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ABSTRACT

Advances in bioinformatics have greatly contributed to the discovery of epithelial-mesenchymal transition
(EMT) markers, such as epithelial cell adhesion molecule (EPCAM). This study aimed to conduct an EPCAM-
centered meta-analyses of previously RNA-sequencing data for identifying pan-cancer EMT markers in
circulating tumor cells (CTCs) utilizing bioinformatics- and machine learning (ML)-based approaches. In this
study, the RNA sequencing data of seven different cancer types from two datasets, namely GSE273023 and
GSE274442, were analyzed. Gene—gene correlation among included cancer samples and EPCAM-centered gene—
gene correlation analysis were performed. The data were subjected to ML-based pathway and gene clustering
analysis. Notably, the results showed that most of the cancers presented similar gene expression profile, albeit
with some differences, which were primarily attributed to differences in mitochondrial gene expression.
Furthermore, gene—gene correlation analysis revealed multiple genes with significantly altered expression,
including CBWD2, MED23, QRSL1, ZNF568, and INTU. Similarly, TRPS1 was found to be significantly
correlated with EPCAM. Overall, the findings of this study reveal the association between EPCAM—-TRPS1 and
CBWD2z-associated MED23—QRSL1—ZNF568—-INTU axes, thereby showing their potential as co-markers and for

the development of multiplexed immunoassay for a robust pan-cancer CTC detection approach.
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INTRODUCTION

Cancer is a complex, multifactorial disease that
significantly burdens the public health worldwide
(Ferlay et al., 2024). Additionally, processes such as
metastasis further exacerbate cancer, causing the
disease to progress to more advanced and aggressive
stages and other locations, thereby significantly
increasing disease severity. Metastasis refers to the
process that instigates the spread of cancer cells from
the primary tumor to distant organs or tissues to
forming secondary tumors, and epithelial-
mesenchymal transition (EMT) is a crucial part of this
process (Dongre and Weinberg, 2019; Gerstberger et

al., 2023; Yeung and Yang, 2017).

Circulating tumor cells (CTCs) have been critically
implicated in metastasis, as these cells travel from the
primary tumor following EMT to colonize the other
body parts through entry into the bloodstream or
lymphatic system (Dongre and Weinberg, 2019). For
CTCs to generate following EMT, cancer cells lose
their cell-cell adhesion properties and structural
polarity, thereby exhibiting increased motility and
invasiveness. This transformation allows them to
detach from the primary tumor mass, penetrate
surrounding tissues, and enter circulation as CTCs
(Garg, 2013; Lamouille et al., 2014). Owing to this,
CTCs have been associated with the early tumor
development stage and the complex process of

metastasis.

Meta-analysis is a well-recognized approach for
exploring and identifying novel markers and
pathways for disease prognosis, and various studies
have employed meta-analysis for reporting prognostic
factors for different cancer types (Borenstein et al.,
2021; Groot Koerkamp et al., 2013; Guven et al.,
2022; Lv et al., 2016). For instance, in a meta-
analysis of 18 independent EMT gene expression
studies (both cell line and treatment-based), a core
set of consistently up- and down-regulated genes
were identified. These genes were overlapped with
known EMT markers to reveal novel candidates, some
of which were associated with poor therapeutic

response in breast cancer (Groger et al, 2012).

Similarly, in bladder cancer, analysis of integrated
networks revealed CORO1C and TMPRSS4 as hub
genes, and they were associated with EMT and poor
prognosis through bioinformatics approach (Wang et
al., 2020). Overall, meta-analysis and bioinformatics-
based approaches offer notable advantages in the
analysis of gene expression data for the exploration of

novel marker sets.

In recent times, machine learning (ML) has become a
powerful tool in studies on metastasis, facilitating risk
prediction, biomarker identification, and
understanding of mechanisms. For instance, in a
study on colorectal cancer, ML was employed along
with experimental validation to screen for metastasis
biomarkers, and genes that distinguished primary
identified

(Ahmadieh-Yazdi et al, 2023). Similarly, Random

tumor and liver metastasis were
Forest models were used on clinical/demographic
data of the patients with thyroid cancer to predict
bone metastasis (Liu et al.,, 2021). Such studies
highlight the applicability of ML in meta-analysis for

a robust identification of disease markers.

Hence, this study aimed to conduct an epithelial cell
adhesion molecule (EPCAM)-centered meta-analysis
of RNA-sequencing (RNA-seq) data of multiple
cancers for identifying pan-cancer EMT markers in
CTCs utilizing bioinformatics- and ML-based

approaches.

MATERIALS AND METHODS
Study selection

In the present study, the Gene Expression Omnibus
(GEO)

(https://www.ncbi.nlm.nih.gov/geo/) was screened

database

for datasets using the following terms and their
combinations: “epithelial-mesenchymal transition,”
“RNA “RNA-seq,”

“circulating tumor cell,” and “cancer,” and the species

sequencing,” “metastasis,”
was set to “Homo sapiens.” Ultimately, GEO datasets
GSE273023 (Liao and Zhou, 2025a) and GSE274442
(Liao and Zhou, 2025b), containing RNA-seq data for
lung adenocarcinoma (LUAD), skin cutaneous

melanoma (SKCM), liver hepatocellular carcinoma
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(LIHC), thymoma (THYM), breast invasive carcinoma
(BRCA), prostate adenocarcinoma (PRAD), and

sarcoma (SARC), were selected for further analysis.

Pan-cancer gene expression analysis for EMT-
driver genes

To identify pan-cancer-specific driver genes among
the included datasets, a core set of EMT-associated
genes was curated from the GeneCards database
(https://www.genecards.org/) (Table 1), and the
genes were grouped in mesenchymal-like (such as
vimentin [VIM] and N-cadherin) and epithelial-like
(namely E-cadherin [CDH1] and EPCAM) gene sets.
The EMT score represented the up- and
downregulation of mesenchymal and epithelial
components, as follows:

EMT score = Mesenchymal component —
Epithelial component (Eq. 1)
where mesenchymal and epithelial components were
the means of z-scores for mesenchymal markers (such
as VIM, FN1, and ZEB1) and epithelial markers (such
as CDH1 and EPCAM), respectively.

To scale differences robustly, z-scoring was
performed, with positive EMT denoting more
mesenchymal-like characteristic, whereas negative

EMT denoting more epithelial-like characteristic.

The z-score standardized gene expression for fair
comparison, regardless of the absolute levels of
different genes, showing the distance of a value is
from the mean in units of standard deviation (Shah
and Parveen, 2025).

Xgs—H
7 =Zgs7Hg
9.5 o

(Eq. 2)
where x(g,s) denotes the raw expression of gene g in
sample s; p(g) is the mean expression of gene g across
all samples. X(g) denotes the standard deviation of
gene g across all samples. The z-scoring was evaluated
as follows: z=0: exactly average; if z>0, EMT higher
than the average; and z<o, EMT lower than the

average.

False discovery rate (FDR)

The FDR denotes the proportion of false positives
among the genes declared significant in the gene
clusters, controlling “how many mistakes you tolerate”
in large-scale testing. It is employed with summarizing
pathway-level activity from multiple genes. The p-values
were ranked as follows: p(1) < p(2) < ...< p(m), and g-
values were adjusted to ensure their monotonic increase

with rank (Rosati et al., 2024).

The Benjamini—Hochberg equation was used for

calculating the g-value:

_ bpxm

Qi == (Eq. 3)
where m is the total number of tests (genes) and q(i)

is the FDR-adjusted p-value (q-value).

If FDR = o0.05 of all

approximately 5% may be false positives. The results

“significant” genes,
were shown as a graph, and each point represented
one cancer sample, plotted by its EMT score from
Byers and Creighton EMT-scoring scoring systems.

The line represented the best-fit linear regression.

Gene—gene correlation analysis

In the present study, gene—gene correlation analysis was
performed to quantify the variation in the expression of
two genes across samples or time through Pearson
correlation analysis (r range: —1, perfect anti-correlation,
to +1, perfect co-expression). Based on the per-gene z-
scored expression for the top-40 EMT-driving
candidates across samples, hub genes that represented
strongest positive and negative gene—gene pairs were
identified within the correlation networks.
EPCAM-centered gene—gene  correlation
analysis

Following the identification of the top 40 EMT-
related genes across the cancer types included in this
study, the gene—gene association of EMT- and
metastasis-related markers (Tables 1—2) in regards to
EPCAM was analyzed. Based on this analysis, the top
10 positively and and negatively EPCAM-correlated

markers were identified.
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K-Means clustering of gene expression data
and boxplot analysis

The K-Means clustering algorithm was applied to the
obtained low-dimensional clusters to identify inherent
groupings within the data (Hussain et al, 2024).
Notably, the optimal number of clusters was determined
using internal validation techniques such as the
silhouette score, and the clustered data was visualized in
the Uniform Manifold Approximation and Projection
(UMAP) 2D space and as scatterplots to facilitate
identifying separate clusters and underlying patterns in
the dataset. Additionally, boxplot analysis was
performed to evaluate the variability in distributional
characteristics of gene expression in different cancer
types and identify the central tendency (median, Inter
Quartile Range [IQR]) across all cancer groups.

Pathway-guided weighted distance (PGWD) K-
means analysis for gene expression data

Pathway-guided clustering, an unsupervised machine
learning technique that utilizes route information to
guide the clustering process, was employed to classify
genes based on their activity in pre-established
biological pathways. Notably, gene expression data
were first converted into pathway activity profiles,
which were then clustered to capture coordinated
biological processes. To cluster genes contributing to
comparable pathways, the algorithm iteratively
assigned genes to clusters and updated centroids
based on weighted pathway activity. PGWD K-Means
analysis reveals biologically meaningful genes by
weighting features wusing pathway knowledge,
following which, standard K-means is run in a re-
weighted feature space (equivalent to Euclidean
distance after feature scaling) (Malla et al., 2024; Sun
et al., 2023; Yousef et al., 2023). Proposed Algorithm
PGWD-K-Means (including parameters X, A, K, a, 3,

A, 1, and q) is discussed below.

For preprocessing, X[:, g] was standardized for each
gene g to zero-mean, unit-variance, and low-variance
genes were filtered. To determine pathway relevance
(r_p), r_p was computed for each pathway p using
either unsupervised variance of pathway activity,
under the

supervised enrichment/t-score/area

reciever operating curve if labels exist, and prior
knowledge score. Notably, r_p « r_p/(median_p
r_p) was normalized, and r_p was clipped at the
upper percentile q to avoid domination. Gene
Centrality c¢_{g,p} (uniform, network, or stability-
based) was computed for for each (g, p) with A[g,p] =
1. The value was normalized within the pathway as

follows: c_{g,p} < c_{g,p}/(mean_{geG_p} c_{g,p}).

To aggregate gene weights for each gene g, the
following process was employed:

s_g<— X _{p;Alg,p]-r_p~a-c_{g,p}"p

w_g raw «— s_g / (1 + T - (degree_g - 1)), where

overlap penalty was (degree_g=>._ p Alg,p])

Shrinkage/regularization was performed as follows:
w_g « (1 - A)-w_g_raw + A, where A € [0,1] keeps
minimum weight > o

Next, weights were rescaled and clipped at upper
percentile q:

w_g« w_g / median_g(w_g).

Weighted Feature Space was presented as Construct
X_w, where X_w[:, g] — X[:, g] - Vw_g.

For analyzing K-Means in Weighted Space, p_k (k-
means++ on X_w) was initialized and the process was
repeated until convergence:

Assignment: z_i « argmin_k || X_w[i, :] - p_k
[l 272

Update: p_k < mean of assigned X_w rows in cluster
k

Return z, w.

For two samples x;,x;, distance induced by PGWD
was calculated as follows:
d (Eq. 4)

PGWD (x3,x)=%3_ (xig—j g)?

which is exactly Euclidean distance after scaling each
feature by ,/w,.

Hyperparameters included oe[0.5,2] denoting

Belo,1]

centrality emphasis, Le[0,0.3] for weight shrinkage

pathway relevance emphasis, denoting
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for stability, te[0,0.5] for the overlap penalty for
multi-pathway genes, and q<€[0.90,0.99] denoting
clipping percentile to prevent domination. Owing to
prevalence of overlapping pathways, the overlap
penalty (t) was induced to prevent inflated weights
for hub genes. This process included top-weighted
pathways and genes, and ablation of a, B, A to show

robustness.

Table 1. Summary of markers and each cancer type

RESULTS

Identification of EMT-driving genes

In the present study, expression patterns of the genes
were evaluated to identify EMT-driver genes. For
each cancer, the top five overexpressed mesenchymal
and suppressed epithelial markers were identified
(Table 1). Overexpression meant higher-than-normal

gene activity; suppression meant lower activity.

Cancer type Top mesenchymal driver(s) Top suppressed epithelial ~ Hypothesized EMT mechanism
marker(s)

Lung VIM, FN1, SNAI2, ZEB1, CDH1, OCLN, EPCAM, DSP, SNAI2-mediated suppression of

adenocarcinoma MMP9 S100A9 adhesion for invasion.

Skin cutaneous  VIM, CDH2, ZEB2, TWIST1, CDH1, OCLN, DSP, EPCAM, ZEB2-driven neural crest traits for

melanoma MMP2 S100A9 melanocyte dissemination.

Thymoma FN1, SNAI1, ZEB1, VIM, CDH1, OCLN, DSP, EPCAM, SNAI1-induced dedifferentiation
MMP9 S100A9 in thymic stroma.

Liver VIM, SNAI1, TWIST1, ZEB1, CDH1, OCLN, DSP, EPCAM, TWIST1-TGFf axis for matrix

hepatocellular MMPg S100A9 remodeling and vascular invasion.

carcinoma

Breast invasive VIM, SNAI1, ZEB1, FN1, CDH1, OCLN, DSP, EPCAM, SNAI1-ZEB1 repression of

carcinoma MMP2 S100A9 adhesion for stemness.

Sarcoma VIM, FN1, CDH2, TWIST2, CDH1, OCLN, DSP, EPCAM, Inherent mesenchymal state with
MMP2 S100A9 FN1-matrix deposition.

Prostate VIM, SNAI2, ZEB2, FN1, CDH1, OCLN, DSP, EPCAM, SNAI2-androgen independence for

adenocarcinoma MMPg S100A9 bone tropism.

EMT, epithelial-mesenchymal transition.

A moderate-to-strong positive correlation was found
between the Byers and Creighton EMT-scoring methods,
suggesting that both approaches broadly agree on which
samples are epithelial-ike and mesenchymal-like.
However, the spread around the regression line showed
notable variability, indicating that some samples scored

differently depending on the method.

Overall, this agreement validates EMT scoring as a
reproducible concept across algorithms, with the
scatter emphasizing that while EMT is a robust
program, methodological differences may shift

individual sample classifications (Fig. 1).

Gene-gene correlation analysis

The results of gene—gene correlation showed that per-
gene z-scored expression were used to identify the
top-40 EMT-driving markers across all samples,

revealing a strong epithelial module (Fig. 2A).

Epithelial hub genes CBWD2, MED23, ZNF568,
NBPF11, FAMi120B, INTU, QRSLi, ZSCAN30, and
ZNF443 formed a strong association, with high
expression in PRAD/THYM and low in LUAD1. In
contrast, cluster such as

SERPINI2/RASA3/MGAT1/FKBP11/FOLR2

mesenchymal /immune
showed
relative elevation in mesenchymal samples, with
CYB561D2 standing out as higher in mesenchymal-high
versus epithelial-low, consistent ~ with the
abovementioned findings of this study. Many epithelial-
hub genes exhibited large differences between
mesenchymal and epithelial endpoints (=2—-3 z-units),
visually evident as deep cool versus warm blocks
between LUAD1-like and PRAD/THYM columns, which
supported a coordinated switch-off of the epithelial
program during EMT. However, these results only
emphasize effect sizes and co-expression modules, with
n = 10 and approximately 50Kk tests, none of the single

genes crossed FDR < 0.05.
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Fig. 1. (A) Statistical summary of gene versus EMT
messenger RNA-based score. (B) Byers versus
Creighton EMT scores. EMT, epithelial-mesenchymal

transition
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Fig. 2. (A) Top 40 EMT-candidate genes across
cancer types. (B) Pearson correlation matrix of top 40
EMT-candidate genes. EMT, epithelial-mesenchymal

transition

Table 2. Top 10 mesenchymal- and epithelial-like genes

The matrix (Fig. 2B) visualized pairwise Pearson
correlations among the top-40 EMT-tracking
genes, showing that linear co-variation of two
genes across samples: r=~1 indicated lockstep co-
expression, r=0 independence, and r<o anti-phasic
expression. Module blocks appeared as contiguous
high-r regions, while cross-shaped negative bands
marked genes that oppose an entire block. Hub
genes showed uniformly high correlations across a
row/column and had high mean absolute r to
others, summarizing module behavior and often
being anchor biological programs such as epithelial
modules in EMT. Hub metrics placed CBWD2 at
of the epithelial
MED23/QRSL1/ZNF568/INTU close behind. This

explained the strong block structure and model

the center module, with

where an epithelial program switched off
coherently as EMT increases while
mesenchymal/immune  activation is  more

heterogeneous.

EPCAM-centered gene—gene analysis

In the present study, an EPCAM-centered analysis
was performed considering its established role as
an epithelial and CTC marker in the context of
EMT and metastasis. Notably, the top 10 most
positively and negatively correlated genes with
EPCAM were extracted. Furthermore, an EPCAM-
centered hub-and-spoke network was visualized,
correlating EPCAM and other markers (Table 2).

Mesenchymal-like

Epithelial-like

Gene Pearson FDR Gene Pearson FDR
correlation (r) correlation (r)
SERPINI2 0.905 0.232 CBWD2 -0.971 0.103
RASA3 0.898 0.232 MED23 -0.967 0.103
FKBP11 0.887 0.232 ZNF568 -0.962 0.106
MGAT1 0.879 0.232 NBPF11 -0.960 0.106
MATK 0.872 0.232 FAM120B -0.955 0.145
FOLR2 0.866 0.232 INTU -0.951 0.155
KCNH3 0.866 0.232 IPP -0.949 0.155
SNAPC2 0.852 0.232 QRSL1 -0.945 0.155
CD300C 0.849 0.232 ZSCAN30 -0.944 0.155
RNH1 0.845 0.232 ZNF443 -0.944 0.155

FDR, false-discovery rate.

Consistent with its role as an epithelial marker,
EPCAM was found to be among the top downregulated

genes across multiple tumor types in this study and

strongly positively correlated with epithelial-associated
markers and both negatively correlated with canonical

EMT/metastasis markers. The EPCAM-centered
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network visualization (Fig. 3A) illustrates this
relationship, emphasizing its utility as a CTC marker

and its regulatory placement within the EMT spectrum.

Fig. 3. (A) EPCAM-centered correlation network.
Solid lines, positive correlation; dotted lines, negative
correlation. (B) Heat map with EPCAM as the hub

gene. EPCAM, epithelial cell adhesion molecule

Notably, EPCAM displayed strong bidirectional
correlations with EMT- and metastasis-related
genes across different cancer types. Among the
positively  correlated genes, the strongest
associations were observed with TRPS1 (r = 0.975),
KLRG2 (r = 0.963), and HCRTR2 (r = 0.963),
followed by AARD (r = 0.960) and BRINP1 (r =
0.958).

epithelial-like

These genes represent epithelial or

signatures that reinforce the
canonical role of EPCAM as an epithelial marker.
In contrast,
included LEFTY1 (r = —-0.954), HSF5 (r = -0.954),
TSACC (r = -0.953), ST6GAL1 (r = -0.950), and

TACR1 (r = —0.947). These markers are consistent

the negatively correlated genes

with mesenchymal or EMT-associated programs
(Fig. 3B; Table 3).

Table 3. Top 10 positively and negatively correlated

genes with epithelial cell adhesion molecule

Gene Positive Gene Negative
correlation (1) correlation (r)
TRPS1 0.974 LEFTY1 -0.523
KLRG2 0.963 HSF5 -0.499
HCRTR2 0.962 TSACC -0.488
AARD 0.958 ST6GAL1 -0.484
BRINP1 0.957 TACR1 -0.478
ATP6V1B1 0.957 LAIR2 -0.472
7G16B 0.956 MATN1 -0.471
SERTAD4 0.955 CD19 -0.469
TRPMS8 0.954 LINCo00471 -0.466
SHROOM3 0.954 CNR2 -0.465

K-Means clustering of gene expression data
and boxplot analysis

In the present study, the cancer type data were
clustered into the groups of two, three, and four (k=2,
3, and 4, respectively). In column-wise k=4
clustering, four main clusters were formed, as follows:
Cluster 0, LUAD3, LUAD4, PRAD, and SARC; Cluster
1, LUAD2; Cluster 2, LUAD1; and Cluster 3, BRCA,
THYM, SKCM, and LIHC (Fig. 4A—C). The results
suggested that data in Cluster o and 3 showed
considerable intra-cluster similarities, whereas
LUAD1 and LUAD2, which were present at distinct
points, indicated their significantly different variance
patterns. In k=3 clustering, Cluster o absorbed
LUAD2, resulting in LUAD1 to be a consistent outlier
cluster. In k=2 clustering, Cluster o included all
samples except LUAD1, which comprised a separate
Cluster 1, indicating its significantly varying
expression profile, even compared with those of the

same cancer type (namely LUAD2-4).

w PRSP # prE——— f

w0 e e ® o 0]

« e e

Fig. 4. K-means column-wise sample clustering
results at (A) k=2; (B) k=3; (C) k=4. K-means gene
clustering results at (D) k=2; (E) k=3; (F) k=4. PC,

PC, principal component

Regarding the clustering of genes, k=2, 3, and 4
clustering analyses revealed notable separation
between nuclear and mitochondrial gene set (Fig.
4D-F). In k=4 clustering, Cluster 0 contained most
genes (including all nuclear) and was densely packed
near the origin. In contrast, Clusters 1, 2, and 3
contained various mitochondrial genes, suggesting
that functional grouping of mitochondrial genes
separated them from nuclear gene expression. In k=3
clustering, Cluster o still retained most nuclear genes,
and Clusters 1 and 2 comprised the distinct

mitochondrial set. Overall, mitochondrial genes were
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broadly split as follows: ND-type genes (ND1—-ND5 +
CYB) and CO/ATP-type genes (CO1—-CO3 + ATP8 +
ND4/ND4L).

In k=2 clustering, some mitochondrial genes were
absorbed in Cluster 0; however, they were still
considered the major contributor of the expression

heterogeneity.

@ IMAP 20 priuction with Kilears Clsters ®
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© g :
Fig. 5. (A) Uniform Manifold Approximation and
Projection 2D plot with K-means clusters. (B) Boxplot
analysis result encompassing all features across
multiple cancer types and showing pronounced

variability in distributional characteristics

The UMAP 2D projection of clustering results
suggested that the dataset exhibited both well-
defined and loosely structured groups (Fig. 5A).
The dense central cluster likely represented the
dominant patterns or majority class, whereas the
isolated peripheral clusters denoted niche or
outlier groups. The elongated and curved cluster
shapes further indicated that the data is non-
linearly separable in its original feature space,
which UMAP effectively captured in this 2D
representation. The overlapping regions between
clusters implied certain similarity or shared
characteristics across those data points, potentially
signaling gradual transitions rather than sharp
boundaries. This insight may be crucial for
downstream  tasks such as classification,
segmentation, or anomaly detection, to ultimately
reveal complex relationships within the dataset

that a simple linear model might not capture.

The boxplot effectively encompassed all features

across multiple cancer types (Fig. 5B),

demonstrating pronounced variability in
distributional characteristics. Notably,
such as LUAD and BRCA exhibited higher medians

and broader IQRs, suggesting heterogeneous gene

cancers

expression landscapes. In contrast, cancers such as
THYM and PRAD exhibited narrower distributions,
which indicated greater uniformity across samples.
These differences highlight the diverse molecular
architectures of the cancers under study, with some
showing significant within-group variability while

others remain relatively stable.

ML-based pathway-guided clustering of gene
expression data

Notably, two GEO datasets
GSE274442, containing RNA-seq data for LUAD
(LUAD1—4), SKCM, LIHC, THYM, BRCA, PRAD, and
SARC, were included in this study. The results of

GSE273023 and

pathway-guided clustering of gene expression data
revealed that most cancer samples (namely LUAD,
BRCA, LIHC, THYM, PRAD, and SARC) were
grouped under Cluster 0, suggesting overlapping gene
expression patterns—driven by shared oncogenic
pathways—among these cancers (Fig. 6A).
Interestingly, LUAD4 (Cluster 1) and SKCM (Cluster
2) were positioned separately from most samples,
reflecting differences in pathway-level expression and
transcriptional activity compared with the other
cancers. These results highlighted that pathway-
guided clustering can detect both common and

unique signatures across different cancer types.

L Mgt Ehstars (Pothmby Cuded, PCA Projectssn) ®

ssssssss
TEGER

Fig. 6. (A) PCA plot of pathway-guided sample
clustering. (B) PCA plot of pathway-guided clustering
by cancer type. PCA, principal component analysis;

PC, principal component

In clustering based on cancer type, most cancers
(namely LUAD, BRCA, LIHC, THYM, PRAD, and
SARC) remained closely grouped, indicating the
presence of shared molecular characteristics (Fig.
6B). Consistent with the results of pathway-based
clustering, SKCM and LUAD4 were observed to be

placed differently from the major cluster, further
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validating their different transcriptional program.
Overall, these alignments of clustering with known

types
interpretability of the pathway-weighted approach.

cancer demonstrated the  biological

DISCUSSION

This study conducted an EPCAM-centered meta-
analyses of RNA-seq data derived from GEO datasets
GSE273023 and GSE274442 (Liao and Zhou, 2025a,
2025b) for identifying pan-cancer EMT markers in
CTCs and ML-based
approaches. The integration of pathway-guided

utilizing bioinformatics-

clustering, ML approaches, and EMT-focused gene
expression profiling showed notable similarities
between different cancer types. In the present study,
most cancers showed overlapping pathway-level
expression signatures, with LUAD subsets and SKCM
diverging as distinct clusters with unique
transcriptional activity. Moreover, mitochondrial
gene expression played a significant role in shaping
clustering outcomes. Additionally, EPCAM-centered
correlations provided an array of positively and

negatively correlated markers.

The pathway-guided clustering results revealed the
involvement of shared oncogenic pathways regarding
similarities across different cancer types. LUAD,
BRCA, LIHC, THYM, PRAD, and SARC were largely
grouped into a single dominant cluster, indicating the
presence of core transcriptional programs related to
proliferation, metabolic reprogramming, and cell
survival (Hung et al,, 2015; Zhang et al., 2014).
Interestingly, LUAD4 and SKCM diverged from the
dominant cluster, indicating differences in tissue-
specific and subtype-specific transcriptional activity.
For instance, SKCM was shown to be driven by
melanocyte lineage programs and immune evasion
mechanisms, whereas deviations in LUAD4 reflected
genomic  alterations or  microenvironmental
influences unique to that sample set. These results of
clustering patterns were consistent with those of
pathway-weighted approaches, which accounted for
raw expression variance and higher-level functional
context. Overall, these results signified the use of

pathway-guided models in the analysis of

heterogeneous cancers owing to their advantages of

comprehensive analysis.

K-means clustering revealed intra-type heterogeneity
and mitochondrial contributions, complementing
pathway-guided findings, particularly within LUAD.
LUAD1 consistently emerged as an outlier, suggesting
a different molecular subset in their transcriptional
programs. Similarly, the divergence of LUAD2
suggested that even cancers classified under the same
histological type may harbor distinct transcriptomic
landscapes (Allison and Sledge, 2014; Roggli et al.,
1985; Wu et al., 2021).

Furthermore, the consistent separation of mitochondrial
and nuclear genes was observed. The clustering of ND-
and CO/ATP-type mitochondrial genes into distinct
groups represented important sources of heterogeneity
UMAP

underscored the non-linear structure of the data,

across tumors. Moreover, projections
highlighting that gene expression heterogeneity in
cancer cannot be captured by simple linear boundaries,
and thus, further justifying the application of advanced
dimensionality reduction and ML-based clustering
approaches (Lee et al., 2021; Lee et al., 2022; Vera-
Yunca et al.,, 2020). The findings of boxplot analysis
provided a complementary distributional perspective,
highlighting that cancers showed both converging
mechanisms and tissue-specific uniqueness across

different types.

The gene—gene correlation analysis identified robust
epithelial modules (e.g., CBWD2, MED23, ZNF568),
which demonstrated strong positive correlations and
hub-like
programs are tightly regulated and switch off in a
coordinated fashion during EMT. The EPCAM-centered

analysis contextualizes EMT in terms of a well-known

architecture, suggesting that epithelial

epithelial marker with clinical relevance in CTC
detection. EPCAM strongly correlated with epithelial-
associated markers such as TRPSi1, KLRG2, and
BRINP1, along with its negative correlations with
EMT/mesenchymal-associated genes such as LEFTY1
and ST6GALI1, highlighting its regulatory opposition to
EMT programs.
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TRPS1 expression has been reported to influence the
progression in different tumors, indicating its
prognostic role regarding CTCs and EMT (Hong et al.,
2013; Stinson et al., 2011). Similarly, studies have
implicated the expression of CBWD2, MED23 (Shi et
al., 2014), QRSL1 (Dursun et al., 2022; Wang et al.,
2023), ZNF568 (Han et al., 2024; Wang et al., 2020),
and INTU (Chan and Chen, 2022) in tumor
progression and associated processes across different
cancer types. Overall, these studies indicate the
involvements of aforementioned genes in various
tumors. Combining with the results of the present
study, which highlight the significant correlations
among these genes, the findings suggest that these
genes may serve as prognostic markers while offering
a robust prognostic efficacy when combined with

EPCAM for metastasis evaluation and CTC detection.

Altogether, these results highlight the potential of
EPCAM-TRPS1 and CBWDz2-associated MED23—
QRSL1—-ZNF568-INTU axes as potential biomarkers,
along with underscoring the importance of hybrid EMT
states and the prognostic superiority of ML-based
scoring methods. Furthermore, the findings provide a
research basis for the future studies on the proposed
axes for the development of robust CTC detection

methods such as multiplexed immunoassays.
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