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B Introduction

Bronchogenic Carcinoma, or Lung Cancer (LC), is deemed
to be the leading cause of death by cancer in the United States,
with 234,580 new cases of LC and 125,070 deaths just in 2024.
LC accounts for 20% of all cancer-related deaths, accounting
for more than breast, colon, and prostate cancers combined.
LC is a disease caused by the uncontrollable division of mu-
tated cells, which can cause abnormalities, including tumor
masses.”> A common cause involves repeated exposure to car-
cinogens, which can lead to an abnormal growth pattern of
the epithelial cells lining the lung pathways, resulting in lung
cancer if left untreated.’ There are two main categories of LC:
Small Cell Lung Cancer (SCLC) and Non-Small Cell Lung
Cancer (NSCLC).* SCLC is a cancer that grows and spreads at
an exceptionally high rate, with a centrally localized lung mass
or bulky thoracic lymph node involvement; the main subtypes
of NSCLC are adenocarcinoma, squamous cell carcinoma, and
large cell carcinoma.’

Lung Cancer Metastasis (LCM) refers to the dynamic
process by which the cancer cells escape the primary tumor,
migrate, and colonize distant organs. The process involves
several complex mechanisms and commonly affects specific or-
gans, contributing to the lethality of most forms of lung cancer.
The spread of lung cancer cells is influenced by various factors,
including interactions within the tumor microenvironment
(TME) and the process of epithelial-mesenchymal transition
(EMT). EMT enables cancer cells to acquire migratory and
invasive properties. Lung cancer can metastasize to almost any
part of the body, but the most common locations for metastasis

include the liver, bones, brain, and adrenal glands (Figure 1a).”
The process begins with angiogenesis, where new blood vessels
form to supply nutrients and oxygen to the tumor. This sup-
ports rapid tumor growth and provides a pathway for cancer
cells to escape the primary site.® Through EMT, lung cancer
cells lose their epithelial characteristics, such as tight cell-cell
adhesion and polarity, and gain mesenchymal features such as
increased motility and invasiveness. This transition enables
cancer cells to invade the surrounding tissue, penetrate the
extracellular matrix, and enter the bloodstream or lymphatic
system, a process known as intravasation. Once in circulation,
the cancer cells survive various stresses (such as the immune
surveillance system) by developing resistance mechanisms.’
To establish secondary tumors, the cells undergo a mesen-
chymal-epithelial transition (MET), reverting to an epithelial
phenotype that supports proliferation and colonization (Figure
1b).1°
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Figure 1: Biological context for metastasis. a) Anatomical illustration
of primary lung cancer and its most frequent metastatic destinations. b)
Schematic representation of the general metastatic cascade: angiogenesis
provides vascular access, followed by intravasation into the bloodstream,
and eventual colonization of distant tissues through mesenchymal-epithelial
transition.
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The primary challenge in managing metastatic lung cancer
is the difficulty in early detection and precise identification of
metastatic spread. Unlike localized tumors that can be surgi-
cally removed or targeted with localized radiation, metastases
often involve multiple distant sites, requiring systemic treat-
ment approaches that are less effective in advanced stages.™
Current diagnostic techniques rely on imaging scans (CT,
PET, MRI) and biopsies from suspected secondary sites.!?
However, these methods have several invasive limitations
— posing risks of complications, infections, and additional
stress for patients.”® Furthermore, metastatic tumors are often
heterogeneous, meaning that biopsies from one part of the
metastatic site may not fully capture the molecular character-
istics of the entire metastatic population.”* Many metastases
also remain undetectable until they reach a clinically signifi-
cant size, by which point treatment options become limited.
Some micrometastases are too small to be detected through
conventional imaging, leading to missed diagnoses and delays
in targeted treatment.”

Recent technological advancements have revolutionized
the ability to analyze gene expression while preserving spatial
characteristics, providing valuable insights into the interactions
within the TME, unlike traditional bulk RNA-sequencing
methods, which average gene expression across an entire tis-
sue. Spatially resolved gene expression, also known as spatial
transcriptomics (ST), is a technique that enables scientists to
study gene expression within the physical context of intact tis-
sue.’® This approach provides valuable insights into how cells
interact with one another and their environment, which is crit-
ical for understanding cell functions and tissue dynamics.'” By
analyzing intact tissue, spatial transcriptomics retains critical
spatial information, offering a more holistic view of cell biol-
ogy.!®

However, despite its potential, the vast, high-dimensional
datasets generated by spatial transcriptomics remain diffi-
cult to analyze and interpret. Machine Learning (ML) has
emerged as a transformative approach to addressing technical
challenges and analyzing patterns.' Utilizing deep learning al-
lows for an understanding of the complex ST organization of
tumor cells in their microenvironment.

RNA-based therapeutics, particularly small interfering RNA
(siRNA), offer a highly specific approach to cancer treatment
by silencing genes that drive metastasis at the translational lev-
el.? Unlike traditional treatments, siRNA can target specific
oncogenes or metastatic regulators, shutting down pathways
responsible for tumor invasion, angiogenesis, and immune
suppression.?! This precision therapy has the potential to rev-
olutionize cancer treatment by directly inhibiting metastatic
progression rather than broadly targeting cell division. How-
ever, siRNA delivery presents a major challenge. Naked siRNA
is highly unstable, rapidly degrading in the bloodstream and
failing to reach tumor sites effectively.* Additionally, siRNA
molecules must overcome multiple biological barriers, includ-
ing immune clearance, poor cellular uptake, and endosomal
degradation, before they can exert their therapeutic effects.?
To address these challenges, Lipid Nanoparticles (LNPs) have
emerged as a promising delivery platform for RNA-based

therapies, offering enhanced stability, targeted delivery, and
efficient cellular uptake (Figure 15).*

LNPs are engineered drug delivery systems designed to
encapsulate and protect siRNA, improving its stability and
ensuring efficient transport to tumor cells (Figure 2a). LNPs
are widely used in gene therapy, immunotherapy, and vaccine
development, proving their effectiveness in delivering nucleic
acids with high efficiency. The core of an LNP typically con-
tains ionizable cationic lipids that bind to and condense the
negatively charged RNA, surrounded by structural lipids such
as cholesterol and phospholipids that enhance membrane sta-
bility. A polyethylene glycol (PEG)-lipid is incorporated on
the outer surface to improve circulation time and reduce im-
mune clearance.”® Upon reaching the target tissue, the acidic
environment of endosomes activates the ionizable lipids, pro-
moting endosomal escape and releasing the siRNA into the
cytoplasm, where it silences gene expression by degrading tar-
get mRNA (Figure 2b).* Compared to viral delivery systems,
LNPs offer greater biocompatibility, lower immunogenicity,
and scalable production—making them ideal for siRNA-based

cancer treatment.
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Figure 2: RNA-loaded lipid nanoparticles and delivery mechanism. a)
Schematic of an LNP showing its major components: ionizable lipids,
cholesterol, membrane lipids, PEG-lipids, and encapsulated RNA. b)
Mechanism of siRNA delivery via LNPs: cellular uptake, endosomal escape
triggered by pH-dependent activation of ionizable lipids, and gene silencing
through RNA-induced silencing complex (RISC) activation. Modified from
ref 36.

Despite their potential, optimizing LNPs for siRNA deliv-
ery remains a complex challenge. The ideal LNP formulation
must strike a balance between stability, size, charge, and en-
capsulation efficiency, while ensuring precise targeting of
metastatic cells. Current research focuses on improving LNP
composition, surface modifications, and ligand-based targeting
to maximize therapeutic efficacy.?” By leveraging Al-driven
optimization techniques, LNP formulations can be tailored
for metastatic inhibition, marking a significant step toward
next-generation cancer therapeutics.

Recent years have seen rapid progress in integrating spatial
transcriptomics with advanced computational methods — par-
ticularly deep learning and multimodal learning — to dissect
tumor and microenvironment architecture in cancer types.
For example, a 2024 study by Zuani ef al. demonstrated that
combining single-cell and spatial transcriptomics in NSCLC
enables a high-resolution “map” of tumor signaling modules
that drive cellular reprograming of macrophages.?® Further-
more, Wang et a/. utilized a combination of scRNA-seq and
ST in human multiple primary lung cancer lesions to map a
novel epithelial sub-population and reveal inter-lesion spatial
heterogeneity.” On the computational front, deep-learning
frameworks have begun to integrate histopathological images
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with ST maps. For example, Zhao ef al. introduced a model
named GIST, which fuses histology and spatial transcriptome
data to predict cell-type distributions and latent spatial sig-
natures.*® Another model, TransST, uses transfer-learning
and spatial factor modelling to improve deconvolution of ST
datasets and reveal biologically meaningful areas of interest in
tumor samplings.™

In parallel, deep, generative learning is rapidly accelerating
the optimization of LNPs and ionizable lipids for nucleic acid
delivery, critical for siRNA and mRNA therapies. The AG-
ILE platform, developed by Xu e# al., uses a combination of
deep learning neural networks and combinatorial chemistry
to determine the best possible ionizable lipids for specific
cell types.*? Similarly, Wang e# al. applied Al-driven virtual
screening with LightGBM to predict lipid pKa and delivery
efficiency, yielding novel candidates outperforming traditional
lipid candidates such as DLin-MC3-DMA.* Comprehensive
reviews, such as Dorsey ez al., highlight challenges and oppor-
tunities in ML-guided formulation, including data sparsity,
feature engineering, and multi-objective optimization of parti-
cle size, charge, and targeting.**

This study aims to utilize spatial transcriptomics and
machine learning to analyze the molecular and spatial char-
acteristics of primary lung tumors. This method will enable
the early identification of tumors that are most likely to me-
tastasize by analyzing the gene expression patterns associated
with metastasis, the spatial organization of tumor cells, and
the TME interactions. Using the encodings learned from the
metastasis profiling, the pipeline also aims to provide an op-
timized nucleic acid-based therapy to inhibit metastasis. This
will allow clinicians to intervene earlier and more precisely, tai-
loring treatments to suppress metastatic progression before it
becomes widespread.

B Methods

Data Preprocessing:

The spatial transcriptomics datasets used in this study were
obtained from the Visium Spatial Gene Expression platform,
provided by 10x Genomics.*® The Visium platform enables
high-resolution spatial transcriptomic profiling, capturing
gene expression data alongside spatial coordinates within tis-
sue sections. The datasets include spatial coordinates for tissue
spots, corresponding gene expression profiles, and cluster an-
notations derived from prior analyses.

To prepare the data for downstream analysis, spatial co-
ordinates were normalized to maintain consistency across
samples. High-variance genes were selected from the gene ex-
pression data, as they are more likely to capture biologically
significant patterns. Modified from the SpatialPCA reduction
methodology proposed by Shang and Zhou, dimensionality
reduction was then applied using Principal Component Anal-
ysis (PCA).% This retains the top 50 principal components to
reduce noise and computational complexity while preserving
key features of the data. Finally, the spatial coordinates, tran-
scriptomic data, and cluster information were merged into a
unified dataset, creating a comprehensive foundation for sub-
sequent analysis, including clustering and spatial modeling.

This preprocessing pipeline ensures that the high-dimensional
data is optimized for accurate and robust exploration of spatial
gene expression patterns.

Graph Neural Network for Feature Learning:

The spatial and transcriptomic data are processed using a
graph neural network (GNN), which is designed to effective-
ly capture the relationships between spatially adjacent regions
and their gene expression profiles. The GNN operates on a
graph structure where each spatial spot or cell is treated as a
node, and edges represent spatial proximity. The input to the
GNN consists of a graph where nodes are characterized by the
PCA-reduced gene expression data and their spatial coordi-
nates. The graph edges are constructed based on a k-nearest
neighbor (k-NN) algorithm applied to the spatial coordinates,
ensuring that each node is connected to its most relevant
neighbors.’” Edge weights are computed using a Gaussian
kernel on spatial distances, allowing closer neighbors to have
a stronger influence while reducing noise from distant nodes.

The GNN is composed of multiple graph convolutional
layers designed to propagate and aggregate information across
the graph.’® Each layer updates the features of a node by ag-
gregating the features of its neighbors, weighted by the edge
connections. This equation is expressed mathematically as:
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Where:

A" s the feature vector of the node 7 at layer /Z

W' is the trainable weight ma dtrix at layer /.

N(i) represents the neighbors at the node 7.

4" is the bias term at the layer /.

o is a non-linear activation function, such as the rectified
linear unit (RelLU).

The aggregation function combines information from
neighboring nodes, ensuring that each node's updated rep-
resentation incorporates both its local features and its spatial
context. After passing through the GNN, each node is repre-
sented by a high-dimensional embedding that captures both
the spatial relationships of the tissue and the transcriptom-
ic variation. These refined features are then passed into the
autoencoder for dimensionality reduction and further rep-
resentation learning in the latent space. By propagating and
aggregating information across spatially connected nodes, the
GNN enables the model to capture the subtle spatial depen-
dencies and gene expression patterns crucial for tasks such as
clustering and domain identification.

Latent Space Representation:

The autoencoder plays a pivotal role in learning meaning-
ful latent space representations by processing data through its
input, bottleneck, and output layers.*” The input to the auto-
encoder is derived from the encodings of the GNN, which
combines PCA-reduced gene expression data and the corre-
sponding spatial embeddings. The latent space, or bottleneck,
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is the most critical component of the autoencoder architecture.
This layer reduces the input to a compact 10-dimensional rep-
resentation, forcing the network to focus on the most essential
features of the data. The latent space effectively captures a
distilled version of the spatial transcriptomic data, encoding
both the spatial relationships and the most significant patterns
in gene expression. This compact embedding serves as a ver-
satile representation, enabling tasks like clustering to uncover
meaningful spatial domains or regions with shared biological
properties. The process of distillation in the latent space also
ensures that noise and irrelevant features are filtered out, leav-
ing only the core biological signals for downstream analysis.
The output of the autoencoder seeks to reconstruct the in-
put as closely as possible. Starting from the 10-dimensional
latent space, the decoder progressively transforms the reduced
representation back into the original input dimensionali-
ty. The accuracy of the reconstruction is measured using the
mean squared error (MSE) loss function, which quantifies the
difference between the original input and the reconstructed
output. Minimizing this loss ensures that the autoencoder has
constructively captured the most critical features in the la-
tent space while preserving the integrity of the data during
reconstruction. By training the autoencoder on this task, the
latent space representation becomes highly expressive, captur-
ing both the spatial and transcriptomic relationships present
in the input.

Clustering:

Clustering is a crucial step in analyzing spatial transcrip-
tomic data, as it enables the identification of biologically
meaningful patterns and spatial domains within the tissue.
In this study, k-means clustering was applied to the learned
10-dimensional latent representations generated by the auto-
encoder to group data points into distinct clusters based on
their feature similarity. The algorithm begins with the initial-
ization step, where cluster centroids are randomly placed in
the latent space, as shown in previous studies.* Each centroid
represents the potential center of a cluster.* In the assignment
step, each data point, represented as a vector in the 10-dimen-
sional latent space, is assigned to the nearest cluster centroid
based on the Euclidean distance metric:

10
— _ 2
d(xp¢p) = Z(xif i)
Jj=1
Where:
x; = (0 Xjp > x;50) represents a datapoint in the latent
space.

¢; = (cay c2 *+*> o) represents a datapoint in the latent space.

d (xp ¢;) is the Euclidean distance between the datapoint x;
and the centroid ¢;-

Each data point is assigned to the cluster 2% that minimizes
the Euclidean distance:

k*=argmind(x, c,)
k

This ensures that data points with similar gene expression
and spatial characteristics, as encoded in the latent space, are

grouped. The recalculation of the centroid iteratively occurs
until a solution is identified where the clusters are well-defined
and separated.

By clustering in this reduced-dimensional space, k-means
identifies distinct groups of spatially and transcriptionally
similar regions, corresponding to biologically or pathological-
ly distinct spatial domains. To facilitate interpretation of the
clustering outcomes, spatial coordinates from the original data
are used to create scatter plots where each data point is plotted
according to its physical location within the tissue. The clus-
ters assigned by k-means are visualized by coloring each point
according to its cluster label. Once clusters are identified, they
are visualized in two dimensions. Spatial coordinates are then
color-coded by cluster labels, allowing the mapping of clusters
back onto the tissue to reveal their spatial distribution and bi-
ological significance.

To validate the biological relevance of the identified clusters,
Gene Set Enrichment Analysis (GSEA) is performed. This
analysis determines whether specific gene sets, such as those
associated with metastatic pathways, are enriched within each
cluster. Forinstance, gene sets related to epithelial-mesenchymal
transition (EMT), cellular invasion, migration, proliferation, or
angiogenesis can reveal clusters likely representing metastatic
regions. By linking clusters with well-documented metastatic
pathways, GSEA provides a critical layer of validation, en-
abling researchers to hypothesize about the role of each cluster
in metastatic progression.

Figure 3: Pictorial diagram of the ensemble multi-modal machine learning
pipeline. a) Principal Component Analysis (PCA) reduces dimensionality of
high-throughput transcriptomic data. b) Graph Neural Networks (GNNs)
capture spatial and transcriptional relationships between tissue regions. ¢) A
variational autoencoder learns abstract latent features from gene expression
profiles. d) K-means clustering is applied in latent space to group biologically
relevant tissue domains based on Euclidean distance.

Metastasis Risk Score (Supervised Post-Analysis):

After identifying clusters potentially associated with meta-
static behavior, a Metastasis Risk Score is calculated for each
spatial location within the tissue. The computation of the Me-
tastasis Risk Score considers three primary components: gene
expression signatures, spatial context, and cluster membership.

The first component, gene expression signatures, involves
evaluating the expression levels of known genes associated with
metastasis. Regions with elevated expression of these genes are
considered to have a higher likelihood of exhibiting metastat-
ic behavior. The second component, spatial context, assesses
the proximity of a spatial location to the primary tumor and
evaluates the spatial patterns of gene expression. For instance,
locations closer to the primary tumor or showing spatial char-
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acteristics consistent with metastatic progression may receive
higher scores. Lastly, cluster membership is incorporated by
assigning higher weights to clusters identified as enriched for
metastatic pathways through GSEA, linking the unsupervised
clustering results to the risk-scoring process.

To refine the Metastasis Risk Score, supervised machine
learning models such as Support Vector Machines (SVMs)
and Random Forests (RFs) are employed. These models take
input features derived from the latent space embeddings,
expression levels of metastasis-associated genes, spatial prox-
imity to high-risk clusters, and pathway enrichment scores. By
training on labeled datasets where metastatic status is known,
these models learn to predict the likelihood of metastasis at
each spatial location. Incorporating known metastatic markers
as features further enhances the accuracy of the risk predic-
tions while maintaining biological interpretability.

Unsupervised Therapy Design:

The Variational Autoencoder (VAE)-Bayesian inference
method is implemented in this study because it allows for a
continuous, molecule-based algorithm that can derive features
from its own latent space, inspired by the methodology from
Ochiai ef al* This method is modified from the chemical
LNP optimization methodology proposed by Nidhi Yadalam
in 2024 for cystic fibrosis therapeutics.*® As the input is a valid
Simplified Molecular-Input Line-Entry System (SMILES)
entry of a combinatorially formulated LNP (composed of the
four lipids as described previously), the VAE traverses through
its encoder/decoder network, recognizing the principal com-
ponents of the entry.

The primary chemical formulation system is manned by
principles of iterative, combinatorial chemistry to initiate
different syntheses of LNPs. After manually retrieving vari-
ous cationic ionizable lipids, cholesterol, phospholipids, and
PEG-lipids, the client class iterates through the database,
identifying the SMILES input for each compound. The ca-
nonical smiles were manually inputted at the beginning for
easy access. The code then generates combinatorial libraries of
molecules by enumerating possible combinations of R-groups
on the scaffold of cationic ionizable lipids. The composition
finalizes with a large database of LNPs.

The encoder portion for the VAE is made based on Rela-
tional Graph Convolutional Networks (R-CGN). The main
inputs for the encoder are the adjacency and feature matri-
ces. After the relational convolutions, the dimensionality of
the graph is then further reduced from 2D to 1D, allowing
the molecule to be easily represented for random selection
later. However, the 2D dimensionality is retained, allowing
it to represent the latent space. In the latent chemical space,
the features, or properties, of the compounds were reduced
to lower dimensionality and then optimized using Gaussian
properties and the loss function. The custom loss used in the
VAE function consists of two terms: a reconstruction loss and
a KL divergence loss. The reconstruction loss term measures
how well the model reconstructs the input data, while the KL
divergence term encourages the learned latent space to resem-
ble a predefined prior distribution.

The decoder reconstructs the primary input SMILES from
the latent space. After defining the latent space input, densely
connected layers are applied inside the latent space to learn a
nonlinear mapping from the latent space representation to the
adjacency matrix and feature matrix. Therefore, the generated
outputs capture meaningful graph structures and node features
while mitigating the risk of overfitting. The decoder’s dense
layers are then mapped to a continuous adjacency tensor and
reshaped to match the specified adjacency shape, generating a
representation of the graph’s adjacency matrix in the SMILES
format.

B Results and Discussion

Owerview of Identified Clusters:

Unsupervised clustering methods, including k-means and
Density-Based Spatial Clustering of Applications with Noise
(DBSCAN), were applied to the latent space generated by the
autoencoder. These methods identified distinct spatial clusters
representing biologically meaningful groupings based on gene
expression patterns. Scatterplots of spatial coordinates, colored
by cluster labels, demonstrated clear separation between tissue
regions, with clusters exhibiting high variability in gene ex-
pression predominantly located at the tumor's invasive front
or distant metastatic sites. Figure 4a and Figure 4b show the
groupings of spatial coordinates and clusters, as well as the
transcriptome and heatmap of genes for the Human Lung
Cancer FFPE tissue tumor block.

Heatmap of Gene Expression Across Clusters

patial Scatterplot of Tissue with Clusters

b)

T T

showing transcriptionally distinct clusters across tissue regions, each color-
coded to indicate unique spatial domains. b) Heatmap displaying gene
expression variation across clusters, highlighting differential expression of
metastasis-related genes.

Metastatic Pathways Identified:

Pathway enrichment analysis of metastatic clusters revealed
significant associations with key metastasis-related pathways
for each specific dataset. Clusters demonstrated strong enrich-
ment for EMT, as evidenced by the upregulation of genes such
as SNAI1, ZEB1, and TWIST]1, indicating enhanced cell mo-
bility and invasiveness. This is demonstrated in publications
that support the EMT signaling pathway, as mediated by the
most famous EMT-related cytokine, transforming growth
factor p (TGF-B).* Additionally, angiogenesis pathways ex-
hibited elevated expression of genes such as VEGFA, which
has been shown to bind with receptors such as FT1 and
KDR — supporting vascular remodeling and tumor expan-
sion.” Immune evasion pathways were also enriched, marked
by upregulation of MHC class II genes in the absence of
co-stimulatory signals, enabling the tumor to suppress im-
mune responses through regulatory T cell induction.**” ECM
modeling was observed through the overexpression of matrix
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metalloproteinases (e.g., MMP1, MMP9), which correlated
with tissue invasion and metastasis.*® All the different met-
astatic capabilities were discovered through the various tests
of the individual datasets and compared with existing litera-
ture, with certain biochemical integrations shown (Figure 5).
Dynamic comparisons with metastasis-related gene sets from
TCGA and GEO datasets confirmed the robustness of these
clustering results. A real-time correlation with the published
cancer datasets was also run to ensure the practicality of the

clustering results and the pathway likelihood (Figure 6a).
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Figure 5: Integrated signaling pathways in lung cancer metastasis. Key
pathways contributing to metastasis, including EMT, immune evasion,
angiogenesis, and ECM remodeling, are shown converging on a central
metastatic signaling network. Arrows indicate activation or upregulation of
downstream effectors.
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Gene Set Enrichment Analysis:

Gene Set Enrichment Analysis (GSEA) further validated
the enrichment of metastatic pathways within the identified
clusters. EMT and invasion pathways displayed normalized
enrichment scores (NES) greater than 3, with false discovery
rates (FDR) of less than 0.05. A high NES indicates strong
and statistically significant enrichment of these pathways
within the metastatic clusters, suggesting that genes involved
in EMT and invasion are highly activated compared to back-
ground gene expression levels. The low FDR ensures that these
findings are not due to random chance, increasing confidence
in the biological relevance of these pathways to metastasis.
This provides robust evidence that EMT and invasion process-
es play a critical role in driving metastatic progression within
the identified clusters, reinforcing the validity of the clustering
and enrichment analysis. Additionally, immune suppression
and angiogenesis pathways exhibited consistent enrichment
across multiple metastatic clusters. Enrichment maps visualiz-
ing these findings revealed cluster-specific pathway activation,
underscoring the heterogeneity in metastatic mechanisms
across different tissue regions (Figure 6a and 6b).

Cross-Validation with External Datasets:

External validation was conducted using publicly avail-
able transcriptomic datasets from The Cancer Genome Atlas
(TCGA) from the Genomic Data Commons (GDC) Portal®
and Gene Expression Omnibus (GEO)® to assess the robust-
ness of the identified metastatic clusters. To ensure consistency,

metastatic signatures were extracted from independent pa-
tient-derived tumor samples in these datasets and compared
against the gene expression profiles from the identified clus-
ters. The enriched pathways are known to be statistically and
biologically significant, with the False Discovery Rate (FDR)
values of less than 0.05 (Figure 6c).

Validation was performed by applying the trained clustering
model to these external datasets and computing classification
performance metrics. The metastatic clusters demonstrated
high predictive accuracy, with an average precision of 94.2%
(TCGA) and 91.5% (GEO), recall values of 92.8% (TCGA)
and 90.2% (GEO), and F1 scores of 93.5% (TCGA) and
90.8% (GEO) (Figure 6d). Additionally, a receiver operating
characteristic (ROC) analysis was performed, revealing high
area under the curve (AUC) scores of 0.9 (TCGA) and 0.89
(GEQ). The receiver operating characteristic (ROC) curve
(Figure 6e) illustrates that metastatic classification shows clear
separation between true positive and false positive rates.

Metastasis Risk Scoring:

A Metastasis Risk Score was computed for each spatial
region based on gene expression, spatial context, and cluster
membership. High-risk regions, defined as those scoring in
the top 20" percentile, exhibited a mean risk score of 0.87 =
0.05, while low-risk regions scored significantly lower at 0.34
+0.07 (p < 0.05) (Figure 6f). The 20* percentile was chosen
to capture the upper quantile of spatial regions exhibiting ex-
treme metastatic gene-expression patterns while retaining
sufficient statistical power for group comparisons. Cross-val-
idation of the risk scores against clinical metastatic samples
was performed using an independent dataset of histologically
confirmed metastatic regions. The predictive accuracy of the
risk scoring system was evaluated using sensitivity and speci-
ficity metrics, achieving a sensitivity of 92.8% and a specificity
of 89.4%. A Spearman correlation analysis (p = 0.81) further
validated the strong association between predicted high-risk
regions and actual metastatic outcomes, reinforcing the robust-
ness of the risk assessment framework. These results highlight
the effectiveness of the risk-scoring system in identifying re-
gions with high metastatic potential.

Figure 6: Validation of biological relevance and predictive strength of
identified metastatic clusters. a) Clustered gene expression profiles show high
correlation (r 2 0.91) with TCGA and GEO datasets. b) Enrichment analysis
reveals strong activation of metastasis-related pathways, all with NES = 3. ¢)
All enriched pathways show statistically significant FDR values (FDR < 0.05).
d) The confusion matrix shows accurate classification of metastatic vs. non-
metastatic clusters with minimal error. ¢) ROC curves for TCGA and GEO
confirm strong model performance (AUC = 0.90 and 0.89). f) Metastasis risk
scores show clear separation between high- and low-risk tissue regions.
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Spatial Analysis of Metastatic Clusters:

Mapping of identified clusters onto spatial tissue coordinates
demonstrated that metastatic clusters were predominant-
ly located at the tumor’s invasive front or in distant regions.
Quantitative spatial analysis revealed that for tumor sections
ranging from 400 to 1200 pum, metastatic clusters were posi-
tioned at an average distance of 600-950 pm from the tumor
core, whereas low-risk clusters were placed within 250-450
pm of the tumor boundary. The spatial mapping (Figure 7b)
illustrates that high-risk metastatic clusters (red) tend to be lo-
calized at the tumor periphery and distant regions. In contrast,
low-risk clusters (blue) are concentrated near the tumor core.
Most metastatic clusters exhibit a skewed distribution toward
increased distances from the tumor core, reinforcing the no-
tion that tumor cells preferentially disseminate away from the
primary tumor mass. For the cluster distances to the vascular
regions, the distances averaged at ~550 pm (Figure 7a), and for
the cluster distances to the tumor core, the distances averaged
at ~650 pm (Figure 7c¢).

Spatial autocorrelation analysis confirmed that metastatic
clusters were non-randomly distributed (Moran’s I = 0.67, p
< 0.03), indicating strong spatial dependence of metastatic be-
havior. These findings suggest that metastatic clusters do not
arise randomly within the tissue but instead follow predictable
patterns of invasion towards vascularized and low-density ex-
tracellular matrix regions.

These findings were consistent with biological expectations
of metastasis, particularly migration toward vascularized or
low-density regions of the extracellular matrix. The statistical
correlation between high-risk clusters and proximity to vas-
culature provided additional spatial validation supporting the
identified clusters.

Figure 7: Spatial patterns associated with metastatic risk. a) Map of metastatic
clusters overlaid on tissue coordinates, with high-risk (red) and low-risk
(blue) areas, and annotated vascular regions and tumor core. b) Metastatic
clusters are located closer to vascular regions on average (~550 pm), suggesting
vascular-directed migration. ¢) Metastatic clusters show wider spatial spread
from the tumor core (~650 pm mean distance), indicating dispersal beyond
the primary tumor mass.

Unsupervised Therapy Analysis:

Following the development of the Variational Autoencoder
(VAE) model and the exploration of its latent space to iden-
tify optimal molecular representations through decoding, an
essential post-processing step ensures that only chemically val-
id SMILES strings are retained. Using RDKit modules, the
model filters out invalid molecules by checking for structural
feasibility, including bond integrity and atom valency. This step
prevents the inclusion of synthetically impossible or unstable
molecules. Beyond chemical validity, the model further eval-
uates the drug-likeness and pharmacological suitability of the
generated lipid nanoparticles (LNPs) using two key metrics:

Quantitative Estimate of Drug-likeness (QED) and Lipins-
ki’s Rule of Five. The QED score quantitatively assesses how
"drug-like" a molecule is based on a composite of physico-
chemical properties. At the same time, Lipinski's rules provide
guidelines (e.g., molecular weight < 500 Da, <5 hydrogen bond
donors, <10 hydrogen bond acceptors, and logP <5) to gauge
its oral bioavailability.

To further refine the selection, a supervised classification
model is used to predict whether the newly generated LNP
candidates are more optimized. This classifier integrates QED,
Lipinski features, and additional molecular descriptors as
inputs, enabling high-confidence predictions about the ther-
apeutic viability of the generated molecules. The supervised
classification model implemented a Random Forest Regressor,
trained with built-in QED and Lipinski features for biomole-
cules and aggregates. The model received a 93% accuracy. This
multilayered filtering process ensures that only chemically
sound, biologically relevant, and pharmaceutically promising
LNPs proceed to experimental validation.

Significance and Limitations:

This study advances the field by integrating spatial transcrip-
tomics, graph neural networks, and variational autoencoding to
create a unified pipeline capable of predicting metastatic risk
and generating optimized siRNA-loaded lipid nanoparticles.
Previous spatial transcriptomics studies mainly characterized
tumor microenvironments,'®® but few have connected spa-
tial gene expression with actionable therapeutic design. By
leveraging spatially-aware ML, this work identifies high-risk
metastatic regions directly from the primary tumor—address-
ing a major clinical gap, as metastasis confirmation typically
requires invasive secondary-site biopsies.’® The model also
demonstrates strong performance when validated against
TCGA and GEO datasets, supporting its biological robustness.
Furthermore, coupling metastasis profiling with Al-driven
nanoparticle optimization introduces a new computational
framework for targeted RNA therapeutics.

However, several limitations must be acknowledged. The
first includes the reliance on Visium’s spot-level resolution,
which restricts single-cell interpretability. The absence of wet-
lab validation prevents full confirmation of metastatic behavior
or LNP performance. The Metastasis Risk Score uses an arbi-
trary percentile threshold that may not generalize across tumor
morphologies, and QED/Lipinski filters do not fully capture
biological delivery constraints. Finally, proteomic, metabolic,
and other biophysical factors could enhance metastasis qualities
as well as transcriptomic signatures. Future work integrating
multi-omic datasets, higher-resolution spatial platforms, and
experimental validation will strengthen the translational po-
tential of this framework.

B Conclusion

Metastasis remains the greatest barrier to effective cancer
treatment, responsible for over 90% of cancer-related deaths
due to its late detection, lack of targeted therapies, and rap-
id resistance to conventional treatments. This study presents
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a first-of-its-kind computational framework that integrates
Al-driven metastasis prediction with RNA-based precision
therapy, addressing critical gaps in early detection and targeted
intervention.

By leveraging spatial transcriptomics and machine learning,
this work introduces an Al-driven metastasis prediction model
that can identify high-risk tumor regions before they spread,
offering a non-invasive alternative to traditional biopsy-based
diagnostics. Beyond detection, this study pioneers the devel-
opment of an Al-optimized lipid nanoparticle framework,
designed to stabilize and deliver siRNA therapeutics to met-
astatic cells with high precision. In silico validation confirms
that the optimized therapies exhibit heightened potential for
efficacious delivery at precisely targeted locations, as histori-
cally verified.

This research bridges the gap between computational on-
cology and precision nanomedicine, showing that Al can not
only predict metastasis but also guide the design of next-gen-
eration therapeutics to stop it at the molecular level. By
replacing invasive biopsies with Al-driven spatial analysis and
broad-spectrum chemotherapy with gene-targeted siRNA de-
livery, this study presents a transformative approach to treating
metastatic cancer. Future advancements will focus on iz vitro/
vivo validation, expanded clinical applications, and further
refinement of Al, paving the way for the real-world implemen-
tation of non-invasive, patient-specific metastasis therapies.

This work attempts to establish a new standard in cancer
therapeutics, demonstrating that Al and RNA-based medicine
can collaborate to detect, target, and treat metastasis with un-
precedented precision, thereby pushing the boundaries of what
is possible in oncology.
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