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Background: Colorectal cancer (CRC) is generally thought to arise through the normal-
adenoma—tumor sequence. Which long non-coding RNAs (IncRNAs) change at each step,

and whether these coincide with immune-cell infiltration, remain incompletely characterized.

Methods: Three microarray datasets with normal, adenoma and tumor samples (GSE37364,
GSE100179, GSE117606) were analyzed. Seven algorithms were combined into 120 models
to form a two-layer classifier separating normal from diseased tissue and adenoma from
tumor. Immune-cell fractions were estimated with CIBERSORT; candidates were examined
in single-cell data (GSE201349; 46,562 cells) and for progression-free survival (PFS) in 357
patients from The Cancer Genome Atlas (TCGA).

Results: Seven IncRNAs were identified: UCA1, RTEL1-TNFRSF6B, LOC102724156,
GATA2-ASI1, SATB2-AS1, H19 and BLOC1S1-RDHS. First-layer accuracy, area under the
curve (AUC) and F-score were 0.972, 0.979 and 0.978; second-layer values were 0.958,
0.958 and 0.955. M0 macrophages and activated dendritic cells were enriched in diseased
tissue and correlated with five IncRNAs (all P < 0.05). Single-cell analysis localized
GATAZ2-AS1 and SATB2-AS1 to stem-like epithelial cells with the highest activity in
adenoma. In the TCGA cohort, expression tertile was not associated with PFS for any of the
six IncRNAs measurable there; only H19 was nominally significant (log-rank P = 0.013),

which did not remain significant after correction (q = 0.078).



Conclusions: These seven IncRNAs form a two-layer classifier separating normal, adenoma
and tumor tissue, but none of the six measurable there was associated with PFS after
correction. They are candidate tissue biomarkers for staging along the normal-adenoma—

tumor sequence rather than markers of prognosis.

Keywords: Colorectal cancer; Long non-coding RNA; Machine learning; Single-cell RNA

sequencing; Immune infiltration

1. Introduction

Colorectal cancer (CRC) is the third most commonly diagnosed cancer and the second
leading cause of cancer-related death worldwide, with approximately 1.9 million new cases
and 0.9 million cancer deaths in 2022 [1]. Most CRC cases arise through the normal—
adenoma—tumor sequence, a multistep process in which the progressive accumulation of
genetic and epigenetic alterations drives the malignant transformation of colorectal epithelial
cells [2]. Although colonoscopy-based screening combined with endoscopic resection of
adenomatous lesions has substantially reduced CRC mortality, a considerable proportion of
patients with CRC are still diagnosed at an advanced stage. In addition, the sensitivity of
current non-invasive screening modalities for early-stage tumors and premalignant adenomas
remains suboptimal [3]. Therefore, characterizing the molecular events underlying the
normal-adenoma—tumor transition and identifying reliable biomarkers for the early detection
of malignant transformation are of substantial clinical significance. Such efforts may enable
risk stratification of adenomas and guide individualized endoscopic surveillance, potentially

facilitating earlier diagnosis and timely intervention in CRC.

Accumulating mechanistic and translational studies have gradually uncovered the critical
regulatory roles of long non-coding RNAs (IncRNAs) in colorectal tumorigenesis [4,5].
Dysregulated IncRNAs act as core signaling modulators governing diverse oncogenic and
immune-related pathways during CRC malignant progression [6]. By modulating cancer
stem-cell properties, epithelial - mesenchymal transition (EMT) activation, and other
oncogenic processes, IncRNAs exert profound effects on the initiation, invasion, and
metastasis of CRC, functioning most prominently through the IncRNA-miRNA-mRNA
competing endogenous RNA (ceRNA) axis, the most extensively characterized
post-transcriptional regulatory paradigm in CRC [7]. Mechanistically, IncRNAs harboring

multiple miRNA response elements serve as molecular sponges that sequester abundant



miRNAs, thereby relieving miRNA-mediated repression of their shared target mRNAs.
Beyond miRNA sponging, IncRNAs also regulate gene expression at multiple levels through
chromatin remodeling, transcriptional regulation, and scaffolding of protein complexes [8].
For example, the oncogenic IncRNA H19 sequesters miR-200a, relieving its repression of B
-catenin and thereby activating the Wnt signaling cascade that drives CRC cell proliferation;
in addition to its ceRNA-sponging role, H19 gives rise to miR-675 from its first exon, which
promotes cell-cycle progression by repressing the RB1-E2F axis [9]. Moreover, UCA1
facilitates CRC proliferation and metastatic phenotypes through the miR-143/MYO6
signaling axis, and circulating exosomal UCA1 further augments the malignant capacity of
recipient CRC cells via this ceRNA cascade, collectively constituting the complex IncRNA
regulatory network of CRC [10]. Such mechanistic investigations of individual IncRNAs,
however, have largely been restricted to pairwise comparisons between normal colonic
mucosa and established tumor tissues. Most existing studies on CRC-associated IncRNAs
center on defining their oncogenic or tumor-suppressive functions in frank malignant lesions,
whereas IncRNA-driven molecular events that underpin the normal - adenoma - tumor
transition and mediate concomitant remodeling of the tumor immune microenvironment
(TIME) remain incompletely characterized. Therefore, it is necessary to systematically screen
stage-specific IncRNA candidates associated with both the normal - adenoma - tumor
transition and immune microenvironment remodeling across the full spectrum of CRC
progression. Such signatures would provide novel and reliable candidate biomarkers for early
detection of adenoma progression toward invasive tumor, as well as potential molecular clues

for precision immunotherapy in CRC.

Traditional bulk transcriptomic profiling provides an averaged signal across all cells in a
specimen and does not resolve cell-type-specific expression heterogeneity, which limits the
accurate screening and functional annotation of core tumor-regulatory IncRNAs across the
normal - adenoma - tumor sequence. Single-cell RNA sequencing (scRNA-seq), as a
single-cell resolution transcriptomic tool, enables classification of diverse cell subpopulations
in tissues and characterization of IncRNA expression profiles in discrete cell types [11]. This
approach provides a cellular-level analytical framework for our study to explore IncRNA
signatures related to normal - adenoma - tumor progression and immune microenvironment
remodeling. In parallel, machine learning (ML) algorithms have become a mainstream

approach for deciphering high-dimensional IncRNA transcriptomic data; representative



frameworks integrating multi-omics data with neural network-based information aggregation
have enabled accurate prediction of cancer-related IncRNAs [12]. Multiple well-validated
ML models also exhibit superior performance in filtering noisy data, screening hub IncRNA
signatures, and constructing predictive models; for instance, an integrative ML procedure
fitting 101 candidate models across 17 independent CRC cohorts developed a consensus
immune-related IncRNA signature that outperformed traditional clinical variables and 109
previously published transcriptome signatures in predicting patient outcomes [13]. Lasso
regression and ensemble XGBoost models have been widely applied to screen prognostic and
tumorigenic IncRNA biomarkers from cancer transcriptome datasets [14]; for example,
Lasso-Cox regression identified a six-IncRNA autophagy-related prognostic signature in
CRC that was further validated by qRT-PCR in clinical specimens [15], and an
XGBoost-based classifier integrating SMOTE over-sampling and Laplacian score-based
feature selection identified 439 candidate cancer-related IncRNAs with high accuracy [16].
Beyond biomarker screening, support vector machines and other machine-learning algorithms
have also achieved high accuracy in distinguishing cellular states such as cellular senescence
from bulk transcriptome data [17], indicating the broad applicability of ML-based
classification beyond conventional differential expression analysis. Collectively, the
integrative analysis of sScRNA-seq transcriptomic data and multi-algorithm machine learning
modeling provides a reliable and efficient analytical strategy for the systematic screening and

validation of stage-specific immune-associated IncRNA biomarkers across the normal -

adenoma - tumor transition.

We hypothesized that a subset of IncRNAs changes progressively across the normal—
adenoma—tumor sequence and that these changes are coupled to remodeling of the innate
immune compartment. We therefore aimed to (i) identify IncRNAs that are consistently
differentially expressed across three independent datasets spanning the normal-adenoma—
tumor sequence; (i1) assemble and evaluate a two-layer machine-learning classifier that
discriminates normal from diseased tissue and adenoma from tumor tissue; (iii) localize the
candidates at single-cell resolution and relate them to immune-cell infiltration; and (iv)
explore, in an independent cohort from The Cancer Genome Atlas (TCGA), whether their

expression is associated with progression-free survival.



2. Materials and methods

2.1. Data collection

Microarray expression data were retrieved from the Gene Expression Omnibus (GEO)
repository (https://www.ncbi.nlm.nih.gov/geo/), a MIAME-compliant database hosting
array-based and sequencing-based transcriptomic profiles [18]. Sufficient sample sizes across
the normal control, colonic adenoma, and colonic tumor groups were essential to guarantee
stable discriminatory performance in subsequent classification modeling. Accordingly, three
independent datasets (GSE37364, GSE100179, and GSE117606) with adequate adenoma and
tumor specimens were selected for integrated analysis. The sample composition of each
dataset is detailed as follows: GSE37364 contained 38 normal, 29 adenoma, and 14 tumor
samples; an additional 13 stage-annotated colorectal cancer samples were present but not
assigned to the three comparison groups. GSE100179 included 20 normal, 20 adenoma, and
20 tumor samples, whereas GSE117606 contained 65 normal, 59 adenoma, and 74 tumor
samples. All bioinformatics pipelines—including raw data preprocessing, differential
expression screening, and functional and pathway enrichment analyses—were implemented
in R (version 4.3.0) within the RStudio environment. GSE37364 was profiled on the
Affymetrix Human Genome U133 Plus 2.0 Array (GPL570), GSE100179 on the Affymetrix
Human Transcriptome Array 2.0 (GPL17586) and GSE117606 on the Affymetrix HT
HG-U133+ PM Array Plate (GPL25373). The single-cell dataset GSE201349 (Illumina
NovaSeq 6000; GPL20301 and GPL24676) and the TCGA colorectal adenocarcinoma
(COAD and READ) RNA-sequencing and clinical data used for the survival analysis are
described in sections 2.8 and 2.9. The overall workflow is summarized in Fig. 1, and all plots

were generated with the ggplot2 package in R.
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Fig. 1 Comprehensive analysis flowchart.
2.2. Differential expression analysis

The limma package (Linear Models for Microarray Analysis; version 3.58.1;
https://bioconductor.org/packages/release/bioc/html/limma.html) [19] was applied to screen
differentially expressed genes (DEGs) across the three selected microarray datasets. In the
limma workflow, a linear model was fitted to the probe-level expression data to generate

coefficients corresponding to the design matrix. Instead of conventional t-statistics,



moderated t-statistics, moderated F-statistics, and B-statistics (representing the log-odds of
differential expression) were calculated via an empirical Bayes approach that shrinks residual

standard errors toward a shared pooled value.

In the present study, DEGs were separately identified in three comparison groups: normal vs.
adenoma, normal vs. tumor, and adenoma vs. tumor. The differential expression thresholds

were set at false discovery rate (FDR) < 0.05 and [log2 fold change (log2FC)| > 1.

2.3. Screening of differentially expressed IncRNAs

Differentially expressed long non-coding RNAs (DE-IncRNAs) were identified as the
IncRNA subset of the DEGs meeting FDR < 0.05 and [log2FC| > 1.

2.4. Functional and pathway enrichment analyses

Gene Ontology (GO) functional annotation and Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway enrichment analysis of the identified DEGs were performed using the R
package clusterProfiler (version 4.10.1;
https://bioconductor.org/packages/release/bioc/html/clusterProfiler.html) [20]. GO terms are
classified into three structured ontologies: biological process (BP), cellular component (CC),
and molecular function (MF). Both analyses were conducted separately for the DEGs from
each of the three pairwise comparisons (normal-adenoma, normal-tumor, and adenoma—
tumor). Terms with an adjusted P-value < 0.05 were considered significantly enriched, and all

other parameters were kept at the package defaults.

2.5. Two-layer machine learning classification framework

A two-layer machine learning (ML) classification architecture was constructed to

discriminate the sequential stages of colorectal malignant transformation. The first layer
classified normal versus diseased samples (adenoma and tumor), and the second layer further
differentiated adenoma from tumor among the diseased samples. All differentially expressed
IncRNAs were used as features in both layers. To quantify the discriminatory capacity of each
IncRNA independently, univariate logistic regression was applied to generate receiver
operating characteristic (ROC) curves for normal—diseased and adenoma—tumor classification.
Seven mainstream algorithms—neural network—multilayer perceptron (NN-MLP), k-nearest
neighbors (KNN), linear discriminant analysis (LDA), least absolute shrinkage and selection

operator (Lasso), elastic net regression (ENR), support vector machine (SVM) and extreme



gradient boosting (XGBoost)—were combined across their hyperparameter grids to establish
the combinatorial ML model space [21-26]. Models yielding valid variable importance
scores were retained to quantify the predictive significance of each candidate IncRNA. The

modeling strategy of the first layer was fully replicated for the second layer.

2.6. Screening of core IncRNAs based on AUC

A two-layer AUC-based screening strategy was applied to identify core discriminatory
IncRNAs. The first layer evaluated discrimination between normal and diseased samples, and
the second layer evaluated discrimination between adenoma and carcinoma. IncRNAs with an
AUC greater than 0.8 for adenoma—tumor classification were defined as high-performance
biomarkers and selected for subsequent validation. ROC curves of all candidate IncRNAs

were plotted for both layers to enable direct performance comparison.

2.7. Immune infiltration analysis

Immune cell infiltration patterns were evaluated using the GSE37364 dataset. CIBERSORT,
implemented in the R package IOBR (version 2.2.3; https://cran.r-project.org/package=IOBR)
[27], was applied to estimate the relative fractions of 22 immune cell subsets on the basis of
the LM22 signature matrix [28], which is available at https://cibersort.stanford.edu/.
Differences in these fractions among normal, adenoma and tumor samples were compared
with the Kruskal-Wallis test followed by pairwise two-sided Mann—Whitney U tests.
Associations between IncRNA expression and immune-cell fractions were assessed with

Spearman rank correlation.

2.8. Single-cell transcriptome analysis

To further explore the dynamic expression patterns of key IncRNAs across distinct
pathological states (normal colon, premalignant adenoma, and tumor), the single-cell
transcriptome dataset GSE201349 was included for subsequent analysis. Low-quality cells
were excluded after rigorous quality control, and a total of 46,562 qualified cells were
subjected to normalization and log transformation. Variable genes were screened using the
FindVariableFeatures function in the Seurat package (version 4.3.0;
https://satijalab.org/seurat/) [29]. The RunHarmony function of the harmony package (version
0.1.1; https://github.com/immunogenomics/harmony) [30] was applied for data integration to



eliminate batch effects and unwanted technical variation. Principal component analysis (PCA)
was performed to extract key dimensional features, and the top 30 principal components (PCs)
were selected for t-distributed stochastic neighbor embedding (t-SNE) dimensionality
reduction and visualization. Cell clustering was implemented via the FindClusters function,
and cell type annotation was achieved using the SingleR package (version 2.4.1;
https://bioconductor.org/packages/release/bioc/html/SingleR.html) [31]. Furthermore, the
AUCell package (version 1.24.0;
https://bioconductor.org/packages/release/bioc/html/AUCell.html) [32] was used to quantify
the single-cell activity scores of key IncRNAs and evaluate their differential activity levels

across diverse cell types.

2.9. Association between core IncRNA expression and progression-free survival

Progression-free survival (PFS) was analyzed in the TCGA colorectal adenocarcinoma cohort
(colon adenocarcinoma [COAD] and rectal adenocarcinoma [READ] primary tumors, n =
380; 357 patients evaluable for PFS, 95 events; follow-up capped at 60 months). Only six of
the seven candidate IncRNAs were assessable; LOC102724156 (Ensembl
ENSG00000287750, 9922.1, HGNC:56164) post-dates every standardized TCGA pipeline
(GENCODE v22/GDC, v23/UCSC Xena Toil, v29/Recount3) and therefore has no
independent IncRNA model and no measurable transcript in any public TCGA expression
matrix; it can be interrogated only on the Affymetrix HG-U133 Plus 2 array (probe

230991 at), which retains the legacy Entrez nomenclature. For each remaining IncRNA,
patients were ranked by tumor expression (log2-transformed transcripts per million [TPM],
UCSC Xena Toil pipeline) and the upper versus lower expression tertiles were compared,
with the middle tertile excluded (n = 238 per IncRNA, except BLOC1S1-RDHS, n =241,
owing to ties at the tertile boundaries). Survival probabilities were estimated by the Kaplan—
Meier method and compared with the two-sided log-rank test; hazard ratios (HR) with 95%
confidence intervals were derived from univariable Cox proportional hazards regression, and
the proportional hazards assumption was verified with Schoenfeld residuals. Dose—response
across tertiles was tested by Cox regression on an ordinal tertile score in the full cohort (P for
trend), and Benjamini—Hochberg false-discovery-rate (FDR) correction was applied across

the six IncRNAs within this endpoint.



2.10. Statistical analysis

All statistical analyses were performed using R (version 4.3.0). Unless otherwise stated, a
two-sided P-value < 0.05 was considered statistically significant, and P-values from analyses
involving multiple comparisons were adjusted using the Benjamini—Hochberg false discovery

rate (FDR) method.

3. Results
3.1. Differential expression analysis

Differential expression analysis of the GSE37364 dataset was performed at a false discovery
rate (FDR) < 0.05 and [log2FC| > 1. In the normal-adenoma comparison, 1,716 DEGs
(comprising both coding and non-coding transcripts) were identified, of which 602 were
upregulated and 1,114 downregulated in adenoma relative to normal mucosa (Fig. 2A). In the
adenoma—tumor comparison, 774 DEGs were identified, of which 469 were upregulated and
305 downregulated in tumor relative to adenoma (Fig. 2B). In the normal-tumor comparison,
2,473 DEGs were identified, of which 1,029 were upregulated and 1,444 downregulated in
tumor relative to normal mucosa (Fig. 2C). DEG statistics for the GSE100179 and
GSE117606 datasets are summarized in Fig. S1. Furthermore, 251 shared DEGs were
identified across normal-adenoma, normal-tumor, and adenoma—tumor comparisons from
the three datasets, from which seven shared differentially expressed IncRNAs were

subsequently selected for downstream analysis (Fig. 2D).
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Fig. 2 Differential expression analysis of the GSE37364 dataset. (A) DEGs between adenoma
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tumor and normal samples; (D) Venn diagram showing 251 shared DEGs across the three

comparisons. N, normal; A, adenoma; T, tumor.
3.2. GO and KEGG enrichment analyses of the DEGs

To elucidate the potential biological functions of the differentially expressed genes (DEGs)
associated with CRC malignant progression, Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGQ) pathway enrichment analyses were performed for the DEGs
identified in each of the three pairwise comparisons (normal-adenoma, normal-tumor, and
adenoma—tumor). GO terms were classified into three ontologies: biological process (BP),

cellular component (CC), and molecular function (MF).

In the normal-adenoma comparison, the enriched BP terms were predominantly related to
immune regulation, including humoral immune response, immunoglobulin-mediated immune
response, and B cell-mediated immunity. The corresponding CC terms were mainly enriched
in collagen-containing extracellular matrix, immunoglobulin complex, and apical membrane
structures; for MF, the DEGs were predominantly annotated with extracellular matrix
structural constituent, glycosaminoglycan binding, and antigen binding (Fig. 3A). KEGG

pathway analysis further revealed enrichment of these DEGs in protein digestion and



absorption and in bile secretion, suggesting that immune dysregulation and metabolic

disturbance are already detectable in early adenoma lesions (Fig. 3B).

For the normal-tumor comparison, the DEGs remained significantly enriched in
immune-related BP terms such as immune response and complement activation, and the
enriched CC and MF terms were closely linked to immunoglobulin complex composition and
receptor ligand activity. KEGG analysis showed prominent enrichment in cytokine—cytokine
receptor interaction, together with protein digestion and absorption and bile secretion,
suggesting persistent immune microenvironment dysfunction and aberrant signal transduction

in CRC tissues (Fig. S2A-B).

By contrast, in the adenoma—tumor comparison a distinct enrichment pattern was observed.
The most significantly enriched BP terms were related to extracellular matrix organization
and leukocyte chemotaxis, reflecting active stromal remodeling and immune cell recruitment
during malignant transformation; the CC and MF terms further corroborated the predominant
alterations in extracellular matrix structure and receptor ligand activity. Notably, KEGG
analysis identified enrichment of tumor progression-related pathways, including IL-17 and
chemokine signaling, which have been implicated in CRC malignant progression (Fig. S2C—

D).

Collectively, these results are consistent with stage-specific molecular dysregulation
throughout CRC tumorigenesis and progression: early adenoma lesions are characterized
mainly by immune and metabolic abnormalities, whereas the transition from benign adenoma
to tumor is dominated by extracellular matrix remodeling and pro-tumor inflammatory

pathway activation.
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normal-adenoma group. (B) Bar plot showing enriched KEGG pathways of DEGs from the



normal—adenoma group. BP, biological process; CC, cellular component; MF, molecular

function.

3.3. ML procedure

A two-layer machine learning (ML) framework integrating seven algorithms was constructed
to screen stage-specific IncRNA biomarkers and to discriminate the sequential pathological

stages of colorectal cancer (CRC) malignant transformation (Fig. S3A—H).

The first layer discriminated normal from diseased tissue (adenoma and tumor); the optimal
combinatorial model achieved an accuracy of 0.972, an AUC of 0.979 and an F-score of
0.978 (Fig. S3A - D; Fig. S4A). Consensus variable-importance ranking across 21 valid
combinatorial models prioritized LOC102724156, GATA2-AS1, RTEL1-TNFRSF6B,
BLOCI1S1-RDHS and UCAL1 (Fig. 4A).

The second layer further separated adenoma from tumor; the optimal model achieved an
accuracy of 0.958, an AUC of 0.958 and an F-score of 0.955 (Fig. S3E-H; Fig. S4B), and 22
valid combinatorial models prioritized GATA2-AS1, LOC102724156, SATB2-AS1, H19 and
BLOCI1S1-RDHS (Fig. 4B).
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3.4. AUC-ROC screening of core IncRNAs

For the discrimination of normal versus diseased (adenoma and tumor) samples in the
GSE37364 dataset, the AUC values (with 95% confidence intervals) of the five core
IncRNAs were as follows: RTEL1-TNFRSF6B (0.912; 95% CI 0.852-0.973), UCAT (0.824;
95% CI10.733-0.914), LOC102724156 (0.961; 95% CI 0.894—0.986), GATA2-AS1 (0.898;
95% CI1 0.823-0.973) and BLOC1S1-RDHS (0.920; 95% CI 0.862—0.977) (Fig. SA). For the

classification of adenoma versus tumor samples, the AUC values were SATB2-AS1 (0.825;



95% CI10.703-0.948), LOC102724156 (0.791; 95% CI1 0.647-0.935), H19 (0.791; 95% CI
0.657-0.924), GATA2-ASI1 (0.744; 95% CI 0.580-0.908) and BLOC1S1-RDHS5 (0.670; 95%
C10.477-0.863) (Fig. 5B). In addition, the expression patterns of these candidate IncRNAs
across normal, adenoma and tumor samples are shown in Fig. 5C and Fig. S5.Notably, the
two-layer machine learning resolved distinct biomarker roles: H19 was not retained among
the top five in the first layer (AUC 0.636) but was informative specifically for the adenoma—
tumor transition (AUC 0.791), whereas GATA2-AS1 ranked among the top two in both
layers (AUC 0.898 and 0.744), indicating a contribution spanning both transitions.
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Fig. 5 ROC curves and expression heatmap of core IncRNA biomarkers based on the

GSE37364 cohort. (A) ROC curves of five core IncRNAs for distinguishing normal versus

diseased (adenoma and tumor) samples, with AUC values annotated for each IncRNA. (B)

ROC curves of five core IncRNAs for adenoma—tumor classification. (C) Heatmap with



hierarchical clustering illustrating the expression patterns of candidate IncRNAs in normal,
adenoma and tumor samples. Red denotes upregulated expression and blue denotes

downregulated expression.

3.5. Immune infiltration

To characterize the immune microenvironment during colorectal carcinogenesis,
CIBERSORT was used to compare the estimated fractions of 22 immune cell subsets among
normal, adenoma and tumor samples in GSE37364. Compared with normal samples,
adenoma and tumor samples showed higher infiltration of activated CD4 memory T cells, M0
macrophages, activated dendritic cells, activated mast cells and neutrophils. In contrast,
normal samples exhibited higher infiltration of plasma cells, CD8 T cells, resting dendritic
cells, resting mast cells and M2 macrophages. Plasma cells were the most abundant immune
cell subset across all samples (Fig. 6). Correlation analysis further revealed that
RTEL1-TNFRSF6B and H19 were positively correlated with MO macrophages, whereas
LOC102724156, SATB2-AS1 and BLOC1S1-RDHS5 were negatively correlated with MO
macrophages (all P < 0.05). RTEL1-TNFRSF6B was also positively associated with activated
dendritic cells, while LOC102724156 and BLOC1S1-RDHS5 were negatively associated with
activated dendritic cells (all P <0.05). These results indicate that the expression of the
candidate IncRNAs is associated with the estimated fractions of specific immune-cell subsets

in this cohort (Fig. 7).
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adenoma and tumor samples. (D) Heatmap of the relative fractions of immune cell subsets

across samples. N, normal; A, adenoma; T, tumor. *P < 0.05, **P < 0.01; ns, not significant.
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3.6. Single-cell analysis

Single-cell RNA sequencing (scRNA-seq) data of 46,562 cells derived from 5 normal, 5
adenoma and 4 tumor samples were obtained from the GSE201349 dataset and subjected to
rigorous quality control. Gene counts, sequencing depth, and mitochondrial and hemoglobin
gene percentages were assessed for each sample. After normalization, 3,000 highly variable
genes were selected for downstream dimensionality reduction and clustering. Principal

component analysis (PCA) was performed, and the top 30 principal components (PCs) were



used for t-distributed stochastic neighbor embedding (t-SNE) visualization. t-SNE partitioned
the qualified cells into 21 clusters, which were annotated into 14 major cell types with
SingleR, including B cells, chondrocytes, embryonic stem cells, endothelial cells, epithelial
cells, fibroblasts, gametocytes, hepatocytes, induced pluripotent stem cells (iPSCs), neurons,
smooth muscle cells, T cells, tissue stem cells and unclassified cells (Fig. 8A—C); the
proportions of these cell types in individual samples are shown in Fig. 8D and Fig. S6.
Because SingleR was queried against a broad multi-tissue reference, a subset of these labels
reflects transcriptional states rather than discrete lineages resident in colonic tissue. The
clusters annotated as embryonic stem cells and induced pluripotent stem cells (iPSCs) were
contiguous with the epithelial compartment and are hereafter referred to as stem-like
epithelial cells, whereas the chondrocyte, gametocyte and hepatocyte labels were regarded as

reference mismatch and were not interpreted biologically.
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Fig. 8 Single-cell transcriptomic atlas of colorectal cancer. (A, B) Uniform manifold
approximation and projection (UMAP) and t-SNE plots of 46,562 cells from 5 normal, 5
adenoma and 4 tumor samples in the GSE201349 dataset, colored by 14 cell types annotated



by SingleR. (C) t-SNE plot colored by pathological group (normal, adenoma, tumor). (D)

Proportions of the 14 cell types in each individual sample. N, normal; A, adenoma; T, tumor.

Further expression profiling demonstrated that three core long non-coding RNAs (IncRNAs),
UCAL1, GATA2-ASI1 and SATB2-AS1, showed distinct expression patterns across cell types,
with GATA2-AS1 and SATB2-AS1 predominantly enriched in stem-like epithelial cells
within the epithelial compartment (Fig. 9).
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Fig. 9 Cell-type-specific expression patterns of key IncRNAs in the CRC malignant
transformation continuum. Heatmap showing the expression levels of UCA1, GATA2-AS1
and SATB2-AS1 across individual cells, grouped by cell identity. Cells are color-coded by
cell type. The color scale represents normalized expression levels, with red indicating higher

expression and gray indicating lower expression.

The AUCell algorithm was subsequently applied to quantify cell-type-specific IncRNA
activity scores and characterize their differential expression patterns across distinct
pathological groups. In addition, UCA1 was detected only sporadically across cell subsets,
and its expression was relatively lower in adenoma samples than in tumor counterparts.
Notably, adenoma tissues exhibited markedly higher AUCell scores for GATA2-AS1 and
SATB2-AS1 in stem-like epithelial cells, indicating enhanced transcriptional activity of these
IncRNAs within this progenitor subpopulation. Collectively, these single-cell profiling results
demonstrated cell-type- and disease-stage-specific expression patterns of the key IncRNAs

during CRC malignant transformation (Fig. 10).
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Fig. 10 Single-cell expression and AUCell activity of the core IncRNAs in the GSE201349
dataset. (A—C) UMAP projections of cells from normal (A), adenoma (B) and tumor (C)
samples, colored by the expression of UCA1, GATA2-AS1 and SATB2-AS1. (D-F) Violin
plots showing AUCell activity scores across the 14 annotated cell types in normal, adenoma
and tumor samples, respectively. (G—I) UMAP projections colored by AUCell activity scores.

Color intensity reflects the expression level in (A—C) and the transcriptional activity in (G-I).

3.7. Association between core IncRNA expression and progression-free survival

Six of the seven IncRNAs in the two-layer classifiers were measurable in the TCGA
colorectal adenocarcinoma cohort; LOC102724156 was absent from public TCGA
expression matrices. Among the 357 patients evaluable for progression-free survival (PFS)
(95 events; follow-up capped at 60 months), patients were ranked within each IncRNA
according to tumor expression, and the upper (T3) and lower (T1) tertiles were compared
with the middle tertile excluded; 238 patients were compared for each IncRNA and 241 for
BLOCI1S1-RDHS. Kaplan—Meier curves for the six IncRNAs are shown in Fig. 11, and
Benjamini—Hochberg adjusted P values (q) were calculated across the six IncRNAs. PFS did
not differ between the upper and lower expression tertiles for UCA1 (log-rank P = 0.420, q =
0.840; hazard ratio [HR] for the upper versus lower tertile 1.22, 95% CI 0.75-1.96),
RTEL1-TNFRSF6B (P = 0.863, g = 0.863; HR 0.95, 95% CI 0.56—1.63), GATA2-AS1 (P =
0.837,q=10.863; HR 0.95, 95% CI 0.58—1.55) or SATB2-AS1 (P =0.767, q = 0.863; HR
0.93, 95% CI1 0.56—1.54). Patients in the upper H19 tertile had shorter PFS than those in the
lower tertile (P = 0.013, q=0.078; HR 1.83, 95% CI 1.13-2.99). The upper
BLOCI1S1-RDHS tertile showed a similar direction of effect that did not reach statistical
significance (P =0.064, ¢ =0.192; HR 1.61, 95% CI 0.95-2.68). No IncRNA retained a



significant association with PFS after correction for multiple testing.
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Fig. 11 Kaplan - Meier analysis of progression-free survival by core IncRNA expression

tertile. (A—F) Curves for patients with upper- versus lower-tertile expression of UCA1 (A),

RTELI1-TNFRSF6B (B), GATA2-AS1 (C), SATB2-AS1 (D), H19 (E) and BLOC1S1-RDHS5
(F). Shaded areas indicate 95% confidence intervals; numbers at risk are shown beneath each

plot.
4. Discussion

Colorectal malignant transformation is a multistep pathological cascade that evolves from
normal mucosa through premalignant adenoma to invasive tumor, accompanied by
cumulative genetic and epigenetic alterations and dynamic remodeling of the tumor immune
microenvironment [33]. Long non-coding RNAs have been implicated in CRC initiation and
progression through oncogenic signaling, epithelial-mesenchymal transition, and
immune-microenvironment reprogramming [34]. Most existing studies, however, compared
IncRNA expression only between normal and tumor tissues. Kalmar and colleagues
previously profiled IncRNA expression across the adenoma—tumor transition in a single

cohort [35]. The present study extends this work in three respects: candidate IncRNAs were



required to be differentially expressed in three independent datasets rather than one; the final
panel was derived from a multi-algorithm machine-learning framework and evaluated as a
two-layer classifier distinguishing normal, adenoma and tumor tissue rather than by
differential expression alone; and the candidates were further examined at single-cell
resolution and related to immune-cell infiltration. In total, seven core IncRNAs were
identified and assembled into two-layer signatures that distinguished normal from diseased

tissue and adenoma from tumor tissue.

The two-layer framework combined seven machine-learning algorithms into 120 candidate
models, so that the final signatures were selected according to cross-validated classification
performance rather than differential-expression statistics alone. The first-layer signature,
consisting of UCA1, RTELI-TNFRSF6B, LOC102724156, GATA2-AS1 and
BLOC1S1-RDHS, distinguished normal from diseased samples with an accuracy of 0.972
and an AUC of 0.979, and the second-layer signature, including SATB2-ASI1,
LOC102724156, H19, GATA2-AS1 and BLOC1S1-RDHS, separated adenoma from tumor
samples with an accuracy of 0.958 and an AUC of 0.958. Individually, the AUC values of the
core IncRNAs ranged from 0.670 to 0.961. Several of these IncRNAs have been reported in
CRC. Consistent with earlier studies, the oncogenic IncRNA UCAT contributes to CRC
proliferation and metastasis through ceRNA axes [36]; in the present cohort, its expression
increased progressively from normal mucosa through adenoma to tumor (Fig. 5C; Fig. S5).
H19 can activate Wnt signaling during colorectal carcinogenesis [37]; our results additionally
showed a positive correlation between H19 and M0 macrophage infiltration, pointing to an
immune-related function during the normal-adenoma—tumor transition. In contrast,
LOC102724156 and BLOC1S1-RDHS have been little studied in CRC. Their high
variable-importance scores, first-layer AUC values of 0.961 and 0.920, and significant
correlations with infiltrating immune cells suggest that they may participate in CRC
malignant transformation and TIME remodeling; the mechanistic basis warrants further
investigation. Notably, LOC102724156 was shared by both signatures, indicating that it may

act throughout the adenoma—tumor progression.

Functional enrichment analysis of the DEGs delineated stage-specific biological alterations
along the normal-adenoma—tumor transition. Immune-response and metabolic processes
predominated in early adenoma lesions, whereas extracellular-matrix remodeling and
pro-inflammatory pathways such as IL-17 and chemokine signaling became prominent during

the transition from adenoma to tumor. These findings are consistent with previous



pathological observations that immune dysregulation is an early event in premalignant
colonic lesions, and that subsequent stromal remodeling and chronic inflammatory activation
facilitate the acquisition of invasive phenotypes [38]. CIBERSORT analysis further showed
higher proportions of M0 macrophages and activated dendritic cells in adenoma and tumor
tissues than in normal mucosa [39]. Correlation analysis indicated that the core IncRNAs
were significantly associated with these innate immune-cell populations: RTEL1-TNFRSF6B
and H19 were positively correlated with MO macrophages, whereas LOC102724156,
SATB2-AS1 and BLOC1S1-RDHS5 were negatively correlated. Several studies have shown
that IncRNAs can regulate macrophage polarization and dendritic-cell function and thereby
shape the immune microenvironment in CRC [40]. Our results provide computational
evidence linking these IncRNAs to innate immune-cell infiltration during the normal—
adenoma—tumor transition, suggesting that they may be involved in premalignant progression

through their association with tumor-infiltrating immune cells.

By integrating bulk-tissue screening with single-cell transcriptome analysis, this study partly
overcomes a limitation of bulk sequencing, namely that it masks cell-type-specific expression
heterogeneity. Re-analysis of the GSE201349 dataset showed that GATA2-AS1 and
SATB2-AS1 were predominantly enriched in stem-like epithelial cells, and that SATB2-AS1
was upregulated in adenoma samples. AUCell analysis further indicated higher
transcriptional activity of the core IncRNAs in stem-like epithelial cells of adenoma
specimens. Stem-like epithelial cells in premalignant adenoma are considered a possible
cellular origin of subsequent malignant transformation, and aberrant activation of IncRNAs in
these cells may contribute to the acquisition of malignant potential [41]. These single-cell
observations complement the bulk-tissue results and indicate that the identified IncRNAs
show both stage- and cell-type-dependent expression patterns, whereas UCA1 was detected

only sporadically and at lower levels in adenoma than in tumor samples.

Whether expression of the seven IncRNAs is related to clinical outcome is a question distinct
from the discrimination of normal, adenoma and tumor tissue addressed by the two-layer
signatures. In the TCGA colorectal adenocarcinoma cohort (357 patients evaluable for PFS,
95 events, follow-up capped at 60 months), patients in the upper H19 expression tertile had
shorter PFS than those in the lower tertile (log-rank P =0.013, g = 0.078; HR 1.83, 95% CI
1.13-2.99), whereas no difference between tertiles was observed for UCAL,
RTEL1-TNFRSF6B, GATA2-AS1, SATB2-AS1 or BLOC1S1-RDHS (all log-rank P > 0.05

and q > 0.192). After correction for the six IncRNAs tested, no association remained



significant. The direction of the H19 result is compatible with the oncogenic functions
reported for this IncRNA in colorectal carcinogenesis [37]; whether it reflects the positive
correlation between H19 and M0 macrophage infiltration cannot be judged from these data.
Several constraints apply to this analysis: tertile boundaries were defined within this cohort
rather than pre-specified, the comparison was restricted to the upper and lower tertiles, the
number of progression events was modest, and LOC102724156 could not be assessed
because it is absent from public TCGA expression matrices. The seven IncRNAs were
therefore assembled and evaluated as classifiers of the normal-adenoma—tumor sequence,
and the present data do not support their use as prognostic markers; any prognostic value

remains to be tested in independent cohorts with larger numbers of events.

From a translational perspective, the two-layer IncRNA signatures have potential clinical
implications. Colonoscopy remains the reference standard for CRC screening, but its use is
limited by its invasive nature and restricted population access. Molecular biomarkers for
identifying high-risk adenoma and early tumor are therefore needed for auxiliary risk
stratification [4]. In this study, the IncRNA panels distinguished normal from diseased tissue
with an AUC of 0.979 and adenoma from tumor tissue with an AUC of 0.958, supporting
their potential value as tissue markers for identifying premalignant and malignant lesions. In
addition, given their correlations with immune-cell infiltration, these IncRNAs may provide
clues for immune-targeted strategies in CRC. For instance, IncRNAs associated with
macrophage or dendritic-cell abundance may represent candidate targets for modulating the
immune microenvironment in premalignant lesions and early-stage CRC [42], although this

remains to be tested experimentally.

5. Conclusion

Seven IncRNAs associated with the normal-adenoma—tumor sequence of CRC were
identified by integrating multi-dataset transcriptomics, multi-algorithm machine learning and
single-cell transcriptome profiling, and were assembled into a two-layer classifier that
discriminated normal from diseased tissue and adenoma from tumor tissue. These IncRNAs
showed both stage- and cell-type-dependent expression, with preferential activity in stem-like
epithelial cells of adenoma samples, and were consistently associated with innate
immune-cell infiltration. After correction for multiple testing, none of the six IncRNAs
measurable in the TCGA cohort was associated with progression-free survival. The seven

IncRNAs are therefore candidate tissue biomarkers for staging along the normal-adenoma—



tumor sequence rather than prognostic markers; their diagnostic value requires prospective

clinical validation, and their biological functions remain to be tested experimentally.

6. Limitations

Several limitations of this study should be acknowledged. First, all biomarker screening and
immune-correlation analyses were based on public transcriptomic datasets. Although multiple
GEO cohorts were included for discovery, the three microarray datasets were generated on
different platforms and do not constitute a fully independent validation cohort; prospective
clinical cohorts with well-annotated clinical information are required for external validation.
Second, the sample size for the adenoma—tumor comparison was relatively small, which may
limit the stability of the second-layer signature. Third, CIBERSORT estimates relative
fractions of immune cell subsets that sum to one, and correlation analyses based on such
compositional data should be interpreted with caution. Fourth, our conclusions regarding
immune-regulatory effects are derived from computational correlation analysis; the
mechanisms by which LOC102724156, BLOC1S1-RDHS5 and other candidates modulate
immune-cell phenotypes remain unclear, and in vitro and in vivo experiments are needed.
Fifth, the single-cell data were obtained from poly(A)-enriched libraries, which may miss
non-polyadenylated IncRNA transcripts. Finally, this work focused on transcript-level
expression; epigenetic alterations such as DNA methylation at these IncRNA loci warrant

further exploration.
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adenocarcinoma (COAD and READ) RNA-sequencing and clinical data used for the survival
analysis were downloaded from the UCSC Xena repository at the following cohort pages:
TCGA Colon Cancer (COAD)
(https://xenabrowser.net/datapages/?cohort=TCGA%20Colon%20Cancer%20(COAD)) and
TCGA Rectum Cancer (READ)
(https://xenabrowser.net/datapages/?cohort=TCGA%20Rectum%20Cancer%20(READ)).

The LM22 signature matrix used for the CIBERSORT analysis was obtained from the
CIBERSORT web portal (https://cibersortx.stanford.edu/), where it is available upon free
registration, and is also distributed with the IOBR R package (https://github.com/IOBR/IOBR)
used in this study. All other data generated or analyzed during this study are included in this

published article and its supplementary information files.
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