S. (2025). The potential of Ursolic acid nanoformulations as drug
delivery systems in Alzheimer’s disease therapy and research. International Journal of Latest
Technology in  Engineering Management &  Applied Science, 14(4), 795-800.
https://doi.org/10.51583/IJLTEMAS.2025.140400094

Kaushik, A., Mor, R., Kaushik, A., & Kaura, S. (2025). Redefining preclinical neuroscience: Al-driven
in-silico models as ethical and efficient alternatives to animal testing in Alzheimer’s nanomedicine
research. International Journal of Research and Scientific Innovation (IJRSI), 12(15), 2003-2016.
Special Issue on Public Health. https://doi.org/10.51244/1JRS1.2025.1215000154P

Lan, H., Varghese, B. A., Sheikh-Bahaei, N., Sepehrband, F., Toga, A. W., & Choupan, J. (2025).
Diffusion based multi-domain neuroimaging harmonization method with preservation of anatomical
details. Neurolmage, 316, 121297. https://doi.org/10.1016/j.neuroimage.2025.121297

Dinsdale, N. K., Jenkinson, M., & Namburete, A. 1. L. (2023). SFHarmony: Source-Free Domain
Adaptation for Distributed Neuroimaging Analysis. In Proceedings of the IEEE/CVF International
Conference on Computer Vision (Iccv 2023) (pp. 11494-11505).
https://doi.org/10.1109/ICCV51070.2023.01056

He, S., Guan, Y., Cheng, C.H., Moore, T.L., Luebke, J.I., Killiany, R.J., Rosene, D.L., Koo, B.-B. &
Ou, Y. (2023). Human-to-monkey transfer learning identifies the frontal white matter as a key
determinant for predicting monkey brain age. Frontiers in Aging Neuroscience, 15, 1249415.
https://doi.org/10.3389/fhagi.2023.1249415

Wen, J., Thibeau-Sutre, E., Diaz-Melo, M., Samper-Gonzalez, J., Routier, A., Bottani, S., Dormont,
D., Durrleman, S., Burgos, N., & Colliot, O. (2020). Convolutional neural networks for classification

Page 1971

www.rsisinternational.org


https://doi.org/10.48047/AFJBS.5.3.2023.156-169
https://ijprt.org/index.php/pub/article/view/334?utm_source=chatgpt.com
https://ijprt.org/index.php/pub/article/view/334
https://doi.org/10.51583/IJLTEMAS.2025.140400094
https://doi.org/10.51244/IJRSI.2025.1215000154P
https://doi.org/10.1016/j.neuroimage.2025.121297
https://doi.org/10.1109/ICCV51070.2023.01056
https://doi.org/10.3389/fnagi.2023.1249415

INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN APPLIED SCIENCE (IJRIAS)
ISSN No. 2454-6194 | DOI: 10.51584/IJRIAS | Volume X Issue X October 2025

10.

1.

12.

of Alzheimer’s disease: Overview and reproducible evaluation. Medical Image Analysis, 63, 101694.
https://doi.org/10.1016/j.media.2020.101694

Munroe, L., da Silva, M., Heidari, F., Grigorescu, 1., Dahan, S., Robinson, E. C., Deprez, M., & So,
P.-W. (2024). Applications of interpretable deep learning in neuroimaging: A comprehensive review.
Imaging Neuroscience, 2, 1-37. https://doi.org/10.1162/imag_a 00214

Hussain, M. Z., Shahzad, T., Mehmood, S., et al. (2025). A fine-tuned convolutional neural network
model for accurate Alzheimer’s disease classification. Scientific Reports, 15, 11616.
https://doi.org/10.1038/s41598-025-86635-2

Sicilia, A., Zhao, X., & Hwang, S. J. (2023). Domain adversarial neural networks for domain
generalization: When it works and how to improve. Machine Learning, 112(7), 2685-2721.
https://doi.org/10.1007/s10994-023-06324-x

Yousefnezhad, M., Zhang, D., Greenshaw, A. J., & Greiner, R. (2022). Editorial: Multi-site
neuroimage analysis: Domain adaptation and batch effects. Frontiers in Neuroinformatics, 16, 994463.
https://doi.org/10.3389/fninf.2022.994463

Page 1972

www.rsisinternational.org


https://doi.org/10.1016/j.media.2020.101694
https://doi.org/10.1162/imag_a_00214
https://doi.org/10.1038/s41598-025-86635-2
https://doi.org/10.1007/s10994-023-06324-x
https://doi.org/10.3389/fninf.2022.994463

