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Transcriptomic-Clinical Integration for Predicting Lymph Node Metastasis in Colorectal Cancer

LVI + 35-transcriptomic signatures accurately predicts lymph node metastasis (AUC=0.92)
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ABSTRACT

Objective: To identify gene-expression features associated with lymph node metastasis (LNM) in colorectal cancer
(CRC) and to develop a transcriptomic-clinical predictive model for preoperative nodal assessment.

Materials and Methods: A total of 151 CRC tissue samples (74 LNM- and 77 LNM+) were analyzed using RNA
sequencing. Differentially expressed genes (DEGs) were identified with DESeq2, and functional enrichment analyses
were performed using the Database for Annotation, Visualization, and Integrated Discovery (DAVID). A Least
Absolute Shrinkage and Selection Operator (LASSO) logistic regression model integrating gene-expression features
with clinical variables was developed to predict LNM status. Model performance was evaluated using the area under
the receiver operating characteristic curve (AUC), sensitivity, and specificity.

Results: A total of 302 DEGs were identified in LNM+ CRC, including 178 upregulated and 124 downregulated genes.
Upregulated genes were enriched in chemokine-mediated signaling, epithelial morphogenesis, and intermediate
filament organization, whereas downregulated genes were associated with adaptive immune response and complement
activation. In multivariate analysis, lymphovascular invasion (LVI) was the only clinical variable independently
associated with LNM. The optimized LASSO model, combining LVI with selected transcriptomic features,
demonstrated excellent discriminatory performance (AUC = 0.92). Key upregulated genes included CCL21, CCL26,
DEFBI, LST1, KANK4, TNNCI, PFDN6, TENM1, CST6, and PADI3, while IGHV2-26 was downregulated.
Conclusion: Integration of LVI with transcriptomic signatures enables accurate prediction of lymph node metastasis
in CRC and supports biopsy-based risk assessment to guide clinical decision-making.

Keywords: Colorectal neoplasm; Lymphatic metastasis; RNA sequencing; Gene expression regulation; Logistic

Models (Siriraj Med ] 2026;78(2):152-163)

INTRODUCTION

Colorectal cancer (CRC) is one of the most prevalent
malignancies of the gastrointestinal tract and ranks
among the top three most commonly diagnosed cancers
globally as reported in the GLOBOCAN 2020 database.'
The global incidence of CRC is approximately 19.5 per
100,000 population and continues to increase despite
advances in screening programs and treatment modalities.
Mortality remains significant, with an estimated rate
of 9 deaths per 100,000 population, underscoring the
growing clinical burden of the disease.

The five-year overall survival rate for screen-detected
CRC is approximately 83.4%.” Survival outcomes in
CRC are strongly influenced by clinical staging, which
is determined by tumor invasion depth (T stage) and
lymph node involvement (N stage). According to the
AJCC 8™ edition’, the presence of lymph node metastasis
(LNM) marks the transition to Stage II1, also known as
locally advanced disease. While patients with Stage I
and II CRC typically have excellent five-year survival
rates—approaching 90%—this rate drops to around 80%
in Stage III and falls below 50% in Stage IV disease. At
Siriraj Hospital in Thailand, reported five-year survival
rates for CRC are 89.1% for Stage I, 78.6% for Stage II,
and 57.9% for Stage III disease.

In clinical practice, LNM in CRC is evaluated using
a combination of tumor characteristics and imaging

findings. First, the depth of primary tumor invasion (T
stage), typically assessed by endoscopic examination
and preoperative imaging, is a key determinant of nodal
involvement, with reported LNM rates increasing from
14.3% in T1 tumors to 25.6% in T2, 61.2% in T3, and
65.6% in T4 disease.” Second, direct assessment of lymph
node status is performed using preoperative imaging,
most commonly computed tomography (CT), which
infers nodal metastasis based on lymph node size (>9
mm), morphology, margin characteristics, and nodal
clustering. However, the diagnostic accuracy of CT
remains limited (approximately 60-70%) and is subject
to both false positive and false negative results.® Third,
pathological features obtained from biopsy specimens,
particularly lymphovascular invasion (LVI), are used as
indicators of nodal spread. Although LVTI is associated
with an increased risk of LNM, its predictive value is
constrained by the fact that histological LVIis identified
in only about one-third of patients with confirmed nodal
metastasis.””

Given the limitations of current diagnostic approaches,
there is growing interest in integration of molecular
biomarkers into the staging process. Transcriptomic profiling,
particularly through RNA sequencing, has emerged as
a powerful tool for identifying gene expression patterns
associated with metastatic behavior. The differentially
expressed genes (DEGs) analysis may reveal molecular

https://he02.tci-thaijo.org/index.php/sirirajmedj/index

Volume 78, No.2: 2026 Siriraj Medical Journal 153



Tangkullayanone et al.

signatures linked to lymph node involvement, offering
a path to more precise risk stratification.

In this study, we aim to characterize the biological
functions and signaling pathways of DEGs and to establish
a predictive model for LNM in CRC. By integrating
RNA-sequencing-based gene expression profiles with
relevant clinical variables, we applied the Least Absolute
Shrinkage and Selection Operator (LASSO) regression
to identify genes most strongly correlated with nodal
involvement. The resulting gene signature is intended to
improve the preoperative risk assessment and facilitate
personalized management of patients with CRC.

MATERIALS AND METHODS

Patients aged 18 years or older with a histopathologically
confirmed diagnosis of CRC who underwent upfront
surgical resection at Siriraj Hospital between 2011 and
2024 were included. Diagnosis and preoperative staging
were established by colonoscopic biopsy and contrast-
enhanced CT imaging. During surgery, representative
primary tumor tissue was collected and preserved as fresh
frozen samples, while the entire specimen underwent
standard pathological assessment. Patients were excluded
if they had suspected hereditary CRC syndromes, multiple
synchronous primary CRCs, received neoadjuvant
chemotherapy or radiotherapy prior to surgery, or
presented with distant metastatic disease at diagnosis,
as defined by the American Joint Committee on Cancer
(AJCC) Cancer Staging Manual, 8" Edition.’

There are 207 CRC cases in the tissue bank. After
applying exclusion criteria, 2 samples from patients who
had received neoadjuvant chemoradiation, 3 samples
with synchronous tumors, and 9 samples with confirmed
hereditary CRC were excluded. As this study focused
on LNM, 40 stage IV samples were excluded. RNA-
sequencing quality control identified two additional
outlier samples, which were removed from the analysis.
The final cohort comprised 151 samples, which 74 were
the LNM-negative (LNM-) group and 77 were the LNM-
positive (LNM+) group.

Total RNA was extracted from fresh CRC tissue
specimens preserved in RNAlater using a previously
described protocol'’ and purified with the RNeasy Mini
Kit (Qiagen). RNA concentration, purity, and integrity
were assessed using NanoDrop spectrophotometry and
the Agilent 2100 Bioanalyzer; only samples with RNA
integrity numbers (RIN) >7 and total RNA yield >1 pg
were included. Messenger RNA was enriched using poly-T
oligo-attached magnetic beads, followed by strand-
specific library construction with dUTP incorporation.
Library quality was evaluated by Qubit, qPCR, and

Bioanalyzer profiling. Paired-end sequencing (2 x 150
bp) was performed on an Illumina NovaSeq platform,
generating approximately 8 Gb of data per sample.
Library preparation and sequencing were outsourced
to Novogene Co. Ltd. (Singapore).

Statistical analysis
RNA-sequencing data pre-processing and transcript
abundance quantification

Raw RNA-sequencing data (FASTQ format) were
assessed for quality using FastQC. Adapter sequences and
low-quality reads were trimmed using FastP, followed
by post-filtering quality verification with FastQC and
summary reporting using MultiQC. Quality-controlled
reads were quantified using Salmon with pseudo-alignment
against the GRCh38 human reference transcriptome.
Transcript-level abundances were summarized at the
gene level using the R package TXimport.' "

Quality control and normalization

RNA-sequencing data from primary CRC tumors
comprising 37,788 genes were analyzed. Quality control
at the expression level was assessed using Relative Log
Expression (RLE) plots. Samples whose median RLE
deviated substantially from zero were considered outliers
and excluded before analysis, yielding the final dataset
used for downstream procedures. Low-count genes
were removed before normalization and testing. We
retained genes with >10 total reads across all samples
and detectable expression in >30 samples. Normalization
was performed using the median-of-ratios method in
DESeq2, and variance stabilizing transformation (VST)
was subsequently applied to normalized counts for
downstream analyses.

DEGs and predictive modeling

The DEGs between patients with lymph node-
positive and lymph node-negative CRC were tested
using the Wald test in DESeq2 under a negative binomial
framework. Multiple testing was controlled with the
Benjamini-Hochberg false discovery rate (FDR); genes
with FDR-adjusted p < 0.05 were considered statistically
significant. For interpretability, we prespecified a threshold
of |log. fold change| > 1 to denote biologically meaningful
effects.

Functional enrichment of the resulting 302 DEGs
was conducted using the Database for Annotation,
Visualization, and Integrated Discovery (DAVID).'
Enrichment was assessed on multiple databases, including
Gene Ontology (GO), Kyoto Encyclopedia of Genes
and Genomes (KEGG), WikiPathways, and Reactome.
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Statistical significance thresholds were set at p value
< 0.05 and q value < 0.15 after correction for multiple
testing by the Benjamini-Hochberg false discovery rate
(FDR) method. Given the exploratory nature of pathway
enrichment analysis, a less stringent FDR threshold
(q < 0.15) was applied to identify biologically relevant
pathways while minimizing false negative findings.

For downstream visualization and predictive modeling,
the data were subsequently standardized to z-scores (per
gene); when specified, the means and standard deviations
(SDs) were estimated from the lymph node-negative
reference group.

To develop a classifier for lymph node status, we
used the LASSO logistic regression (glmnet package). The
dataset was randomly partitioned into training (70%),
testing (20%), and hold-out validation (10%) sets with
stratification by outcome. The regularization parameter
(M) was selected via 10-fold cross-validation within the
training set using the one-standard-error (1-SE) rule
when applicable. Model performance was quantified in
test and validation sets using the area under the receiver
operating characteristic curve (AUC), sensitivity, and
specificity. All modeling was performed in R 4.5.0.

We compared three regularized logistic regression
approaches including Ridge (L2), Elastic Net (a € [0,1]),
and LASSO (L1) using identical variable and the same
outcome-stratified train/test/validation splits. For Elastic
Net, a was tuned on a grid while A was selected by 10-fold
cross-validation. Model selection prioritized discrimination
(AUC) and calibration on the test set, with parsimony
considered when performance was comparable.

RESULTS

Baseline clinicopathological characteristics are
summarized in Table 1. A total of 151 CRC samples
were analyzed, including 74 LNM - and 77 LNM+ cases.
Age, sex, and tumor location did not differ significantly
between groups. In contrast, tumor invasion depth
(T stage) was significantly higher in the LNM+ group
(p <0.001), with T3-T4 tumors predominating. LVI and
perineural invasion (PNI) were strongly associated with
LNM (both p < 0.001) and were largely absent in LNM—
cases. Tumor differentiation was comparable between
groups, with most tumors being moderately differentiated.
Overall, T stage, LVI, and PNI were significantly associated
with the presence of LNM, whereas other clinical features
showed no significant differences.

Quality control of RNA-sequencing data from all
CRC samples (37,788 genes) was performed using Relative
Log Expression (RLE) plots (Fig S1)."”" Two samples
with median RLE values deviating substantially from
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zero were excluded, leaving 151 samples for downstream
analyses.

After sample QC and low-count filtering (retaining
genes with >10 total reads and expression in >30 samples;
17,906 genes remained), differential expression was assessed
in DESeq2. Using median-of-ratios normalization and
Wald testing, we identified 302 DEGs in the primary
tumors from the patients with lymph node-positive vs
lymph node-negative CRC at FDR-adjusted p < 0.05
and |log, fold change| > 1. Of these, 178 genes were
upregulated and 124 were downregulated in lymph
node-positive tumors. The overall distribution of effect
sizes and significance is shown in the volcano plot
(Fig 1) and the complete DEG list provided in Table S1.

Functional enrichment analysis of these DEGs
using DAVID revealed distinct biological signatures
between the two groups, as summarized in Table 2. The
upregulated genes were mainly associated with epithelial
morphogenesis, intermediate filament organization, and
chemokine-mediated signaling, whereas the downregulated
genes were enriched for pathways related to adaptive
immune response and complement cascade.

For prediction, the 151 samples were partitioned
with outcome stratification into training (n = 106;
LNM-group = 51, LNM+ group = 55), test (n = 30;
LNM-group = 18, LNM+ group = 12), and hold-out
validation (n = 15; LNM- group = 5, LNM+ group =
10) sets (Fig 2). The candidate predictor set comprised
302 genes identified from the DEGs analysis (DESeq2;
VST-transformed expression values standardized to
per-gene z-scores; see Fig S2), along with the clinical
covariates sex, age, primary tumor location, T stage,
LVI, PNI, and tumor difterentiation. Ten-fold cross-
validation selected the penalty that minimized binomial
deviance at \_min = 0.01055471 (log A =~ —4.55) (Fig 3),
yielding a 36-variable LASSO model (35 genes + LVI)
with non-zero coeflicients associated with lymph node
positivity. Using this \_min model, the classifier trained
on per-gene z-standardized VST expression demonstrated
excellent discrimination: in the training set, AUC was 1.00
with 100.0% sensitivity, 100.0% specificity, and 100.0%
accuracy; in the independent test set, AUC was 0.93 with
91.7% sensitivity, 88.9% specificity, and 90.0% accuracy;
and in the hold-out validation set, AUC was 0.92 with
90.0% sensitivity, 100.0% specificity, and 93.3% accuracy
(Fig4). For completeness, the one-standard-error solution
is reported in Table 3 as a parsimonious comparator, but
all primary performance estimates refer to the A_min
(35 genes + LVI) model. Non-zero coeflicients for the
\_min model are listed in Table 3.

We compared LASSO, Ridge, and Elastic Net logistic
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TABLE 1. Baseline characteristics of the patients according to lymph node status.

Characteristic LNM- (n=74) LNM+ (n=77) p-values
Age, yr (mean +SD) 66.89 + 12.70 63.92 + 11.60 0.135
Male, n (%) 44 (59.5) 38 (49.4) 0.213
Primary tumor location, n (%) 0.332
Right colon 11 (14.9) 10 (13.0)
Transverse colon 4 (5.4) 2 (2.6)
Left colon 31 (41.9) 25 (32.5)
Rectum 28 (37.8) 40 (51.9)
T stage, n (%) <0.001
T1 6 (8.1) 1(1.3)
T2 31 (41.9) 9(11.7)
T3 32 (43.2) 53 (68.8)
T4a 3(4.1) 9(11.7)
T4b 2(2.7) 5(6.5)
LVI, n (%) <0.001
No 69 (93.2) 48 (62.3)
Yes 5(6.8) 29 (37.7)
PNI, n (%) <0.001
No 68 (91.9) 53 (68.8)
Yes 6 (8.1) 24 (31.2)
Tumor differentiation, n (%) 0.126
Well differentiated 14 (18.9) 5(6.5)
Moderately differentiated 58 (78.4) 67 (87.0)
Poorly differentiated 1(1.4) 1(1.3)
Signet-ring cell 0 (0) 2 (2.6)
Mucinous 1(1.4) 2 (2.6)

*p-values are based on the t-test for continuous variables and the x* test for categorical variables.

regression using identical features and outcome-stratified
train/test/validation splits. LASSO provided the most
balanced and consistent discrimination across held-out
sets, achieving an AUC of 0.93 in the test set (sensitivity
91.7%, specificity 88.9%) and 0.92 in the validation set
(sensitivity 90.0%, specificity 100.0%), while maintaining
perfect training performance (AUC 1.00) (Fig 4). Ridge
regression yielded a slightly higher test AUC (0.95) but
produced a non-sparse solution that retained all features;

test specificity (88.9%) and sensitivity (100.0%) were
comparable, and validation AUC was 1.00 (sensitivity
90.0%, specificity 100.0%) (Fig S4). Elastic Net produced
atest AUC of 0.92 with sensitivity (91.7%) at specificity
(83.3%), and a validation AUC of 0.92 (sensitivity 90.0%,
specificity 100.0%) (Fig S6). Considering sensitivity,
specificity, and AUC jointly on the independent test
and validation sets together with model sparsity and
interpretability we selected LASSO as the final classifier.
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Fig 1. Volcano plot displaying differential expression between lymph node-positive and lymph node-negative CRC (DESeq2, Wald test).
The x-axis shows log, fold change (LNM+ vs LNM-) and the y-axis shows —logio (FDR-adjusted P). The points in red indicate significantly
DEGs (|log,FC| > 1, FDR < 0.05; n = 302), and the points in blue represent genes with FDR < 0.05 but fold changes within +1 (less than
two-fold change). Non-significant genes are shown in grey.

TABLE 2. Functional Pathways and Representative Genes in LNM+ CRC.

Upregulation in LNM+

Pancreatic cancer subtypes

Morphogenesis of the

epithelium
Chemokine-mediated
signaling
Intermediate filament
organization

Cell maturation

CRC Representative Genes

SCEL, TFF2, KRT7,
CTSE, CST6, KRT6A

KRT16, SOX8, SOX10,
KRT6A

CCL13, CCL21, TFF2,
PPBP, CCL26
KRT16, KRT7, KRT6B,
KRT6A, PRPH

CCL21, REN, SOX8,
SOX10

Downregulation in LNM+ CRC

Adaptive immune response

Complement system

Regulation of complement

cascade

Complement cascade

Complement and coagulation

cascades

Representative Genes

FGB, FGA, IGHV3-72,
IGKV3-7, IGHV2-26,
IGKV1D-13, IGKV1D-12,
IGHG2, IGKV6D-21,
TRBC2, IL17F, IL17A,
IGKV2D-24

FGB, FGA, CFHR2,
CFB, CPN1, C2
IGHG2, CFHR2, CFB,
IGKV1D-12, CPN1, C2
IGHG2, CFHR2, CFB,
IGKV1D-12, CPN1, C2

FGB, FGA, CFHR2,
CFB, C2
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Fig 2. Diagram dataset split for predictive modeling

The full cohort (n = 151 tumors; 17,906 genes after low-count filtering) was partitioned by outcome into training (70%, n = 106; LNM-group
=51, LNM+ group = 55), test (20%, n = 30; LNM—group = 18, LNM+-group = 12), and hold-out validation (10%, n = 15; LNM- group =
5, LNM+ group = 10) sets using stratified random sampling.

39 39 35 36 36 34 29 21 16 12 9 8 4 3 3 2 0

1.4

 Lambda (A) = 0.01055471; .

12

1.0

Binomial Deviance
0.8

0.6

5 4 3 2 -1

Log()

Fig 3. Ten-fold cross-validation for the LASSO logistic model.

Ten-fold cross-validation curve showing mean binomial deviance (red points) 1 SE (gray bars) across log(A) values. The vertical dotted
lines mark A_min (left) and A_1SE (right). The selected penalty at \_min = 0.01055471 (log A = —4.55) minimizes deviance. The numbers
along the top indicate the number of non-zero coefficients in the model at each A.
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TABLE 3. Final LASSO genes and clinical variable to predict lymph-node positive status.

Type
Clinical

Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene

Gene

Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene
Gene

Gene

Regulation

Downregulation

Upregulation

Ensembl ID

ENSG00000285162
ENSG00000244694
ENSG00000205578
ENSG00000066032
ENSG00000143627
ENSG00000170892
ENSG00000177238
ENSG00000262771
ENSG00000196656
ENSG00000167244
ENSG00000147255
ENSG00000135744
ENSG00000282344
ENSG00000259848

ENSG00000270136
ENSG00000174473
ENSG00000276725
ENSG00000226182
ENSG00000267022
ENSG00000278622
ENSG00000006606
ENSG00000114854
ENSG00000204542
ENSG00000280571
ENSG00000283707
ENSG00000175315
ENSG00000132854
ENSG00000268975
ENSG00000137077
ENSG00000164825
ENSG00000142619
ENSG00000009694
ENSG00000206283
ENSG00000234964
ENSG00000178343

Gene symbol/variable

LVI

AC004593.3
PTCHD4
POM121B
CTNNA2
PKLR
TSEN34
TRIM72
SSBP1
AC004057.1
IGF2

IGSF1

AGT
IGHV2.26
AC097374.1

MINOS1.NBL1

GALNTL6
CEP170
LST1
AC067968.1
TSEN34
CCL26
TNNCA1
C6orf15
AC006059.2
AC275455.1
CST6
KANK4
MIA.RAB4B
CCL21
DEFB1
PADI3
TENM1
PFDNG6
FABPS5P7
SHISA3

Coefficient (B)
1.367

-0.659
-0.396
-0.278
-0.266
-0.225
-0.1563
-0.151
-0.124
-0.096
-0.057
-0.049
-0.044
-0.042
-0.025

0.551
0.526
0.519
0.438
0.429
0.392
0.290
0.284
0.280
0.270
0.239
0.151
0.132
0.096
0.073
0.065
0.057
0.054
0.042
0.027
0.022
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ROC Curve for LASSO Logistic Regression in Training Set
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Receiver operating characteristic (ROC) curves for the LASSO logistic regression model selected at \_min = 0.01055471, evaluated in the

training (top), test (bottom-left), and hold-out validation (bottom-right) sets. Performance summaries are shown within each panel.

DISCUSSION

LVIis a well-established histopathological marker
of aggressive colorectal cancer and was significantly
associated with lymph node metastasis (LNM) in our
cohort. After integration into a multivariate LASSO
model with transcriptomic variables, LVI remained the
only independent pathological predictor, underscoring
its role as a critical early step in lymphatic dissemination.
Functional analysis of 302 differentially expressed genes
revealed that LNM-positive tumors were enriched for
pathways related to chemokine signaling, epithelial
morphogenesis, and cytoskeletal organization, while
downregulated genes were associated with adaptive
immune responses and complement activation. These
findings suggest that nodal metastasis in CRC arises from
coordinated epithelial remodeling alongside suppression
of antitumor immune mechanisms.

Among these, Sciellin (SCEL) promotes cancer cell
stiffness and tumor colonization, partly through activation
of the Wnt/B-catenin pathway and enhancement of
mesenchymal-to-epithelial transition (MET). Elevated
SCEL expression in late-stage CRC suggests its involvement
in tumor progression.”’ Chemokine-mediated signaling
directs lymphocyte trafficking to lymph nodes, and it
has been hypothesized that cancer cells may exploit

this mechanism to invade lymphatic tissue.”’ In this
pathway, CCL21 and CCL26 (C-C motif chemokine
ligand 21 and 26) are implicated. CCL21 promotes nodal
spread through matrix metalloproteinase-9 (MMP9)
activation and extracellular matrix remodeling’**, thereby
enhancing cancer cell migration.” Additionally, increased
expression of epithelial markers such as Keratin (KRT)
or cytokeratin (CK) has been associated with tumor
progression, increased migratory capacity, and epithelial-
mesenchymal transition (EMT).” The transcription
factor SOX8 (SRY-box) further contributes to aggressive
tumor behavior by activating Wnt/B-catenin signaling,
leading to enhanced proliferation, reduced apoptosis,
and increased EMT activity.

Tumor-infiltrating Blymphocytes (TIBLs) are associated
with favorable outcomes in CRC, and downregulation of
IGHV?2-26 may reflect reduced immune infiltration and
enhanced immune evasion.” Additionally, diminished
expression of the complement cascade may impair immune
surveillance and complement-dependent cytotoxicity,
facilitating LNM.*

The LASSO regression model identified a concise
panel of 35 genes together with LVI as an independent
clinical predictor of lymph-node metastasis. Although
the selected genes did not fully overlap with the DAVID-
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enriched set, many shared functional relevance with
pathways involved in chemokine signaling, epithelial
remodeling, cytoskeletal dynamics, and immune regulation.
This complementarity reflects the distinct aims of the
two analyses: DAVID reveals global biological themes,
while LASSO isolates the smallest gene set that best
predicts metastatic potential.

Among the upregulated genes, several were linked to
chemokine-mediated signaling and immune modulation.
CCL21 and CCL26 may guide tumor-cell migration toward
lymphatic channels through MMP9-dependent matrix
remodeling. DEFB1 (Defense betal), an innate-immunity
gene with context-specific oncogenic or suppressive
roles, correlates with immune-checkpoint activation and
poorer outcomes.”"’ LST1 (Leukocyte specific transcript
1) mediates inflammatory crosstalk between tumor and
stromal cells, promoting invasion and proliferation.’"*

KANK4 (KN motif and ankyrin repeat domains
4)****, TNNCI1 (Troponin C1)* ¥, PFDN6 (Prefoldin
6)*, and TENMI1 (Teneurins 1)”, regulate cytoskeletal
organization and epithelial structure, supporting increased
motility and adhesion changes characteristic of metastatic
cells.

PADI3 (Protein arginine deaminase 3)**' and
CST6 (Cystatin 6)*** participate in EMT control; their
dysregulation may favor metastatic colonization. GALNT6
(Polypeptide N-acetylgalactosaminyltransferase 6)*
promotes proliferation and migration by altering mucin
glycosylation and epithelial polarity, while TSEN34 and
CEP170"—involved in RNA processing and cell-division
control—likely reflect heightened proliferative activity
in advanced tumors.

Among the downregulated genes, several act as tumor
suppressors or immune mediators. TRIM72 (Tripartite
motif containing 72)* and PTCHD4 (Patched domain
containing 4)*"*%, a negative regulator of Hedgehog (HH)
signaling. Loss of Patched-mediated inhibition may lead
to HH signaling activation and promote EMT induction.
Reduced CTNNAZ2 (Catenin alpha 2) disrupts epithelial
adhesion and favors mesenchymal transformation.” The
suppression of IGHV2-26, a key immunoglobulin heavy-
chain gene, mirrors the weakened adaptive-immune and
complement pathways observed in the DAVID analysis.

Overall, our findings highlight the central role of
LVI in allowing tumor cells to access the lymphatic
system and spread to lymph nodes. Lymph-node-positive
CRC demonstrated increased chemokine signaling,
cytoskeletal remodeling, EMT, and reduced immune
activity, which are biological processes that support
metastatic progression. The genes selected by the LASSO
model represent these pathways and together form an

...................................... Original Article SM]

expression pattern that can help estimate the likelihood
of nodal involvement. This study has strengths, including
the integration of gene-expression data with a routinely
assessed pathological feature, LVI, producing a model
that may be usable in real clinical decision-making.
However, the study also has limitations. Samples were
obtained from a single center, and some genes in the
model have not yet been well studied in CRC. Some
histopathologic features incorporated into the model,
including tumor budding and LVI, are known to be
subject to inter-observer variability. These parameters
were derived from routine pathology reports assessed
by a single pathologist, rather than independent review
by multiple observers. This may introduce variability in
feature classification and represents a limitation of the
study. The proposed model is intended for preoperative
risk stratification using colonoscopic biopsy specimens,
all transcriptomic data were generated from surgically
resected tumor tissues. Therefore, external validation
using matched biopsy and resection samples will be
essential to determine the generalizability of this model
and to establish its applicability for preoperative clinical
decision-making. In addition, future studies should evaluate
whether a targeted expression panel derived from the
model genes, such as RT-qPCR- or immunohistochemistry
(IHC)-based assay can maintain predictive performance.

CONCLUSIONS

Combining LVI with transcriptomic profiling
provides an effective approach to predict lymph-node
metastasis in CRC. The resulting gene-based model
reflects coordinated activation of chemokine signaling,
cytoskeletal remodeling, and EMT, accompanied by
immune suppression, and demonstrates strong potential
for early nodal risk assessment. However, further validation
in preoperative biopsy samples is required to confirm its
real-world clinical utility. In addition, optimization of
the gene set into a targeted, cost-effective assay suitable
for routine pathology workflows will be necessary to
support future clinical translation.
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