Ge et al. Journal of Translational Medicine ~ (2025) 23:741 Journal of Translational
https://doi.org/10.1186/512967-025-06711-z Medicine

Check for
updates

Multi-omics integration and machine learning
uncover molecular basal-like subtype

of pancreatic cancer and implicate A2MLT

in promoting tumor epithelial-mesenchymal
transition

Jiachen Ge'", Jianping Cai'", Gaolei Zhang', Deyu Li'" and Lianyuan Tao'?"

Abstract

Background Pancreatic cancer (PC) represents a highly heterogeneous malignancy with poor prognosis, where
precise molecular subtyping facilitates comprehensive understanding of disease progression.

Methods Transcriptomic, methylation, and mutational data from 168 PC samples were integrated. The molecular
subtypes were established and validated across 13 independent cohorts utilizing ten distinct classification methods.
Prognostic genes were identified to construct predictive models through various machine learning approaches.
Following the identification of A2ML1 as a key gene, its expression profile was detected using RT-qPCR, western
blotting, and immunohistochemistry. We subsequently conducted functional experiments to elucidate the
mechanism of A2ML1 in promoting PC progression.

Results Through multi-omics integration, we classified PC into two molecular subtypes with distinct prognostic
outcomes. Pathway enrichment analysis revealed subtype-specific characteristics, subsequently validated in
external cohorts. Using 23 prognostic genes, we developed and validated a prognostic signature through 101
machine learning algorithms and their combinations, with ridge regression demonstrating optimal performance.
This signature demonstrated superior accuracy compared to multiple published signatures. The risk scores showed
significant correlations with drug sensitivity, clinical characteristics, and patient outcomes. We further validated that
A2ML1 expression was significantly elevated in PC tissues compared to normal counterparts. A2ML1 promoted PC
progression through downregulation of LZTR1 expression and subsequent activation of the KRAS/MAPK pathway,
ultimately driving epithelial-mesenchymal transition (EMT).
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Conclusion [n this study, we uncovered molecular basal-like subtype of PC and developed a prognostic signature
using ridge regression. A2ML1 was identified as a crucial requlator of EMT in PC progression.

Keywords Pancreatic cancer, Molecular subtype, Machine learning, Epithelial-mesenchymal transition, KRAS/MAPK
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Introduction

Pancreatic cancer (PC) is one of the most commonly
diagnosed cancer worldwide, with approximately 495,773
new cases reported in 2020 [1]. It is the 7th leading cause
of cancer-related deaths, accounting for 466,003 deaths
globally in 2020. Notably, PC has one of the lowest sur-
vival rates among all cancers, with a 5-year survival rate
of less than 10% [1]. PC is found to have global dispari-
ties. In Europe and North America, the incidence rate is
7-9 per 100,000, while in Africa, it is 2—3 per 100,000,
but survival rates are significantly lower in the latter [2].
In brief, high-income countries report higher incidence
rates, but low- and middle-income countries face higher
mortality due to limited access to early diagnosis and
treatment. PC imposes a significant economic burden
due to its late diagnosis and high treatment costs [3]. In
the United States alone, the annual cost of PC care is esti-
mated to exceed $2.6 billion [3]. For each person, the risk
factors of PC have been known, including obesity, diabe-
tes, chronic pancreatitis, et al. [4]. Genetic predisposition
also plays a significant role in PC development [4].

At present, clinical assessment of PC prognosis primar-
ily relies on TNM staging and pathological examination
[5, 6]. Nevertheless, PC is characterized by highly het-
erogeneous, both intertumorally and intratumorally [7].
Molecular subtyping of PC is a transformative approach
that categorizes tumors based on their genetic, transcrip-
tomic, proteomic, and epigenetic profiles [8]. Precise
molecular classification is of paramount importance for
the diagnosis and therapeutic management of PC. First,
it helps to unravel their unique biological behaviors, such
as differential responses to therapy, metastatic potential,
and prognosis [9]. Second, molecular subtyping enables
the identification of specific therapeutic targets and bio-
markers for each subtype [10]. This approach moves away
from a “one-size-fits-all” treatment strategy toward preci-
sion medicine. Third, molecular subtype helps us predict
disease progression and tailor follow-up strategies. Mof-
fitt et al. indicated that the “basal-like” and “squamous”
subtype were linked to aggressive behavior and poor sur-
vival, while the “classical” subtype tended to have a better
prognosis [11]. Finally, researchers can develop targeted
therapies and design clinical trials for specific patient
populations by identifying subtype-specific molecular
pathways [12]. This approach increases the likelihood
of therapeutic success and reduces the risk of adverse
effects in non-responsive patients.

The Cancer Genome Atlas (TCGA) has released com-
prehensive genomic, transcriptomic, and epigenomic
sequencing data for PC, significantly facilitating molecu-
lar subtyping of this malignancy. Previous studies have
proposed various molecular subtype approaches for
PC, including methodologies based on PDL1 and CD8
expression patterns, as well as those focusing on tumor
immune microenvironment characteristics [13, 14].
However, these classification systems are predominantly
based on mRNA expression profiles, which have inherent
limitations in accuracy. DNA methylation patterns of key
genes play critical roles in PC progression and may serve
as valuable diagnostic and prognostic biomarkers [15].
The implementation of multi-omics-based classification
frameworks could significantly enhance the precision
of molecular subtyping and facilitate deeper biological
understanding of PC pathogenesis [16]. In this study, we
integrated mRNA, IncRNA, and microRNA (miRNA)
expression profiles, genomic mutations, and epigenomic
DNA methylation data to develop a novel integrated
consensus subtype of PC. We combined 10 multi-omics
integration strategies to explore a stable subtype. Subse-
quently, we identified prognosis-related genes through
a comprehensive analysis of 13 independent cohorts.
Leveraging these markers, we systematically constructed
prognostic models using an ensemble approach that
incorporated 10 distinct machine learning algorithms
and 101 algorithmic combinations. This robust compu-
tational framework enabled us to identify critical genes,
which were subsequently subjected to functional vali-
dation through experimental investigations. Our study
significantly contributes to the refinement of molecular
subtyping and precise stratification in PC, thereby estab-
lishing a crucial foundation for the development of per-
sonalized therapeutic strategies.

Methods

Data acquisition

We firstly collected multi-omics data from the TCGA
Pancreatic Cancer (PAAD) cohort (https://xenabrowse
r.net/datapages/), including patients with complete tra
nscriptome expression (mMRNA, miRNA, and IncRNA),
DNA methylation, somatic mutations, and clinical infor-
mation available. A total of 168 PC patients in TCGA-
PAAD cohort were enrolled for this consensus analysis.
Gene expression and clinical information of GSE21501
[17], GSE28735 [18], GSE57495 [19], GSE62452 [20],
GSE71729 [11], GSE78229 [21], GSE79668 [22], and
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GSE85916 were downloaded from Gene Expression
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/) databa
se. Gene expression and clinical information of PACA_
AU_arraySeq, PACA_AU_RNA_seq and PACA_CA_seq
were downloaded from International Cancer Genome
Consortium (ICGC, https://dcc.icgc.org/). The inform
ation of E-MATB-6134 cohort was downloaded from
ArrayExpress (https://www.ebi.ac.uk/arrayexpress/) [23].
Single-cell RNA sequencing (scRNA-seq) data of PC
were acquired from multiple cohorts available, includ-
ing CRA001160 [24], GSE111672 [25], GSE154778 [26],
GSE155698 [27], GSE158356 [28], GSE212966 [29],
GSE214295 [30], and GSE217845 [31].

Identification of the molecular subtypes based on multi-
omics data in TCGA-PAAD cohort

“MOVICS” (Multi-Omics Integration and Clustering in
Cancer Subtyping) is an innovative R package specifi-
cally designed for comprehensive multi-omics analysis
in cancer research [32]. This powerful computational
tool implements ten state-of-the-art clustering algo-
rithms, enabling us to perform robust molecular sub-
typing of cancers based on integrated multi-omics data.
We employed the “getElites” function to select the top
10% most variable features, including mRNA, miRNA,
IncRNA, and methylation profiles, based on standard
deviation ranking. The mutation data were systematically
processed and transformed into a matrix format based
on mutation counts. Finally, we integrated PC multi-
omics data, which mRNA, miRNA, IncRNA, DNA meth-
ylation, and mutation. The “getClustNum” function was
used to explore the optimal cluster number by calculat-
ing clustering prediction index (CPI) and Gap-statistics.
The “getMOIC” function was utilized to systematically
apply and compare ten different clustering methodolo-
gies, including SNF, PINSPlus, NEMO, COCA, LRAclus-
ter, ConsensusClustering, IntNMF, CIMLR, MoCluster,
and iClusterBayes. Utilizing the “getConsensusMOIC”
algorithm, we constructed a consensus matrix to assess
the robustness of clustering concordance among differ-
ent methodologies, accompanied by the generation of a
comprehensive consensus heatmap for pattern visualiza-
tion. The “getSilhouette” function was employed to quan-
titatively assess sample similarity and evaluate the quality
of molecular subtyping through silhouette coefficient
analysis. The “getStdiz” and “getMoHeatmap” functions
were used to get a standardized data and a comprehen-
sive multi-omics heatmap, respectively. We conducted a
comparative analysis of survival outcomes across differ-
ent molecular subtypes.
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Gene set enrichment analysis and gene set variation
analysis

The “runDEA” function was used to run differential
expression analysis with edgeR method. We subsequently
used “runMarker” function to identify biomarkers and
determine significantly differential expressed genes
(DEGs) for each subtype. DEGs were filtered using an
adjusted p-value cut-off of 0.05 and subsequently sorted
in descending order according to their absolute log2 fold
change values. Gene Set Enrichment Analysis (GSEA)
was systematically performed to elucidate the Gene
Ontology Biological Process (GOBP, https://www.gsea-
msigdb.org/gsea/msigdb/index.jsp) alterations across di
fferent molecular subtypes of PC. Using the “runGSEA”
function, we conducted GSEA to calculate activity of
functional pathways for each identified subtype. Gene
Set Variation Analysis (GSVA) was performed to charac-
terize pathway activity profiles across distinct molecular
subtypes of PC. The enrichment score of each sample
was calculated based on the hallmark gene sets.

Differential patterns of immune infiltration and immune-
related gene expression

To comprehensively characterize the tumor immune
microenvironment, we employed six established com-
putational algorithms to quantify tumor-infiltrating
immune cell abundance: Tumor Immune Estimation
Resource (TIMER; http://timer.comp-genomics.org) [33],
Estimating Relative Subsets of RNA Transcripts (CIBER-
SORT; https://cibersort.stanford.edu) [34], xCell (http://
xCell.ucsf.edu) [35], MCP-counter (http://github.com/eb
echt/MCPcounter) [36], quanTIseq (http://icbi.at/quantis
eq) [37], and EPIC (http://epic.gfellerlab.org) [38]. These
algorithms were systematically applied to all samples to
ensure immune cell profiling, leveraging their distinct
computational approaches for optimal immune micro-
environment characterization. From a previous study,
we obtained the gene sets of immunomodulators (che-
mokines, receptors, MHC, and immunostimulators) and
immune checkpoints [39].

Validation of the molecular subtypes in external cohorts
We identified the biomarkers of different molecu-
lar subtypes in TCGA-PAAD cohort. Then, we con-
ducted the nearest template prediction (NTP) based
on these biomarkers to predict the subtypes in external
cohorts, including GSE21501, GSE28735, GSE57495,
GSE62452, GSE71729, GSE78229, GSE79668, GSE85916,
E-MATB-6134, PACA_AU_arraySeq, PACA_AU_RNA_
seq, and PACA_CA_seq cohorts. To evaluate the effec-
tiveness of the classification, we compared the staging
and prognostic differences among patients belonging to
different classifications.
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Identification of the prognostic-related genes

To identify the prognostic-related genes, we initially per-
formed an intersection analysis of genes with available
expression data across all 13 cohorts. We performed uni-
variate Cox regression analysis and identified genes that
consistently demonstrated a significance level of P<0.1
with concordant trends across at least five cohorts.

Establishment of the prognostic signature based on
machine learning methods

The dataset with the largest patient population,
E-MATB-6134, was designated as the training cohort.
The other 12 datasets were regarded as the external
validation cohorts. Overall survival (OS), defined as the
duration from initial diagnosis to death from any cause,
served as the primary endpoint of our study. For surviv-
ing patients, the follow-up duration was censored at the
last documented contact. We systematically integrated
the expression profiles of genes with OS data using a
comprehensive analytical framework incorporating ten
distinct machine learning algorithms, resulting in 101
unique algorithm combinations. The selected algorithms
included random survival forest (RSF), survival sup-
port vector machine (survival-SVM), ridge regression,
elastic net (Enet), least absolute shrinkage and selection
operator (LASSO), supervised principal components
(SuperPC), generalized boosted regression modeling
(GBM), partial least squares regression for Cox (plsRcox),
CoxBoost, and stepwise Cox regression. Among these,
five algorithms incorporated intrinsic variable selection
capabilities, including RSF, LASSO, CoxBoost, backward
stepwise Cox, and both versions of stepwise Cox regres-
sion. Model development and evaluation were conducted
using a leave-one-out cross-validation (LOOCV) frame-
work, with predictive performance assessed through
Harrell’s concordance index (C-index) calculated inde-
pendently for these datasets. The optimal model was
selected based on the highest average C-index across
these cohorts. We then computed risk scores for each
patient and established prognostic stratification using the
optimal score as the threshold, dividing patients into dis-
tinct low-risk and high-risk subgroups.

Evaluation of the predictive performance of the signature

C-index was employed to quantitatively assess the pre-
dictive performance of prognostic factors. We firstly
evaluated the prognostic performance of the signature
against established clinical factors known to impact PC
outcomes. For comprehensive benchmarking of this sig-
nature’s predictive efficacy, we conducted a systematic
literature review of established pancreatic cancer prog-
nostic models. The published algorithms of prior prog-
nostic models were retrieved, comprising gene names
and regression coefficients. Application of these formulas
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yielded individual risk scores across training and valida-
tion datasets. Subsequently, we calculated the C-index
for each signature across all these cohorts. Ultimately,
the predictive performance of each signature was quan-
titatively assessed by comparing C-index values across all
cohorts.

Drug sensitivity prediction

Drug sensitivity of the samples was predicted using the
“pRRophetic” package. We compared the differences in
the 50% inhibitory concentration (IC50) values of the
candidate drugs across different molecular subtypes. A
lower IC50 value indicated higher drug sensitivity.

Construction of a prognostic model

The risk score was integrated with clinically relevant
prognostic variables to develop a prediction model of
PC. The clinical variables comprised age, gender, tumor
grade, TNM stage, anatomical site, and adjuvant ther-
apy history. Univariate and multivariate Cox regression
analyses were performed on these factors to establish the
prognostic model. The prognostic model was dynami-
cally visualized via the “DynNom” package, generat-
ing an interactive nomogram and online calculator.
Performance of the prognostic model was rigorously
evaluated through calibration curves, decision curve
analysis (DCA), and receiver operating characteristic
(ROC) curves.

Single-cell and spatial transcriptional landscape of PC
Following established computational pipelines, we per-
formed comprehensive single-cell RNA sequencing
(scRNA-seq) analyses on eight independent cohorts,
including CRA001160, GSE111672, GSE154778,
GSE155698, GSE158356, GSE212966, GSE214295, and
GSE217845. Specifically, we implemented stringent
quality control measures by excluding genes detected
in fewer than three cells and cells expressing fewer than
200 genes. Normalization was performed by scaling the
total transcript counts per cell to 10,000, followed by log2
transformation. For each dataset, we identified the top
2000 highly variable genes that exhibited the most signifi-
cant expression variations across cells. After expression
level scaling, we conducted principal component analysis
(PCA) for linear dimensionality reduction. The optimal
number of principal components (PCs) was determined
through a dual validation approach using JackStrawPlot
and ElbowPlot analyses. Subsequent cell clustering was
performed using the first 12 PCs with a graph-based
clustering algorithm at a resolution parameter of 0.8.
The resulting cellular subpopulations were visualized
through uniform manifold approximation and projection
(UMAP) dimensional reduction.
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Cell cluster annotation was conducted using a dual-
validation strategy, combining canonical marker gene
identification with cross-validation against original pub-
lication annotations. Comparative analysis of the related
gene expression patterns was conducted across distinct
cell clusters to identify cell-type-specific expression
profiles.

The spatial transcriptomics dataset GSE272362 was
analyzed to characterize expression levels and tissue
localization of target genes in PC specimens [40]. This
dataset comprised diverse PC specimens, including pri-
mary tumors, normal pancreatic tissues, and matched
hepatic/lymph node metastases. Cell annotation data for
the samples were obtained from the Zenodo repository (
https://zenodo.org/records/10712047).

Celllines and culture

We acquired a panel of PC lines from the American Type
Culture Collection (ATCC, Manassas, VA, USA), includ-
ing one human normal pancreatic duct epithelial cell line
(H6C7) and four PC cell lines (T3M-4, PANC-1, BxPC-3,
and Capan-2). All cell lines were maintained in Dulbec-
co’s Modified Eagle Medium (DMEM) (Invitrogen, Carls-
bad, CA, USA) supplemented with 10% heat-inactivated
fetal bovine serum (FBS, Invitrogen) and 1% penicillin-
streptomycin antibiotic solution (100 U/mL penicillin
and 100 pg/mL streptomycin), and cultured under stan-
dard conditions at 37 °C in a humidified atmosphere con-
taining 5% CO.,,.

Real-time quantitative polymerase chain reaction
(RT-qPCR)
The utilization of human cancer tissues in this study was
approved by the Ethics Committee of Henan Provincial
People’s Hospital, Zhengzhou University People’s Hospi-
tal (Approval No. 58, 2019). We retrospectively collected
paired tumor and adjacent normal tissues from patients
who met the following inclusion criteria: (1) provision of
written informed consent prior to surgery; (2) no history
of neoadjuvant therapy; (3) underwent radical resection
followed by adjuvant chemotherapy; (4) age>18 years;
and (5) normal cardiac, hepatic, and renal function.
Real-time quantitative polymerase chain reaction
(RT-qPCR) was performed to validate the gene expres-
sion profiles in both cultured cell lines and clinical tissue
specimens. Total RNA was isolated from cells and tissues
using TRIzol reagent (Takara, Japan). Subsequently, 1 pg
of total RNA was reverse transcribed into complemen-
tary DNA (cDNA) using the PrimeScript RT Reagent
Kit with gDNA Eraser (Takara, Japan). Quantitative PCR
amplification was conducted using TB Green Premix Ex
Taq II (Takara, Japan) on a real-time PCR system. The
housekeeping gene B-actin served as an internal control
for data normalization. Relative mRNA expression levels
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were quantified using the 2722t method. Detailed primer
sequences used in this study are provided in Supplemen-
tary Table 1.

Immunohistochemistry assay

Immunohistochemistry was performed to evaluate the
expression patterns of genes in PC specimens. Formalin-
fixed, paraffin-embedded (FFPE) tissue Sect. (4% form-
aldehyde, 5 pm thickness) were processed through the
following protocol. Sections were initially incubated at
60 °C for 1 h, followed by deparaffinization in xylene and
rehydration through a graded ethanol series. Antigen
retrieval was performed using citrate buffer in a micro-
wave heating system. To quench endogenous peroxidase
activity, sections were treated with 3% hydrogen peroxide
for 15 min at room temperature, followed by three phos-
phate-buffered saline (PBS) washes. Primary antibody
incubation was conducted at 4 °C overnight in a humidi-
fied chamber. After thorough washing with PBS, sections
were incubated with horseradish peroxidase (HRP)-
conjugated secondary antibody (ZSGB-Bio, PV-6000)
for 30 min at room temperature. Chromogenic detec-
tion was achieved using 3,3’-diaminobenzidine (DAB)
as substrate, and sections were counterstained with
hematoxylin. Protein localization and expression inten-
sity were assessed and imaged using light microscopy
(Nikon Eclipse 80i, Japan) by two independent patholo-
gists blinded to the clinical information. We listed the
antibodies used in this study in Supplementary Table 2.

Immunofluorescence assay

Cells were seeded onto six-well plates equipped with
10 mm coverslips and incubated for 24 h to allow for
adherence. After a thorough washing with PBS to remove
any media or debris, the cells were fixed with 4% parafor-
maldehyde to maintain their structural integrity. The cells
were then incubated with the primary antibody overnight
at 4 °C to facilitate specific binding to the target antigen.
Following removal of the primary antibody, the cells
were incubated with a fluorochrome-conjugated second-
ary antibody to visualize the primary antibody binding,
along with 4,6-diamidino-2-phenylindole (DAPI) to stain
the cell nuclei. Finally, the cells were imaged using a fluo-
rescence microscope to capture the immunofluorescence
staining pattern.

Western blotting

Protein extraction was performed by lysing cells, tumor
tissues, and paired normal tissues in RIPA buffer (Beyo-
time Biotechnology, China) supplemented with 1 mM
phenylmethylsulfonyl fluoride (PMSF) on ice for 30 min.
The lysates were centrifuged for 15 min at 4 °C. Then,
the supernatant was collected for protein quantification
using a BCA protein assay kit (Applygen Technologies,
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China) according to the manufacturer’s protocol. Equal
amounts of protein samples (50 pg) were separated by
8% sodium dodecyl sulfate-polyacrylamide gel electro-
phoresis (SDS-PAGE) and subsequently transferred onto
polyvinylidene fluoride (PVDF) membranes (Millipore,
USA) using a semi-dry transfer system. Membranes
were blocked with 5% non-fat dry milk in Tris-buffered
saline containing 0.1% Tween-20 (TBST) for 2 h at room
temperature, followed by incubation with primary anti-
bodies at 4 °C overnight. After three washes with TBST,
membranes were incubated with HRP-conjugated sec-
ondary antibodies for 2 h at room temperature. Protein
bands were visualized using enhanced chemilumines-
cence (ECL) substrate and imaged with a ChemiDocTM
CRS + Molecular Imager (Bio-Rad, Hercules, CA, USA).
[B-actin served as the internal control for protein loading
normalization.

Lentiviral-mediated transfection

For gene manipulation studies, lentiviral particles con-
taining either short hairpin RNA (shRNA) sequences
or gene overexpression constructs were commercially
synthesized by RiboBio (Guangzhou, China) and Geno-
meditech Co. (Shanghai, China). Transfection was
performed using DharmaFECT4 transfection reagent
(Thermo Scientific, USA) according to the manufactur-
er’s optimized protocol. Following an 8-hour incubation
period, the transfection medium was replaced with fresh
complete growth medium. Transfection efficiency was
quantitatively assessed 48 h post-transfection through
parallel analyses using both RT-qPCR and western blot-
ting. Sequences of the shRNAs used in this study are
listed in Supplementary Table 3.

Cell counting kit-8 assay

To evaluate the proliferative capacity of human PC cell
lines in vitro, we performed quantitative cell proliferation
assays using the Cell Counting Kit-8 (CCK-8) assay. Cells
were harvested during their exponential growth phase
and plated in 96-well culture plates at a density of 2,000
cells per well in 100 pL of complete growth medium.
The plates were maintained under standard culture
conditions (37 °C and 5% CO,) throughout the experi-
ment period. Cell proliferation was assessed at four time
points (24, 48, 72, and 96 h), with the initial measurement
(0 h) serving as the baseline control. At each designated
time point, 10 pL of CCK-8 reagent (APExBIO, USA)
was added to each well, followed by incubation for 2 h
under standard culture conditions. The metabolic activ-
ity of viable cells, which correlates with cell proliferation,
was quantified by measuring the optical density (OD)
at 450 nm using a microplate reader. All measurements
were performed in triplicate, and background absorbance
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from blank wells containing medium alone was sub-
tracted from the experimental values.

Colony formation assay

The proliferative potential of various cell lines was
assessed using a standardized colony formation assay.
Single-cell suspensions were prepared through enzymatic
dissociation and precise pipetting to ensure uniform cell
distribution. Cells were seeded in 6-well culture plates at
a density of 500 cells per well in 2 mL of complete growth
medium. The plates were incubated under optimal con-
ditions (37 °C and 5% CO,) for 14 days, allowing for
undisturbed colony formation. Following the incubation
period, colonies consisting of >50 cells were identified by
visual inspection. The culture medium was carefully aspi-
rated, and colonies were fixed with 4% paraformaldehyde
(Maokang Biotechnology Co., Ltd, Shanghai, China) for
30 min at room temperature. After fixation, cells were
stained with 0.1% crystal violet solution for 30 min to
facilitate colony visualization. Excess stain was removed
by gentle washing with PBS.

Wound healing assay

Cells were plated in 6-well culture plates at a density of
5x 10° cells/well and allowed to adhere overnight in com-
plete growth medium. A uniform wound was created by
scraping the monolayer with a sterile P200 pipette tip,
followed by three washes with PBS to remove cellular
debris. Cell migration was monitored at 12-hour inter-
vals, and images were captured using a light microscope.

Cell migration and invasion assays

Cell migratory and invasive capacities were evaluated
using Transwell chambers (Corning 3422, USA) fol-
lowing the manufacturer’s protocol with modifications.
Briefly, cells were harvested during the logarithmic
growth phase, centrifuged, and resuspended in serum-
free DMEM medium. For migration assays, 5x 10* cells
in 200 pL serum-free medium were seeded into the
upper chamber of uncoated Transwell inserts. For inva-
sion assays, an equivalent number of cells were plated in
Matrigel-coated upper chambers. The lower chambers
were filled with 600 pL of complete medium containing
10% FBS as a chemoattractant. Following incubation,
non-migrated/non-invaded cells on the upper membrane
surface were removed using cotton swabs. Migrated or
invaded cells on the lower surface were fixed with 4%
paraformaldehyde for 20 min at room temperature and
stained with 0.1% crystal violet solution for 20 min.

Flow cytometric analysis of apoptosis and cell cycle
distribution

Cells in the logarithmic growth phase were harvested,
trypsinized, and washed twice with ice-cold PBS. The
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cell pellet was resuspended at a concentration of 1 x 10°
cells/mL. For apoptosis detection, 100 pL of cell suspen-
sion was incubated with 5 uL annexin V-FITC (KeyGen
Biotech, China) and 10 pL propidium iodide (PI, Key-
Gen Biotech, China) in the dark at room temperature for
15 min. Following incubation, 400 uL of binding buffer
was added, and samples were immediately analyzed using
a FACSCalibur flow cytometer (BD Biosciences, USA).

For cell cycle distribution analysis, harvested cells were
fixed in 70% ice-cold ethanol at 4 °C overnight. Fixed cells
were washed twice with PBS and treated with RNase A
to remove RNA interference. Cellular DNA was stained
with 50 pg/mL PI in the dark at room temperature for
30 min. Cell cycle distribution was analyzed using the
FACSCalibur flow cytometer.

Co-immunoprecipitation assay

For protein-protein interaction studies, transfected cells
were harvested and lysed in ice-cold immunoprecipita-
tion (IP) buffer supplemented with Protease Inhibitor
Cocktail (Roche, Switzerland). Cell lysates were centri-
fuged at 4 °C, and the supernatant was collected for IP.
Equal amounts of protein were incubated overnight at
4 °C with rotation using specific primary antibodies.
Normal IgG from the same host species served as a nega-
tive control. Protein A-sepharose beads (GE Healthcare,
USA) were added to the antigen-antibody complex and
incubated at 4 °C with gentle rotation. The immune com-
plexes were washed three times with cold IP buffer and
eluted in Laemmli buffer at 95 °C. The eluted proteins
were resolved by SDS-PAGE and analyzed by western
blotting using appropriate secondary antibodies.

Ras activation assay

The activation status of Ras was determined using the
Active Ras Pull-Down and Detection Kit (Thermo Fisher
Scientific) according to the manufacturer’s protocol.
Briefly, cells were lysed in the provided lysis buffer sup-
plemented with protease inhibitor cocktail (Roche, Swit-
zerland). The active GTP-bound form of Ras was isolated
by incubating cell lysates with Raf1-RBD agarose beads at
4 °C with gentle agitation. The beads were then washed
three times with lysis buffer, and bound proteins were
eluted in Laemmli buffer. For quantitative analysis, the
pull-down samples were subjected to western blotting
using the mouse anti-Ras (1:1000, Thermo Fisher Sci-
entific) and HRP-conjugated secondary antibodies. Ras
activation levels were normalized to total Ras expression.

Ubiquitination assay

To investigate the protein ubiquitination level, cells were
treated with 10 uM MGI132 (C2211, Sigma-Aldrich,
USA), a cell-permeable proteasome inhibitor, for 6 h to
prevent protein degradation. Cells were then lysed in IP
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buffer supplemented with Protease Inhibitor Cocktail
(Roche, Switzerland) and Phosphatase inhibitor (Sigma-
Aldrich, USA) for 30 min on ice. Cell lysates were cen-
trifuged at 4 °C, and the supernatant was collected for IP.
Equal amounts of protein were incubated overnight at
4 °C with rotation using either the primary antibody or
control IgG. Protein A/G magnetic beads (Thermo Fisher
Scientific, USA) were added and incubated for an addi-
tional 2 h at 4 °C. The immunoprecipitates were washed
five times with cold IP buffer and eluted in Laemmli buf-
fer. Ubiquitinated protein was detected by western blot
analysis using anti-ubiquitin antibody. The membranes
were probed with HRP-conjugated secondary antibodies
and visualized using ECL substrate.

Three-dimensional organoid culture and functional
characterization

Human PC tissue specimens were mechanically dissoci-
ated and enzymatically digested in DMEM containing 1 mg/
mL collagenase IV (Sigma-Aldrich, Germany) at 37 °C for
15 min. The digestion was quenched with ice-cold PBS sup-
plemented with 10% FBS. After centrifugation and filtration,
the tissue fragments were resuspended in Cultrex Reduced
Growth Factor Basement Membrane Extract (Trevigen,
USA) and plated in 24-well plates. The embedded tissue
was cultured in organoid growth medium (Biozellen, USA)
containing advanced DMEM/F12 supplemented with N21-
MAX, N2-MAX, glutamine, nicotinamide, HEPES, A83-
01, N-acetylcysteine, FGF-10, BMP7, EGE, HGE, Noggin,
Wnt-3a, R-Spondin 1, Gastrin I, Forskolin, and Y-27,632. The
cultures were maintained at 37 °C in a humidified 5% CO2
incubator, with medium changes every 2—3 days.

For organoid propagation, the cultures were harvested
using Cultrex Organoid Harvesting Solution (3700-100-
01, R&D Systems, USA). The organoids were mechani-
cally dissociated and enzymatically digested into single
cells, followed by centrifugation and PBS washing. The
cells were then re-embedded in fresh Cultrex matrix and
cultured in proliferation medium containing advanced
DMEM/F12 supplemented with N21-MAX, N2-MAX,
glutamine, nicotinamide, HEPES, A83-01, N-acetylcys-
teine, FGF-10, BMP7, EGF, HGF, R-Spondin 1, Gastrin [,
and Forskolin.

For assessment of epithelial-mesenchymal transition
(EMT), organoids were fixed in 4% paraformaldehyde at
4 °C for 60 min, permeabilized with 0.5% Triton X-100,
and blocked with 5% bovine serum albumin (BSA) for
60 min at room temperature. The samples were incu-
bated with the primary anti-E-Cadherin and anti-
Vimentin antibodies overnight at 4 °C, followed by the
secondary antibody for 2 h at room temperature. Nuclei
were counterstained with DAPI for 15 min. Fluorescence
images were acquired using a confocal microscope (Leica
TCS SP8, Germany).
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Statistical analysis

Continuous variables were expressed as mean tstandard
deviation (SD), while categorical variables were presented as
absolute numbers with corresponding percentages. Univari-
ate Cox regression analysis was initially performed to iden-
tify potential prognostic factors using backward stepwise
selection to determine independent predictors of survival.
The strength of association between covariates and survival
outcomes was quantified using hazard ratios (HRs) with
corresponding 95% confidence intervals (Cls). Statistical
significance was defined as a two-tailed P-value<0.05, with
the following notation used to indicate varying levels of sig-
nificance: *P<0.05, **P<0.01, ***P<0.001, and ****P<0.0001.
All statistical analyses were conducted using R statistical
software (version 4.1.0), and Python (version 3.8).

Results

Identification of the two molecular subtypes in TCGA-PAAD
cohort

According to the mentioned standards, we totally enrolled
187 mRNAs, 57 miRNAs, 190 IncRNAs, 144 DNA meth-
ylation sites, and 35 somatic mutations. Through compre-
hensive evaluation utilizing both CAP and Gap-statistics
methodology, we identified two distinct clusters as the
optimal classification number (Fig. 1A). The heatmap
illustrated the expression profiles across multi-omics,
highlighting the top 10 most variable features within
each omic category (Fig. 1B). The Silhouette plot dem-
onstrated a good clustering effect for the two molecular
subtypes (Fig. 1C). We integrated the typing results from
10 different classification methods and ultimately deter-
mined the molecular subtype for each sample (Fig. 1D).
The consensus heatmap clearly showcased the distinctive
characteristics of the two molecular subtypes (Fig. 1E).
The Kaplan-Meier curves demonstrated clear separation
between the two subtypes, with CS1 showing consistently
poorer prognosis across all time points (P<0.001, Fig. 1F).

Distinct characteristics were explored between the two
molecular subtype

To evaluate the efficacy of molecular subtyping, we sys-
tematically compared the characteristics of samples from
both molecular subtypes, with particular emphasis on
immune-related features. Multiple computational algo-
rithms were employed to quantitatively assess immune cell
infiltration within the samples (Fig. 2A). The infiltration
of various immune cells exhibited significant differences
between CS1 and CS2 subtypes, including neutrophil, mac-
rophage, myeloid dendritic cell, and T cell regulatory. The
two molecular subtypes also exhibited significant differences
in the enriched biological processes (Fig. 2B). Marker genes
of the CS1 subtype were significantly enriched in multiple
immune-related biological processes, including antimicro-
bial humoral immune response mediated antimicrobial
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peptide, neutrophil migration, and interferon gamma pro-
duction. Furthermore, these genes were also enriched in
various biological processes related to EMT, including cor-
nification, regulation of epidermis development, and regula-
tion of epidermal cell differentiation. The CS2 subtype was
enriched in metabolic-related biological processes, including
mRNA export from nucleus, negative regulation of voltage
gated potassium channel activity, and glutamate receptor
signaling pathway. We observed the significant differential
enrichment in immune process related gene sets between
the two molecular subtypes (Fig. 2C). There are notable
differences in the enrichment levels of multiple pathways
related to PC progression within the hallmark gene sets
between CS1 and CS2 subtypes, including apoptosis, EMT,
hypoxia, and KRAS signaling (Fig. 2D). The expression of
most immunomodulators was significantly lower in the
CS1 subtype compared to the CS2 subtype (Fig. 2E). Fur-
thermore, the expression of multiple immune checkpoints,
including CTLA4 and CD276, is notably lower in the CS1
subtype compared to the CS2 subtype (Fig. 2F).

Validation of the molecular subtyping efficacy across
multiple PC cohorts

We utilized 12 external PC cohorts to validate the efficacy
of molecular subtypes. DEGs between the CS1 and CS2
subtypes were analyzed. The NTP method was employed to
predict the molecular subtype assignment for each sample
in the external cohort. Next, the Kaplan-Meier method was
utilized to compare the prognostic differences between the
two molecular subtypes. The prognosis of the CS2 subtype
was consistently superior to that of the CS1 subtype across
multiple cohorts, with the exception of the GSE28735
cohort (P<0.05, Fig. 3A-F, Supplementary Fig. 1A-F). Com-
parative analysis revealed distinct clinical profiles between
the two subtypes. Compared to CS2, the CS1 subtype
exhibited more advanced tumor stages and higher histo-
logical grades (P<0.05, Fig. 3G-J). We systematically com-
pared our classification system with previously reported PC
typing approaches, including immune-based models and
whole-tumor classification schemes. The CS1 subtype was
predominantly characterized by Immune C2 and C6 signa-
tures, whereas CS2 showed enrichment of the Immune C3
signature (P<0.05, Fig. 3K). CS1 was enriched for Stroma-
Activated and Pure Basal-like, while CS2 favored Pure Clas-
sical and Immune Classical subtypes (P<0.05, Fig. 3L).

Development and evaluation of the prognostic signature

We developed and validated a robust prognostic sig-
nature utilizing multiple machine learning algorithms.
To ensure cross-platform consistency, we identified 195
consensus genes through intersection analysis of gene
expression profiles across multiple cohorts. Univariate
Cox regression analysis was systematically performed
for these genes in each individual cohort (Supplementary
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Fig. 1 PC samples within the TCGA-PAAD cohort can be categorized into CS1 and CS2 subtypes. (A) The optimal number of clusters was determined
through a comprehensive evaluation using both the CAP and Gap-statistics methods. (B) Multi-omics features of the two molecular subtypes, including
mMRNA, miRNA, IncRNA, DNA CpG methylation site, and mutant gene. (C) Silhouette plot of the two molecular subtypes. (D) A comprehensive heatmap
was generated to visualize the distribution of clinical characteristics, integrated with molecular subtyping results. The molecular classification was es-
tablished through consensus clustering analysis, yielding ten distinct multi-omics clustering methods. (E) Consensus clustering matrix for three novel
prognostic subtypes based on the 10 algorithms. (F) Kaplan—-Meier plot of OS for the two subtypes
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Fig. 2 Distinct molecular characteristics between the two subtypes. (A) Comparative analysis of immune cell infiltration between the two molecular
subtypes. (B) GSEA was conducted on the DEGs between the two molecular subtypes using the GOBP gene set. (C-D) GSVA revealed the enrichment pat-
terns of the related gene sets in the two molecular subtypes. (C) Immune-related processes gene sets. (D) Hallmark gene sets. (E-F) Comparative analysis
of immune-related gene expression profiles. (E) Immunomodulators. (F) Immune checkpoints

Table 4). We identified 23 consensus genes that demon-
strated consistent prognostic significance (P <0.05) across
at least 5 of the 13 cohorts with concordant survival
trends (HR value). The E-MTAB-6134 cohort, compris-
ing the largest sample size, was designated as the training
set. And the remaining 12 cohorts served as independent

validation sets. We developed prognostic models using
101 machine learning algorithm combinations in the
training set, followed by validation across 12 inde-
pendent cohorts. The optimal algorithm combination
was determined based on the highest average C-index
across all validation sets (Fig. 4A). Among all algorithm
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Fig. 3 The robustness and generalizability of the molecular subtyping were validated across 6 independent external cohorts, demonstrating consis-
tent classification performance and clinical relevance. (A) E_MTAB_6134 cohort. (B) GSE21501 cohort. (C) GSE28735 cohort. (D) GSE57495 cohort. (E)
GSE62452 cohort. (F) GSE71729 cohort. (G-K) CS1 and CS2 subtypes exhibited distinct TNM staging, histological grading, and immune classification
patterns in TCGA-PAAD cohort. (G) T stage. (H) N stage. (I) M stage. (J) Tumor grade. (K) Immune based model. (L) CS1 and CS2 demonstrated divergent

whole-tumor classifications

combinations, ridge regression demonstrated the high-
est mean C-index across the 12 validation cohorts. The
optimal A value was determined at the minimal partial
likelihood deviance, and corresponding variable coeffi-
cients were subsequently calculated (Fig. 4B). We identi-
fied prognostic genes through univariate Cox regression
analysis followed by rigorous screening criteria (Fig. 4C
and Supplementary Fig. 2A-L). In the ridge regression
model, the top five variables with highest coefficients
were EREG, FAM83A, Cl12orf56, ZBED2, and A2ML1
(Supplementary Table 5). Sample-specific risk scores
were computed as the sum of each gene’s expression mul-
tiplied by its ridge coefficient (Risk score = X[gene x ridge
coefficient]). Based on ridge regression, we calculated
risk scores for each sample and subsequently stratified
them into high- and low-risk groups using the optimal

risk score as the cut-off value (Fig. 4D and Supplementary
Fig. 3A-L). With the exception of the GSE21501 cohort,
the high-risk group consistently demonstrated signifi-
cantly worse prognosis compared to the low-risk group
across all datasets (P<0.05; Fig. 4E and Supplementary
Fig. 4A-L).

Through a systematic literature review, we compiled
and analyzed 172 previously reported prognostic sig-
natures for PC (Supplementary Table 6). Inclusion was
restricted to formula-based signatures to facilitate direct
comparison. Due to the insufficient miRNA annotation
coverage across cohorts, we restricted our summary to
prognostic signatures derived from mRNA and IncRNA
data. These prognostic signatures were constructed based
on hallmark features of PC progression, encompassing
immune cells, basement membrane, EMT, autophagy,
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Fig. 4 The prognostic signature was developed using 101 machine learning algorithm combinations. (A) The C-index was calculated for each algorithm
combination in the validation sets, and the mean C-index values were subsequently determined. (B) Left: The optimal A value was determined at the
point of minimal partial likelihood deviance. Right: The coefficients of all variables were calculated across a range of A values. (C) Univariate Cox regression
analysis was performed for the 23 candidate genes in the E-MTAB-6134 cohort. (D) The E-MTAB-6134 cohort was characterized by risk scores, stratifica-
tion groups, survival outcomes, and gene expression profiles. (E) Survival disparities between high-risk and low-risk groups in the E-MTAB-6134 cohort

ferroptosis, glycolytic pathways et al. Due to inter-cohort
probe heterogeneity, the included prognostic signatures
varied slightly among cohorts. Consistently top-tier
C-index rankings in all cohorts validated the signature’s
excellent predictive stability (Fig. 5A-G and Supplemen-
tary Fig. 5A-F).

This signature revealing the features of PC

Multiple clinical variables significantly impacted PC
prognosis, including patient age, tumor stage, histologi-
cal differentiation grade, and treatment modalities. The
signature surpassed clinical variables in prognostic accu-
racy across all evaluated cohorts (Fig. 6A-E). Using the

well-characterized TCGA-PAAD cohort with compre-
hensive clinical data, we developed a prognostic model
for pancreatic cancer. Based on univariate and multivari-
ate Cox regression analyses, we incorporated age, tumor
grade, chemotherapy status, and risk score into the final
prognostic model (Fig. 6F, G). For practical application,
this model was implemented as both a dynamic nomo-
gram and an online calculator (Fig. 6H, https://jiacheng
e.shinyapps.io/tcga-paad-prognosis/). The calibration
curve and DCA collectively demonstrated the model’s
robust predictive performance (Fig. 6L, J). The prognostic
model performance showed high accuracy for OS predic-
tion (1-year: AUC=0.82; 2-3-year: AUC=0.79; Fig. 6K).


https://jiachenge.shinyapps.io/tcga-paad-prognosis/
https://jiachenge.shinyapps.io/tcga-paad-prognosis/
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Fig.5 Comparative C-index analysis in multiple PC cohorts demonstrated superior prognostic performance of this signature versus prior established sig-
natures. (A) C-index of 150 signatures in E-MTAB-6134 cohort. (B) C-index of 146 signatures in GSE21501 cohort. (C) C-index of 151 signatures in GSE28735
cohort. (D) C-index of 153 signatures in GSE57495 cohort. (E) C-index of 151 signatures in GSE62452 cohort. (F) C-index of 146 signatures in GSE71729
cohort. (G) C-index of 151 signatures in GSE78229 cohort

GSEA of DEGs between risk groups revealed signifi- no significant correlation between risk scores and tumor
cant enrichment of metabolic pathways in the low-risk  mutation burden (TMB) (P>0.05, Fig. 7C). Risk scores
cohort, including GABAergic synapse, protein export, showed significant associations with tumor grade,
and synaptic vesicle (Fig. 7A). In contrast, the high-risk  resection margin status, and histological classification
group exhibited significant enrichment in immune- (P<0.05, Fig. 7D-F). A progressive increase in risk scores
related disease pathways, including asthma, autoimmune  was observed across tumor grades, with G2 samples
thyroid disease, and graft-versus-host disease (Fig. 7A).  showing significantly higher scores than G1, and G3/4
Significant differences in drug sensitivity profiles were samples exhibiting further elevation compared to G2
observed between the two groups (Fig. 7B). The high- (P<0.05, Fig. 7D). It indicated that risk scores were sig-
risk group demonstrated increased sensitivity to AICAR, nificantly elevated in samples with R1 resection margins
Bleomycin, and Epothilone.B (P<0.001). Whereas, the compared to RO margins (P<0.05, Fig. 7E). The basal-like
low-risk group showed enhanced response to Axitinib, subtype exhibited significantly higher risk scores com-
Elesclomol, and Temsirolimus, with all comparisons pared to the classical subtype (P<0.001, Fig. 7F).
reaching statistical significance (P<0.001). We observed
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A2ML1 was overexpressed in PC and strongly associated

with poor clinical outcomes

We systematically compared the expression profiles
of these 23 genes between normal and tumor tissues.

FAMS83A (Family With

In TCGA-PAAD, GSE28735, and GSE62452 cohorts,

Sequence Similarity 83 Member

A) and A2ML1 (Alpha-2-Macroglobulin Like-1) exhib-
ited significant differential expression between normal
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and tumor tissues, with markedly higher expression levels
in tumor samples (P<0.05, Fig. 7G-I). Subsequently, we
focused on investigating the role of A2ML1 in PC, given
the extensive existing literature on FAM83A [41-45].

Due to the complexity of PC microenvironment, we
validated the single-cell expression patterns of FAM83A
and A2ML1 across multiple scRNA-seq cohorts. Based
on established marker genes and previous research, we
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performed sequential dimensionality reduction, cluster-
ing, and cell type annotation of single-cell data. Our anal-
ysis revealed predominant overexpression of FAM83A
and A2ML1 in epithelial cells, ductal cells, and malignant
cell populations (Fig. 8A-D and Supplementary Fig. 6A-
D). Spatial transcriptomic analysis revealed distinct
A2ML1 expression profiles and tissue localization in PC
specimens (Fig. 9A-D). The prevalence of A2ML1-pos-
itive cells was elevated in tumor tissues versus normal
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pancreas, observed consistently across primary lesions,
nodal metastases, and liver metastases.

We systematically evaluated A2ML1 expression in five
paired PC and adjacent normal tissues using RT-qPCR,
western blotting, and immunohistochemistry. A2ML1
was significantly overexpressed in tumor tissues com-
pared to normal counterparts (Fig. 10A-C). We quanti-
fied A2ML1 expression in H6C7 and four PC cell lines
using RT-qPCR and western blotting analysis. A2ML1
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levels were significantly elevated in cancer cell lines com-
pared to H6C7 (Fig. 10D, E).

A2ML1 modulated proliferation, migration, invasion,
apoptosis, and cell cycle progression in PC cells

A2ML1 knockdown in T3M4 cells and overexpres-
sion in PANC-1 cells were performed to investigate its
functional roles (Fig. 10F, G). Cell proliferative capacity
was assessed using CCK-8 and colony formation assays
(Fig. 10H, I). A2ML1 knockdown significantly inhibited
PC cell proliferation, whereas its overexpression pro-
moted cell growth. Cell migratory capacity was evalu-
ated using wound healing and Transwell migration assays
(Fig. 11A, B). A2ML1 knockdown significantly inhibited
PC cell migration, while its overexpression enhanced
migratory capacity. Consistent results were observed in
the Transwell invasion assays (Fig. 11C). EMT marker
alterations were examined at both RNA and protein levels
(Fig. 11D). A2ML1 knockdown reduced CDH2 (N-cad-
herin), VIM (Vimentin), and SNAI1 (Snail) expression
while increasing CDH1 (E-cadherin) levels. Conversely,
A2MLI1 overexpression produced opposite effects. Flow
cytometry was employed to analyze apoptosis rates and
cell cycle distribution (Fig. 11E-F). GSEA revealed signifi-
cant enrichment of EMT pathways in both CS1 subtype
and A2ML1-high PC samples (Supplementary Fig. 7A,
B). A2ML1 knockdown significantly promoted apop-
tosis in PC cells, whereas its overexpression inhibited
programmed cell death. A2ML1 knockdown induced
G1-phase cell cycle arrest in PC cells.

To further investigate the role of A2ML1 in EMT, we
conducted additional experiments using patient-derived
organoid models. According to Ronnie et al., PC organ-
oids exhibited two distinct morphological patterns: glan-
dular and solid (Fig. 12A) [46]. TGF-B1 treatment could
induce EMT, as evidenced by characteristic morphologi-
cal transitions in organoid structures. Our experimen-
tal results further validated this observation (Fig. 12B).
Notably, A2ML1 overexpression similarly induced mes-
enchymal transition in PC organoids, characterized by
decreased E-cadherin and increased Vimentin expression
(Fig. 12C).

A2ML1 facilitated EMT by activating the KRAS/MAPK

signaling pathway through downregulation of LZTR1

Given that A2ML1 encoded a protease inhibitor, we
explored its potential interacting proteins to further elu-
cidate the mechanisms driving A2ML1-mediated EMT
in PC. LZTR1 was identified as a potential A2ML1-
interacting protein through bioinformatic prediction
(Fig. 12D). Subsequently, we confirmed the protein-
level interaction between A2ML1 and LZTRI1 using co-
immunoprecipitation assay (Fig. 12E). To determine
the localization of A2ML1 and LZTR1 in PC cells, we
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performed immunofluorescence assays. It indicated that
both A2ML1 and LZTR1 were localized in the cytoplasm
(Fig. 12F). These findings demonstrated that A2ML1
could interact with LZTR1 in PC cells.

Previous studies indicated that LZTR1 functioned as
a crucial regulator of RAS signaling through ubiquitina-
tion [47, 48]. As a key member of the RAS family, KRAS
played a crucial role in PC progression through multiple
oncogenic signaling pathways. A2ML1 could modulate
both the expression of LZTR1 and the activation of RAS
(Fig. 13A, B). Specifically, silencing A2ML1 enhanced
LZTR1 expression, whereas overexpressing A2ML1
suppressed it. Silencing A2ML1 inhibited RAS activity,
whereas overexpressing A2ML1 enhanced it. The regula-
tion of RAS activity by A2ML1 was modulated through
the expression of LZTR1. We further demonstrated
A2ML1-mediated regulation of KRAS ubiquitination,
with knockdown enhancing and overexpression sup-
pressing this post-translational modification (Fig. 13C).
A2ML1 modulated Ras activity in PC cells, and this regu-
latory effect could be reversed by LZTR1 (Fig. 13D, Sup-
plementary Fig. 7C-E).

Taiki et al. indicated that Lys-117 of KRAS was a pri-
mary target of LZTR1-mediated polyubiquitination [49].
Lys-117 represented a frequently mutated residue in
KRAS across various malignancies, including non-small
cell lung cancer, colorectal cancer, and multiple myeloma
[50, 51]. We hypothesized that A2ML1 could regulate
KRAS/MAPK pathway and EMT through LZTR1-medi-
ated modulation of KRAS at the Lys-117 residue. Con-
sequently, we generated a lysine-to-arginine mutation
at residue 117 (K117R) in KRAS. In wild-type (WT) PC
cells, downregulation of A2ML1 significantly suppressed
EMT and MAPK signaling compared to the control
group (Fig. 13E-G). However, in KRAS-K117R PC cells,
no significant changes in MAPK signaling and EMT were
observed upon A2ML1 knockdown relative to controls
(Fig. 13E-G). The regulatory mechanism by which EMT
and the MAPK pathway were modulated by A2ML1 in
PC cells was illustrated in Fig. 14. A schematic overview
of the entire study workflow was presented in Fig. 15.

Discussion

Accurate molecular subtyping of PC facilitated com-
prehensive understanding of disease progression and
informs clinical decision-making. In this study, we lev-
eraged multi-omics data from the TCGA-PAAD cohort
to uncover a basal-like subtype of PC, which exhibited
distinct characteristics of prognosis, immune infiltration
patterns, immune-related gene expression profiles, and
pathway enrichment. The robustness of this classification
system was validated across multiple independent exter-
nal cohorts. Previous studies have proposed multiple
molecular classification systems for PC. We developed
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and validated a prognostic signature using ridge regres-
sion analysis based on 23 prognostic-related genes.
The risk scores predicted by this signature showed sig-
nificant correlations with drug sensitivity, tumor grade,

resection margin status, and classical subtypes in PC
samples. Bailey et al. identified four molecular subtypes
of PC through comprehensive genomic analyses, includ-
ing squamous, immunogenic, pancreatic progenitor, and
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Fig. 13 A2ML1 promotes EMT by downregulating LZTR1 and activating the KRAS/MAPK signaling pathway. (A) RT-gPCR was performed to validate the
regulatory effect of A2ZML1 on LZTR1 expression. Up: Silencing A2ML1 upregulated the expression of LZTR1. Down: Overexpression of A2ML1 suppressed
the expression of LZTR1. (B) The regulatory roles of A2ML1 in modulating LZTR1 expression and MAPK signaling pathway activity were confirmed by
western blotting. Left: Silencing A2ML1 upregulated LZTR1 expression and inhibited the MAPK signaling pathway. Right: Overexpression of A2ML1 down-
regulated LZTR1 expression and activated the MAPK signaling pathway. (C) A2ML1 modulated the ubiquitination level of KRAS. Up: Silencing A2ML1
enhanced the ubiquitination level of KRAS. Down: Overexpression of A2ML1 reduced the ubiquitination level of KRAS. (D) The activation status of Ras was
assessed using a Ras activation assay. Left: Silencing A2ML1 suppressed Ras activity, which could be rescued by the knockdown of LZTR1. Right: Overex-
pression of A2ML1 enhanced Ras activity, which could be rescued by the overexpression of LZTR1. (E) RT-qgPCR was performed to measure the levels of
EMT markers across different experimental groups. Left: T3M-4 cell line. Right: PANC-1 cell line. (F) The levels of EMT markers and the activation status of
the MAPK pathway were assessed by western blotting. Up: T3M-4 cell line. Down: PANC-1 cell line. (G) Transwell assays were performed to evaluate cell
migration and invasion capabilities. Up: T3M-4 cell line. Down: PANC-1 cell line
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aberrantly differentiated endocrine exocrine (ADEX)
[8]. The squamous subtype was characterized by TP53
and KDM6A mutations with poor prognosis, while the
immunogenic subtype showed significant immune cell
infiltration. The pancreatic progenitor subtype exhib-
ited transcriptional networks involved in early pancre-
atic development, and the ADEX subtype demonstrated
endocrine and exocrine differentiation features. Collisson
et al. proposed a molecular classification system for PC,
identifying three distinct subtypes: classical, quasimes-
enchymal, and exocrine-like [10]. The classical subtype
demonstrated epithelial differentiation and relatively
better prognosis, while the quasimesenchymal subtype
exhibited mesenchymal features and increased aggres-
siveness. The exocrine-like subtype showed character-
istics of normal pancreas tissue with unique metabolic
profiles. Moffitt et al. developed a novel dual classifica-
tion system for PC through virtual microdissection, iden-
tifying distinct tumor- and stroma-specific subtypes [11].
The tumor-specific classification comprised classical and
basal-like subtypes, characterized by epithelial and mes-
enchymal features respectively, while the stroma-specific
classification includes normal and activated subtypes
based on stromal characteristics. Their studies provided
valuable insights into the molecular heterogeneity of
PC and its potential implications for personalized treat-
ment strategies. Risk scores generated by our predictive
model revealed significantly higher values in basal-like
compared to classical subtypes, consistent with previous
molecular classification findings.

By integrating ten distinct classification algorithms, we
identified two molecular subtypes of PC, with CS2 exhib-
iting significantly better clinical outcomes than CSI.
The two subtypes exhibited distinct immune infiltration
patterns, including neutrophil (TIMER), macrophage
(TIMER), NK cell activated (CIBERSORT), and NK cell
(QUANTISEQ). CSl-associated genes were predomi-
nantly enriched in immune-related processes, while CS2-
related genes showed significant enrichment in RNA
transport and glutamate metabolism pathways. PC was
characterized by distinct features including angiogenesis,
EMT, glycolysis, hypoxia, and inflammatory response,
which collectively contribute to its aggressive progression
[52, 53]. Multiple signaling pathways played crucial roles
in PC initiation and progression, including Hedgehog sig-
naling, p53 pathway, PI3K/AKT/MTOR signaling, and
KRAS signaling [54, 55]. Notably, KRAS serve as one of
the most important therapeutic targets for PC [56]. The
distinct biological behaviors and pathway enrichment
patterns between the two molecular subtypes revealed
their unique characteristics, potentially explaining their
differential clinical outcomes. Furthermore, we identi-
fied significant differences in the expression levels of
immunomodulators and immune checkpoints between
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the two molecular subtypes. Our study primarily focuses
on KRAS/MAPK pathway-mediated EMT, a well-doc-
umented process in previous studies [57-59]. Targeting
the MAPK signaling pathway, a crucial therapeutic target
in oncology, could demonstrate efficacy against refrac-
tory tumors [60].

In our study, we identified 23 prognostic genes and
developed a predictive signature using 101 machine
learning approaches, with ridge regression demonstrat-
ing optimal performance based on previous research
[61, 62]. Sample risk scores were computed by sum-
ming the product of each gene’s expression level and its
corresponding coefficient. This signature consistently
ranked among the top-performing prognostic tools
when benchmarked against existing signatures in inde-
pendent PC cohorts. A2ML1 was selected for in-depth
functional investigation based on its prognostic signifi-
cance. Through DEGs analysis between tumor and nor-
mal samples, we identified A2ML1 as a key regulator
in PC progression. Mechanistically, A2ML1 promoted
EMT of PC by downregulating LZTR1 expression and
activating the KRAS/MAPK signaling pathway. A2ML1
encoded a protein similar in structure and function to
alpha-2-macroglobulin (A2M). As a monomeric protease
inhibitor, A2ML1 predominantly expressed in epider-
mal granular layer, placenta, thymus, and testis, but not
in epithelia of kidney, lung, small intestine, or colon [63].
Although its physiological role remained elusive, A2ML1
was hypothesized to modulate epidermal proteases cru-
cial for keratinocyte differentiation and desquamation
[64]. Pathologically, it was associated with paraneoplas-
tic pemphigus and otitis media development [65-68].
The unique conformational structure of A2ML1 confers
its protease inhibitory function, enabling interactions
with both amine and hydroxyl groups [69, 70]. Research
on A2ML1 in tumorigenesis remains limited, with only a
few studies investigating its roles in non-small cell lung
cancer, cervical cancer, glioblastoma, and breast cancer
[71-74]. However, these studies primarily focused on
correlating A2ML1 expression levels with tumor prog-
nosis, lacking experimental validation of its functional
impact and mechanistic roles in cancer progression. To
elucidate the molecular mechanisms underlying A2ML1-
mediated EMT in PC, we investigated potential protein-
protein interactions. We demonstrated the interaction
between A2ML1 and LZTR1, with A2ML1 significantly
downregulating LZTR1 expression. LZTR1 was a mem-
ber of the BTB-Kelch superfamily. As a tumor suppres-
sor and Noonan syndrome-associated gene, LZTRI1
exhibited germline and somatic mutations in various
malignancies, including multiple schwannomas and glio-
blastoma [75-77]. LZTR1 could serve as an adaptor for
the CUL3-based ubiquitin E3 ligase complex. LZTR1
specifically ubiquitinated RAS family proteins, resulting
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in either proteasomal degradation or altered cellular
localization, ultimately modulating RAS signaling path-
ways [47-49, 78]. LZTR1-mediated RAS degradation
requires ubiquitination at multiple lysine residues. Sin-
gle-site ubiquitination is insufficient to induce complete
degradation. To further elucidate A2ML1-mediated reg-
ulation of LZTR1, we generated a K48 site mutation in
KRAS, revealing the regulatory role of A2ML1 in KRAS/
MAPK signaling.

RAS proteins, which included KRAS, NRAS, and
HRAS, played a critical role in the pathogenesis of PC
[79]. They were small GTPases that regulated cell pro-
liferation, survival, and differentiation by transmitting
signals from cell surface receptors to intracellular path-
ways, such as the MAPK/ERK and PI3K/AKT pathways.
Among these, KRAS was the most frequently mutated
oncogene in PC, with mutations occurring in approxi-
mately 90% of all cases [80]. The activating mutations
in KRAS were most commonly at codon 12 (e.g., G12D,
G12V) [81]. These mutations could lead to constitutive
activation of downstream signaling pathways, promoting
tumor initiation, progression, and metastasis. Neverthe-
less, targeting mutant KRAS was deemed as a significant
challenge in PC therapy [82]. Historically, RAS proteins
were considered undruggable due to their high affinity
for GTP and the lack of deep hydrophobic pockets for
small-molecule inhibitors [83]. Given this challenges,
alternative strategies have been explored, including its
downstream pathway inhibition, metabolic dependency,
and immunotherapy [84, 85]. The MAPK pathway repre-
sents a promising therapeutic target for novel drug devel-
opment [86]. Our study focused on the alterations in
MAPK/ERK pathway activity and EMT levels induced by
KRAS expression changes in PC. We innovatively uncov-
ered the regulatory role of A2ML1 on KRAS activity and
its underlying mechanisms, offering new hope for effec-
tive PC treatment.

The findings of this study provided crucial insights into
the molecular heterogeneity of PC and its implications
for personalized treatment approaches. However, it still
had several limitations. First, potential bias might exist
due to variability in sample size and platform differences
across cohorts. Second, prognostic analysis was limited
to consensus genes due to inconsistencies in gene anno-
tation and probe design among datasets. Finally, as the
structural biology of A2ML1 became better character-
ized, future studies should further elucidate its regulatory
mechanisms on LZTR1 [69].

In conclusion, we identified molecular basal-like sub-
type of PC with distinct prognostic outcomes through
integrative multi-omics analysis and diverse classifi-
cation algorithms. Utilizing 23 prognostic genes, we
developed an effective predictive signature using ridge
regression. A2ML1, significantly overexpressed in PC,
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played a crucial role in tumor progression. Mechanisti-
cally, A2ML1 promoted EMT by upregulating the KRAS/
MAPK pathway through interaction with LZTR1. Our
findings provide novel insights for precision medicine in
PC treatment.
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