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ABSTRACT: Core  fucosylated  (CF)
glycoproteins  are  closely  associated
with  the  pathogenesis  of  pancreatic
ductal  adenocarcinoma  (PDAC).
However,  how  core  fucosylation
alterations connect to critical signaling
pathways  in  PDAC,  such  as  dense
extracellular  matrix  (ECM)  remodeling
and  KRAS–MAPK  signaling,  remains
largely  unknown.  Here,  we re-analyzed core  fucosylation  profiles  of  six  matched PDAC tumor  and adjacent  normal  tissues
from  a  published  dataset  and  identified  54  significantly  up-regulated  core  fucosylation  events,  which  were  predominantly
associated with ECM remodeling. Leveraging these events, we developed a PDAC prognostic signature comprising three CF
glycoproteins, including LRP1, FN1, and LAMC2. This signature was further validated using the tumor-normal comparison in
Clinical  Proteomic  Tumor  Analysis  Consortium  (CPTAC)  PDAC  cohort.  Then,  unbiased  screening  across  1,387  pathways
using  the  Cancer  Genome  Atlas  Program  Pancreatic  Adenocarcinoma  Database  (TCGA-PAAD)  identified  cell–ECM
interactions  as  the  dominant  association  with  the  signature.  Moreover,  it  was  confirmed  using  tumor-normal  comparison
across  three  independent  Gene Expression  Omnibus  (GEO)  cohorts  (AUC 0.888–0.941)  and  was  associated  with  adverse
prognosis  in  TCGA-PAAD.  Together,  these  works  proposed  a  core  fucosylation-derived  prognostic  signature  linking
glycosylation alterations to matrix remodeling and poor outcome in PDAC.
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 1    Introduction
Protein  glycosylation  is  a  widespread  post-translational
modification  in  mammalian  cells[1,2].  Among  many  glycosylation
modifications,  core  fucosylation  has  drawn increasing  attention  in
recent  years  because  of  its  involvement  in  multiple  human cancer
types[2,3]. In pancreatic ductal adenocarcinoma (PDAC), altered core
fucosylation  has  been  linked  to  both  tumor  cell  behavior  and
biomarker  discovery[2].  FUT8,  the  sole  enzyme  catalyzing  protein
core  fucosylation,  is  overexpressed  in  pancreatic  cancer  cells,  and

core  fucosylated  (CF)  proteins  such  as  serum  haptoglobin  have
been implicated as candidate biomarkers of the disease[3-5]. However,
PDAC-specific CF glycoproteins remain incompletely characterized
at the site-specific level.

PDAC is characterized by a dense desmoplastic stroma in which
extracellular  matrix  (ECM)  deposition,  basement  membrane
remodeling,  and  tumor–stromal  crosstalk  actively  shape  disease
progression[6-9].  Oncogenic KRAS mutations are present in the vast
majority  of  PDACs,  activate  RAF–MEK–ERK  signaling,  and
cooperate  with  the  stromal  microenvironment  to  sustain
proliferative  and  invasive  programs[10-14].  Many  key  proteins  at  the
tumor–stroma  interface—including  laminins,  integrins,  and
fibronectin—are glycoproteins  whose functions may be influenced
by  core  fucosylation[2].  However,  whether  core  fucosylation
alterations  are  systematically  linked  to  these  dominant  PDAC
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programs remains unclear.
A recent site-specific glycoproteomic study catalogued extensive

CF glycosites in paired PDAC tumor and adjacent normal tissues[15].
Many of the altered glycoproteins were ECM-associated, suggesting
that core fucosylation changes may play an important role in matrix-
centered  PDAC  biology[15].  This  dataset  therefore  provides  an
opportunity to test the hypothesis and develop a core fucosylation-
based  signature  linked  to  matrix-centered  tumor
microenvironment remodeling.

Here,  we  re-analyzed  these  glycosite-level  data  to  derive  a  core
fucosylation-derived  ECM  signature  centered  on  three  CF
glycoproteins,  including  LRP1,  FN1,  and  LAMC2.  This  signature
was  then  evaluated  through  multi-omics  validation  across  The
Cancer  Genome  Atlas  Pancreatic  Adenocarcinoma  Database
(TCGA-PAAD), the proteome and phosphoproteome of pancreatic
cancer  derived  from  the  Clinical  Proteomic  Tumor  Analysis
Consortium  (CPTAC),  and  three  independent  Gene  Expression
Omnibus (GEO) cohorts to define its relationship to ECM-centered
PDAC biology and its clinical utility. Based on these evaluations, we
identify  a  core  fucosylation-derived  signature  that  links  to  ECM
remodeling and predicts poor outcomes in PDAC.

 2    Methods

 2.1    Data sources
The  discovery  dataset  was  downloaded  from  a  published  site-
specific  core  fucosylation glycoproteomic  dataset  of  PDAC[15].  This
dataset  provided paired tumor and adjacent  normal  glycosite-level
data. Transcriptomic expression data (RNA-seq, HiSeq V2), single-
sample  gene  set  enrichment  analysis  (ssGSEA)  pathway  matrices,
and survival annotations for TCGA-PAAD were downloaded from
UCSC  Xena[16].  Gene-level  protein  abundance  and  phosphosite
abundance data were obtained from the CPTAC PDAC discovery
cohort[17] via the LinkedOmics portal[18]. Sample-level tumor/normal
annotations were mapped based on the sample identifiers provided
in  the  cohort.  Independent  external  transcriptomic  validation  was
performed  using  GEO  cohorts  GSE15471,  GSE28735,  and
GSE62452.

 2.2    Differential  glycosite  analysis  and  candidate
identification
For  each  CF  event,  effect  size  was  defined  as  the  median
log2(Tumor/normal  adjacent  tissue  (NAT))  across  paired  samples.
Statistical  significance  was  assessed  using  paired  t-tests.  At  this
initial discovery stage, we followed the screening criteria used in the
original  PDAC  core-fucosylation  study[15],  and  used  raw  P  values
together  with  an  effect-size  threshold  (|log2FC|  ≥  0.585,
corresponding  to  a  1.5-fold  change)  to  identify  altered  core
fucosylation events.  Because the paired discovery cohort was small
(n  =  6),  this  strategy  was  intended  for  candidate  screening  rather
than definitive statistical selection, while downstream prioritization
and  multi-cohort/multi-omics  validation  were  used  to  improve
robustness. Events meeting both raw P < 0.05 and |log2FC| ≥ 0.585
were  considered  significantly  altered[15].  Significantly  upregulated
events  were  collapsed  to  the  protein  level,  and  proteins  harboring
multiple  upregulated  core  fucosylation  sites  were  retained  for
further prioritization. LRP1 and FN1 were selected as the first two
components  because  they  harbored  the  largest  numbers  of
significantly upregulated sites (five and four, respectively).

 2.3    Signature development and sensitivity analysis
Further refinement focused on four remaining candidates (LAMC2,
THBS2,  FLT1,  and  THBS1),  each  harboring  one  significantly
upregulated  core  fucosylation  site.  Each  candidate  was  combined
with LRP1 and FN1 to form a three-component signature. For each
one,  Spearman  correlations  were  computed  between  the  resulting
signature  score  and  representative  ssGSEA  pathway  scores  in  the
TCGA-PAAD  cohort.  Representative  pathways  were  chosen  to
summarize  five  PDAC-related  signaling  axes:  ECM/integrin[6,8],
TGFβ[14,19],  EGFR/ERBB[20],  PI3K/AKT/mTOR[21],  and  RAF–
MEK–ERK [11,12]. The final signature was selected based on the most
coherent  overall  correlation  pattern  across  these  axes.  A
supplementary  prioritization  framework  is  provided  in
Supplementary Table S1.

For  all  subsequent  analyses,  the  LRP1–FN1–LAMC2  signature
score  was  calculated  as  the  sample-wise  mean  of z-score-
normalized  expression  or  abundance  values  of  the  three
genes/proteins  within  each  cohort.  Samples  were  stratified  into
signature-high  and  signature-low  groups  using  the  cohort-specific
median score as the cutoff.

 2.4    Functional enrichment analysis
Gene  set  enrichment  was  analyzed  using  GSEApy  through  the
Enrichr  API[22,23].  Four  gene  sets  were  queried:  MSigDB  Hallmark,
KEGG  2021,  Reactome  2022,  and  GO  Biological  Process  2021.
Terms with adjusted P < 0.05 were considered significant.

 2.5    Intermediate  abundance  validation  in  LinkedOmics/
CPTAC
The  LRP1–FN1–LAMC2  signature  score  was  evaluated  in  the
CPTAC  PDAC  cohort  using  global  proteome  and  N-linked
glycoproteome  datasets  to  compare  glycosite-derived  and
abundance-based patterns[17,18].

 2.6    CPTAC proteomic and phosphoproteomic validation
For  proteomic  analysis,  representative  proteins  spanning  ECM
structural  proteins,  integrin  subunits,  ECM  remodeling  enzymes,
TGFβ  pathway  components,  MAPK  cascade  members,
PI3K/AKT/mTOR  pathway  components,  and  EGFR/ERBB  family
members  were  compared  between  tumor  and  adjacent  normal
tissues.  When a  gene  corresponded to  multiple  rows,  sample-level
values  were  first  averaged.  The  effect  size  was  defined  as  the
difference  in  median  abundance  (Δ  median).  Group  differences
were assessed using two-sided Mann–Whitney U tests.

For  phosphoproteomic  analysis,  phosphosites  were  selected  to
represent five signaling axes: ECM-proximal (ITGB1, ILK, paxillin),
TGFβ  receptor  (TGFBR2),  MAPK  cascade  (MAP2K1,  MAPK1,
MAPK3),  EGFR/ERBB (EGFR, ERBB2),  and PI3K/AKT (PIK3R1,
AKT3).  Each  phosphosite  was  evaluated  across  three  dimensions:
tumor  versus  adjacent  normal  (Δ  median;  Mann–Whitney  U),
signature-high  versus  signature-low  in  tumor-only  samples
(Welch’s  t-test),  and  continuous  Spearman  correlations  with  the
proteome-derived signature score.

 2.7    Unbiased pathway correlation analysis
In  TCGA-PAAD,  Spearman  correlations  were  computed  between
the  signature  score  and  ssGSEA  enrichment  scores  for  all  1,387
available  pathways[24].  Pathways  were  grouped  into  functional
categories  (ECM,  TGFβ,  EGFR/ERBB,  MAPK,  PI3K/AKT,  and
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others) for category-level comparison. Representative terms related
to  extracellular  matrix,  integrin,  laminin,  or  focal  adhesion  were
grouped  as  ECM/adhesion;  those  related  to  TGFβ/SMAD/activin
signaling  were  grouped  as  TGFβ;  those  related  to  EGFR/ERBB
signaling  were  grouped  as  EGFR/ERBB;  those  related  to
MAPK/MEK/ERK/RAF  signaling  were  grouped  as  MAPK;  and
those  related  to  PI3K/AKT/mTOR  signaling  were  grouped  as
PI3K/AKT/mTOR.  Group differences  between signature-high  and
signature-low tumors were assessed using Mann–Whitney U tests.

 2.8    External GEO validation
Microarray  probes  of  GSE15471,  GSE28735,  and  GSE62452  were
mapped  to  gene  symbols  using  annotations  from  the  matched
platforms.  When  multiple  probes  mapped  to  the  same  gene,
intensity  values  were  collapsed  by  median.  Tumor–normal
differences  in  signature  score  were  assessed  using  Mann–Whitney
U  tests.  Receiver  operating  characteristic  (ROC)  analysis  was
performed  using  scikit-learn[25].  For  exploratory  assessment  of
pathway  reproducibility,  small  expression-based  proxy  gene  sets
were  manually  curated  from  canonical  pathway  knowledge  and
representative  PDAC/pathway  literature.  The  exact  gene  lists  and
proxy-score  definitions  of  these  manually  curated  proxy  sets  were
provided in  Supplementary  Table  S2.  For  each axis,  a  proxy  score
was defined as the mean of z-score-normalized expression values of
constituent  genes  within  each  cohort.  Gene  groups  represented
ECM/adhesion[6,8],  TGFβ[14,19],  EGFR/ERBB [20],  MAPK-related  ERK
output[11,12], and PI3K/AKT/mTOR[21].

 2.9    Survival analysis and prognostic evaluation
The prognostic value of the signature was evaluated in 183 TCGA-
PAAD  patients  with  complete  survival  annotation  and  matched
RNA-seq data[16]. Patients were grouped into signature score-high (n
=  92)  and  signature  score-low  (n  =  91)  groups  using  the  median
signature score.

For interaction analysis between the signature and clinical stage,
patients  were  stratified  using  an  American  Joint  Committee  on
Cancer  (AJCC)-based  stage  regrouping  variable,  defined  as  I+IIA
versus  IIB+III+IV.  This  regrouping  was  chosen  to  provide  a
clinically  interpretable  boundary  at  the  IIA/IIB  transition  while
avoiding  the  severe  imbalance  produced  by  the  conventional  I+II
versus III+IV split in the TCGA-PAAD cohort[26]. Two patients with
unavailable staging were excluded from the four-group analysis.

Time-dependent AUC values were computed from a Cox model
incorporating the continuous signature score and the binary AJCC-
based  stage  regrouping  variable,  using  the  cumulative/dynamic
estimator[27] implemented in scikit-survival (v0.22)[28]. Kaplan–Meier
estimation  and  log-rank  testing  were  implemented  in  lifelines
(v0.29). Statistical significance was defined as P < 0.05 (two-sided).

 2.10    Statistical analysis and software
Statistical  analyses  were  performed  in  Python  3.13.  Core  packages
included  pandas,  NumPy,  SciPy,  matplotlib,  scikit-learn[25],  scikit-
survival[28],  lifelines,  and  GSEApy[22].  Paired  glycosite-level
comparisons used paired t-tests. Unpaired group comparisons used
two-sided  Mann–Whitney  U  tests  unless  otherwise  indicated.
Welch’s  t-test  was  used  for  tumor-only  phosphosite  comparisons
between  signature-high  and  signature-low  groups.  Multiple-
comparison  correction  used  Benjamini–Hochberg  FDR  where
indicated;  however,  the initial  glycosite discovery screen in Section
2.2 followed the criteria used in the original source study and used

raw  P  values  together  with  an  effect-size  threshold  for  candidate
selection in the small paired cohort. All tests were two-sided.

 3    Results

 3.1    Glycosite-level  analysis  and  construction  of  the
LRP1–FN1–LAMC2 signature
Using paired  glycosite-level  data  from a  published glycoproteomic
dataset[15],  we  identified  54  significantly  upregulated  and  31
significantly  downregulated  core  fucosylation  events  in  PDAC
(paired  t-test,  P  <  0.05,  |log2FC|  ≥  0.585)  from  a  total  of  551
quantified glycosites (Fig. 1a).

Functional  enrichment  of  genes  harboring  upregulated  core
fucosylation  events  revealed  several  PDAC-related  biological
processes,  including  extracellular  matrix  remodeling,  epithelial–
mesenchymal  transition,  cell  adhesion,  glycosylation-related
processes,  and  growth  factor  signaling  (Fig.  1b).  Among  these,
ECM- and  adhesion-associated  terms  were  the  most  prominent
across  databases,  including  HALLMARK  Epithelial–Mesenchymal
Transition,  Reactome  Extracellular  Matrix  Organization,  GO
extracellular matrix structural programs, and KEGG focal adhesion.
Glycosylation-related  terms  were  also  retained,  supporting  the
glycobiological  relevance  of  the  altered  gene  set[2,3].  In  detail,  three
reported ECM-related CF proteins,  LRP1, FN1, and LAMC2 were
among the significantly up-regulated events. In addition, three well-
known  PDAC  related  pathway,  PI3K/AKT-,  TGFβ-,  and
KRAS/MAPK,  were  also  significantly  enriched  in  upregulated
genes,  although  they  were  less  significant  than  ECM-associated
programs in this analysis.  Similar results were also observed in the
database-specific  enrichment  analysis  (Fig.  S1).  Together,  these
findings  suggested  intrinsic  links  between  CF proteins  and  PDAC
ECM  environment  which  points  to  a  direction  for  downstream
analysis.

Based on the above observations, we prioritized ECM-associated
candidates using a two-stage strategy that combined candidate-level
glycosite  evidence  with  signature-level  sensitivity  analysis[29].  In
Figure  2a,  we  summarize  the  number  of  significantly  upregulated
CF  sites  per  candidate  protein,  whereas Figure  2b shows  the
individual  site-level  fold-change  distribution  for  each  candidate.
LRP1  and  FN1  were  selected  as  the  two  anchor  components
because  they  combined  greater  CF  site  density  with  consistently
positive tumor-to-normal shifts across multiple sites, providing the
most  substantial  glycosite-level  support  among  the  prioritized
candidates.

Then  we  investigated  the  remaining  candidates  (LAMC2,
THBS2, FLT1, and THBS1), although each was supported by only
one  CF  site  (Fig.  2a).  We  therefore  integrated  the  candidate-level
evidence with the enrichment pattern observed in Figure 1b. In this
context,  LAMC2,  a  basement  membrane  laminin  component
implicated in PDAC invasion and prognosis[30,31], provided biological
complementarity  to  FN1,  a  matrix  glycoprotein[32],  and  LRP1,  a
membrane endocytic receptor[33].

We then performed a second round of screening by comparing
the sensitivity patterns of each combination in a heatmap (Fig. 2c).
Specifically, four three-component variants—each containing LRP1
and  FN1  plus  one  alternative  third  component—were  compared
across  representative  ECM/integrin,  TGFβ,  EGFR/ERBB,
PI3K/AKT,  and  MAPK-related  axes.  The  LAMC2-containing
variant showed the most coherent ECM/integrin-related correlation
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pattern  together  with  positive  TGFβ  association  and  the  weakest
inverse  relationship  with  MEK  activation,  indicating  the  most
coherent  overall  alignment  with  the  enrichment-defined  biology.
Based  on  these  results,  the  LRP1–FN1–LAMC2  combination  was
selected as the final core fucosylation-derived signature.

 3.2    Validation  of  the  signature  using  CPTAC  proteomic
and phosphoproteomic data

Having  defined  the  signature  at  the  glycosite  level,  we  next  asked
whether  it  related to  tumor-level  protein  abundance  and signaling

 

a

b

Figure 1    Glycosite-level  discovery  and  functional  enrichment  of  core  fucosylation  alterations  in  pancreatic  ductal  adenocarcinoma  (PDAC). (a)  Volcano  plot  of
differential  core-fucosylated (CF)  glycosites  in  paired tumor and adjacent  normal  tissues.  Red:  upregulated (54 events);  blue:  downregulated (31 events);  grey:  non-CF
events (466). Dashed lines: |log2FC| ≥ 0.585 and P < 0.05. (b) Summary of top enriched terms across HALLMARK, KEGG, Reactome, and Gene Ontology (GO) databases
for genes harboring upregulated core fucosylation events. Database-specific enrichment plots are provided in Figure S1.
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Figure 2    Data-driven derivation of the LRP1–FN1–LAMC2 signature. (a) Number of upregulated core-fucosylated (CF) sites per candidate protein. LRP1 (5 sites) and
FN1 (4  sites)  showed  the  highest  CF  glycosite  evidence  density.  (b)  Individual  CF  site  evidence  shown as  median  log2(Tumor/Adjacent  normal  tissue  [NAT])  versus
−log10(P value) for prioritized candidates. (c) Sensitivity analysis comparing four three-component variants (LRP1-FN1 + LAMC2 or THBS2 or FLT1 or THBS1) across
representative ECM/integrin, TGFβ, EGFR/ERBB, PI3K/AKT, and MAPK-related pathways.
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activity in independent datasets. For this purpose, we examined the
CPTAC  PDAC  cohort[17] at  two  complementary  levels:  global
protein  abundance  (Fig.  3a)  and  phosphosite-level  support  (Fig.
3b).

Figure  3a shows  tumor  and  normal  protein  abundance
differences  across  representative  proteins  from  ECM/adhesion,
TGFβ,  EGFR/ERBB,  PI3K/AKT,  and  MAPK  pathways.  Among
them, ECM/adhesion proteins showed the most prominent positive
shifts  in  tumors,  including  LAMC2,  COL3A1,  THBS1,  LOXL2,
POSTN, ITGA2, FN1, and LRP1. TGFβ1 was also elevated, whereas
EGFR/ERBB- and  PI3K/AKT-related  proteins  showed  more
modest but still positive support. By contrast, core MAPK proteins
displayed  comparatively  limited  abundance  differences.  This
pattern  suggests  that  the  most  prominent  protein-level  changes
associated  with  the  signature  occur  in  the  ECM  compartment,

while  intracellular  kinase  components  show  weaker  abundance
shifts, consistent with the desmoplastic phenotype of PDAC[7-9].

Figure  3b summarizes  selected  phosphosites  showing  positive
support  across  three  complementary  criteria:  elevation  in  tumor
versus adjacent normal tissue, higher signal in signature-high versus
signature-low  tumors,  and  positive  correlation  with  the  signature
score.  Within  this  framework,  TGFBR2  S587  showed  positive
support  consistent  with  TGFβ-related  signaling  in  PDAC,  a
pathway  with  context-dependent  tumor-suppressive  and  tumor-
promoting  roles[14,19,34].  ERK1  Y204  and  ERK2  Y187  were  also
positively  supported,  in  line  with  increased  ERK1/2
phosphorylation  and  MAPK  pathway  activity  reported  in
PDAC[11,12,35].  EGFR  T648  and  ERBB2  T671  provided  additional
support  for  EGFR/ERBB-associated  signaling,  consistent  with  the
essential  role  of  EGFR  signaling  in  KRAS-driven  PDAC[20].
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Figure 3    Independent proteomic and phosphoproteomic validation of the LRP1–FN1–LAMC2 signature in the pancreatic ductal adenocarcinoma (PDAC) cohort of
Clinical  Proteomic  Tumor  Analysis  Consortium  (CPTAC). (a)  Tumor-versus-normal  protein  abundance  differences  across  representative  ECM/adhesion,  TGFβ,
EGFR/ERBB,  PI3K/AKT,  and  MAPK-related  proteins.  (b)  Selected  phosphosites  showing  positive  support  across  three  complementary  comparisons:  tumor  versus
adjacent normal tissue (NAT), signature-high versus signature-low tumors, and correlation with the signature score. Complete analysis is provided in Figure S2.
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PI3K/AKT-related  phosphosites,  including  PIK3R1  Y580  and
AKT3  S34,  also  showed  positive  support,  consistent  with  the
established importance of  PI3K/AKT signaling in  PDAC[21].  ECM-
proximal phosphosites showed a more mixed pattern: ITGB1 T777
and  PXN  S258  were  positively  associated,  whereas  ILK  S186
showed strong support. Complete phosphosite analysis is provided
in Fig. S2.

 3.3    Evaluation  of  the  CF  signature  using  transcriptome-
based pathway activity
To  extend  this  validation  from  protein- and  phosphosite-level
evidence  to  transcriptome-based  pathway  activity,  we  next
examined  how  the  signature  correlated  with  broader  biological
programs in the TCGA-PAAD cohort. Spearman correlations were
calculated  between  the  CF  signature  score  and  the  ssGSEA
enrichment scores of  1,387 pathways in the TCGA-PAAD cohort,
and  representative  results  are  summarized  in Figures  4a–c.  As
shown  in Figure  4a,  cell–ECM  interactions  and  integrin-related
programs  showed  the  strongest  positive  associations  with  the  CF
signature  score,  whereas  TGFβ-,  EGFR/ERBB-,  and  ERK1/2–
MAPK-related pathways also retained positive but more moderate
correlations.  PI3K/AKT-related  signaling  was  represented  but
showed weaker association in this summary view.

Category-level  comparisons  further  supported  this  pattern  (Fig.
4b).  ECM/adhesion  pathways  showed  the  highest  overall
correlation distribution, exceeding MAPK- and PI3K/AKT/mTOR-
related  categories,  while  TGFβ-associated  pathways  also  remained
positively shifted. These findings are consistent with the ECM-rich
biology of PDAC[6,8] and with evidence that MAPK signaling in this
disease is context-dependent[12,36].

Group-level  pathway  activity  analysis  reinforced  the  same
pattern (Fig. 4c). Signature-high tumors showed the largest increase
in  cell–ECM  interaction  activity,  with  additional  elevation  of
integrin-related  and  TGFβ-related  programs.  ERK1/2–MAPK
activity  was  also  increased  but  to  a  more  moderate  degree,
consistent  with  the  limited  abundance  change  of  core  MEK
proteins  observed  in  CPTAC.  Together,  these  results  suggest  that
the signature is  most strongly aligned with ECM/integrin-centered
biology  while  retaining  coordinated  associations  with  TGFβ  and
context-dependent MAPK output.

 3.4    Evaluation  of  the  CF  signature  using  tumor  and
normal comparison
We  next  evaluated  the  CF  signature  score  and  related  pathway
activities  in  three  independent  cohorts. Figure  5a shows  PDAC
tumor and normal separation across three GEO datasets and Figure
5b summarizes  pathway  activities  associated  with  the  signature
across cohorts.

PDAC tumor and normal tissues can be well separated by the CF
signature score across  all  three GEO cohorts  (Fig.  5a),  with AUCs
of 0.941 in GSE15471, 0.906 in GSE28735, and 0.888 in GSE62452.
It  shows  the  robustness  of  the  CF  signature  in  separating  PDAC
tumor and normal tissues. Then we compared activities of PDAC-
related  pathways  in  CF  signature  score-high  and  signature  score-
low groups across the three GEO cohorts (Fig. 5b). The exact gene
compositions  and  scoring  definitions  of  these  proxy  sets  were
provided  in  Table  S2.  ECM/adhesion-related  pathway  scores
showed  the  most  consistent  group  separation  across  datasets,
supporting  the  ECM-centered  nature  of  the  signature[6,8].
EGFR/ERBB-related  signals  were  also  reproducibly  retained,

consistent  with  prior  reports  that  EGFR  signaling  remains
functionally  important  in  KRAS-driven  PDAC[20].  TGFβ- and
MAPK-related  associations  were  present  but  more  variable  across
cohorts,  in  keeping  with  the  context-dependent  behavior  of  these
pathways  in  PDAC[19,36].  By  contrast,  PI3K/AKT/mTOR-related
proxy signals were weaker and less consistent across cohorts, in line
with  the  weaker  pathway-level  associations  observed  in  TCGA.
Together,  these  analyses  supported  the  robustness  of  the  CF
signature  in  separating  tumor  and  normal  tissues  and  correlation
with PDAC related pathways.

 3.5    The  CF signature  is  associated  with  poor  outcome in
PDAC
We  next  examined  whether  this  signature  was  associated  with
patient outcome in the TCGA-PAAD cohort. Prognostic evaluation
was  performed at  three  complementary  levels:  survival  analysis  by
signature  alone  (Fig.  6a and 6b),  stratification  by  signature  and
AJCC-based stage regrouping (Fig. 6c and 6d), and time-dependent
discrimination  in  a  Cox  model  combining  signature  score  with
stage-related variables (Fig. 6e).

Survival  analysis  of  the 183 TCGA-PAAD patients  showed that
progression-free interval (PFI) was significantly shorter in signature-
high  tumors  (log-rank  P  =  0.044; Fig.  6b).  Overall  survival  (OS)
displayed  the  same  directional  pattern  but  did  not  reach
conventional  significance  (log-rank  P  =  0.085; Fig.  6a).  Two  cases
were  not  included  in  the  four-group  stratified  analysis  because  of
missing stage information. The consistent directionality supports a
potentially prognostic association, although the modest sample size
of  TCGA-PAAD  remains  a  recognized  limitation  for  survival
analysis in this disease[9,37].

To  test  whether  the  signature  added  prognostic  resolution
beyond broad  clinical  grouping,  patients  were  further  stratified  by
signature  status  and  AJCC-based  stage  regrouping.  Stage  was
regrouped  as  I+IIA  versus  IIB+III+IV.  This  cutoff  reflects  the
transition  from node-negative  stage  IIA to  node-positive  stage  IIB
in  the  AJCC  8th  staging  framework  and  provides  a  clinically
interpretable boundary. Prior PDAC validation studies also support
the prognostic importance of nodal category[38,39]. In this four-group
model, both OS (log-rank P = 0.048; Fig. 6c) and PFI (log-rank P =
0.023; Fig.  6d)  were  significantly  separated.  Patients  with  high
signature and IIB/III/IV disease had the poorest prognosis, whereas
those with low signature and I/IIA disease had the most  favorable
outcome.  Together,  these  findings  suggest  that  the  ECM-centered
signature adds prognostic value within stage context.

We next assessed whether the signature also contributed to time-
dependent  prediction.  In  a  Cox  model  incorporating  continuous
signature  score  (β  =  0.114)  and  binary  AJCC-based  stage
regrouping (β = 0.493), time-dependent AUC increased from 0.527
at  1  year  to  0.699  at  3  years  and  0.837  at  5  years  (Fig.  6e).  The
modest  1-year  AUC  is  compatible  with  the  generally  poor  short-
term  survival  landscape  of  PDAC[9,37],  whereas  the  higher  5-year
AUC  suggests  improved  discrimination  for  longer-term  outcome.
Together,  these  findings  indicate  that  the  LRP1–FN1–LAMC2
signature  is  associated  with  adverse  prognosis  and  may  capture
durable biology linked to late clinical outcome, consistent with prior
glycosylation-related prognostic signatures reported in PDAC[40].

 4    Discussion
In  this  study,  we  developed  a  core  fucosylation-derived  signature
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including  three  CF  glycoproteins  (LRP1,  FN1,  and  LAMC2)  in
PDAC and found that it is strongly correlated with ECM/integrin-
centered  biology.  Moreover,  it  also  correlated  with  several  critical
pathways in PDAC progression, including TGFβ receptor signaling,
EGFR/ERBB signaling, and ERK signaling.

CPTAC  proteomic  data  showed  that  ECM  proteins  were
significantly  upregulated  in  tumors,  whereas  core  MAPK  proteins
displayed  comparatively  limited  abundance  changes[17].
Transcriptome-wide  pathway  analysis  further  showed  that
cell–ECM  interaction  programs  had  the  strongest  pathway-level
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Figure 4    Transcriptome-wide  pathway  correlation  analysis  of  the  signature  in  The  Cancer  Genome  Atlas  Pancreatic  Adenocarcinoma  Database  (TCGA-PAAD). (a)
Correlations  of  the  signature  with  representative  pancreatic  ductal  adenocarcinoma  (PDAC)-related  pathways.  (b)  Category-level  distributions  of  signature–pathway
correlations. (c) Differences in pathway activity between signature-high and signature-low tumors (median split).
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association with the signature. ECM pathways consistently showed
stronger  category-level  association  than  MAPK  pathways.
Validation  in  three  GEO  cohorts  confirmed  the  robustness  of  the
signature  in  tumor  and  normal  separation  and  showed  that
ECM/adhesion was the most reproducible pathway. These findings
are  consistent  with  the  existing  knowledge  of  PDAC,  in  which
ECM  remodeling  and  stromal  interactions  drive  disease
progression[6-8].  In detail,  Liot et  al.  have emphasized that the ECM
in PDAC is not merely a structural scaffold but an active driver of
tumor cell behavior[8], and Masugi has highlighted the multilayered
heterogeneity  of  the  desmoplastic  stroma[7].  The  ECM-dominant
pattern  observed  here  is  consistent  with  these  characterizations.
Garcia et al. further showed that fibroblast heterogeneity within the
PDAC  stroma  contributes  to  differential  ECM  deposition
patterns[41].

In addition, phosphoproteomic data provided more insights into
these observations. TGFBR2 phosphorylation provided phosphosite-
level  support  for  the  signature  and  linked  the  ECM-associated
program  to  TGFβ  receptor  activity.  This  connects  the  ECM
program  to  TGFβ  receptor  activation.  TGFβ  plays  dual  roles  in
PDAC  depending  on  SMAD4  status:  tumor-suppressive  in  early
disease  and  pro-fibrotic/pro-invasive  in  advanced  tumors[14,19].

Zhang  et  al.  have  shown that  cancer-associated  fibroblasts  (CAFs)
are  major  mediators  of  TGFβ  signaling  in  the  PDAC
microenvironment[19],  while  Ying  et  al.  placed  TGFβ  within  the
broader genetic framework of PDAC progression[14]. The association
between TGFBR2 phosphorylation and the ECM-derived signature
is consistent with these reports. EGFR T648 and ERBB2 T671 were
also  positively  associated,  while  EGFR/ERBB-related  signals  were
reproducibly  retained  across  external  cohorts.  Navas  et  al.
demonstrated  that  EGFR  signaling  is  essential  for  KRAS-driven
pancreatic tumorigenesis[20], and our data support this relationship at
the  phosphoproteomic  level.  The  observation  that  ERK  activation
sites  were elevated whereas MEK activation scores  were negatively
correlated  suggests  context-dependent,  non-canonical  MAPK
signaling.  Adamopoulos  et  al.  have  reviewed  the  complex
RAF/MEK/ERK  landscape  in  PDAC[12].  Veghini  et  al.  further
showed that  differential  MAPK activity  defines  fibroblast  subtypes
in  pancreatic  cancer[36].  Together,  these  observations  are  consistent
with a context-dependent MAPK output linked to the signature.

From  a  clinical  perspective,  the  signature  was  associated  with
adverse  outcome.  PFI  reached  significance  and  four-group
stratification  demonstrated  an  additive  effect  with  AJCC-based
stage regrouping. Of note, OS displayed the same trend but did not
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Figure 5    External validation of the signature and pathway proxy states in independent Gene Expression Omnibus (GEO) cohorts. (a) Receiver operating characteristic
(ROC) curves showing the performance of the signature in separation of pancreatic ductal adenocarcinoma (PDAC) tumor samples from normal controls derived from
the cohorts of GSE15471, GSE28735, and GSE62452. (b) External validation of pathway proxy scores between low- and high-signature tumor groups in the three GEO
cohorts, including ECM/adhesion, TGFβ, EGFR/ERBB, MAPK-related, and PI3K/AKT/mTOR pathways. The exact gene lists and proxy-score definitions are provided in
Table S2.
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reach  statistical  significance.  This  was  likely  partially  because  the
assessment  of  OS  was  confounded  by  diverse  post-progression
palliative  therapies,  whereas  PFI  may  better  reflect  the  intrinsic
aggressiveness of the tumor[42]. The performance of the signature in
separation  of  PDAC  tumor  and  normal  samples  across  the  three
GEO cohorts remained robust. The increase in AUC from 1 year to
5  years  suggests  that  the  signature  may  capture  durable  ECM-

related biology associated with longer-term clinical outcome. These
observations  are  compatible  with  prior  glycosylation-related
prognostic  signatures  in  PDAC [40].  Hu  et  al.  developed  a
glycosylation-related  gene  signature  for  PDAC  survival
prediction[40], and our work extends this direction by anchoring the
signature  to  core  fucosylation  events  and  ECM  biology.  The
prognostic  utility  of  basement  membrane  laminins  in  PDAC  has
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Figure 6    Prognostic evaluation of the signature in The Cancer Genome Atlas Pancreatic Adenocarcinoma Database (TCGA-PAAD). Kaplan–Meier curves for overall
survival  (OS)  (a)  and  progression-free  interval  (PFI)  (b)  by  median  signature  split.  Four-group  stratification  for  OS  (c)  and  PFI  (d)  by  signature  and  American  Joint
Committee  on Cancer  (AJCC)-based stage regrouping (I  + IIA vs  IIB + III  + IV).  (e)  Time-dependent  area under the curve (AUC, OS) for  a  Cox model  integrating
continuous signature score with stage-related variables.
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been reported by van der Zee et al.[31], further supporting the clinical
relevance of the LAMC2 component.

Several  translational  directions  may be  considered based on the
current  findings.  Among  the  candidate  translational  directions,
ECM/integrin-targeted approaches appear most directly supported
by  the  current  multi-omics  findings.  This  may  involve  integrin
inhibitors  or  LOX/LOXL2  inhibitors  targeting  the  ECM–receptor
interface[6,43].  Shihadeh  et  al.  have  reviewed  stromal-targeting
strategies  in  PDAC,  including  ECM-directed  approaches[43].  TGFβ
receptor  targeting  is  also  supported  by  the  phosphosite-level
association of TGFBR2 and by the emerging understanding of CAF-
mediated  TGFβ  signaling  in  PDAC[19].  ERK/MAPK-directed
strategies  may  be  relevant  in  combination  settings,  particularly
because  adaptive  rewiring  has  been  implicated  in  resistance  to
KRAS inhibition in PDAC[12,44].  All  three directions are hypothesis-
generating  and  require  functional  validation.  In  addition,  FUT8
itself  has  also  been  proposed  as  a  potential  therapeutic  target[45],
offering a possible complementary direction.

Several  limitations  should be acknowledged.  First,  the  discovery
was based on publicly available glycosite data, and the signature was
derived  through  biologically  constrained  prioritization  rather  than
prospective  screening.  Second,  the  signature  measures  abundance
rather  than  glycosylation  level.  Abundance  and  glycosylation  are
not  equivalent,  although  intermediate  abundance  validation
confirmed  tumor-associated  elevation.  This  distinction  between
abundance  and  glycosylation  is  a  known  challenge  in
glycoproteomic  studies[2,15].  Nevertheless,  the  abundance  of  LRP1,
FN1,  and  LAMC2  may  still  serve  as  a  practical  surrogate  for  the
underlying  CF-associated  program  because  these  molecules  are
themselves  ECM-related  glycoproteins  and  central  components  of
the  tumor–stroma  interface.  Notably,  prior  work  has  shown  that
loss  of  core  fucosylation  impairs  LRP1  function,  supporting  the
biological relevance of core fucosylation for at least one component
of  the  present  signature[46].  Thus,  increased  abundance  in  external
cohorts  may  reflect  the  same  matrix-remodeling  context  in  which
their  CF  forms  were  initially  identified,  although  this  cross-cohort
validation does not directly measure glycosylation status and future
targeted  glycoproteomic  studies  will  be  needed  for  direct
confirmation.  More  broadly,  the  present  study  should  be
interpreted as defining a core fucosylation-derived signature rather
than  directly  validating  the  same  site-specific  glycosylation  events
across  all  external  cohorts  (Fig.  S3).  From  a  translational
perspective,  the  current  findings  may  be  more  immediately
applicable  as  an  expression- or  protein-based  risk  stratification
framework,  whereas  direct  clinical  deployment  of  glycosylation-
specific  measurements  will  require  future  targeted  glycoproteomic
validation  in  independent  PDAC  cohorts.  Third,  functional
validation  (FUT8  knockdown,  integrin  blocking)  was  not
performed.  Fourth,  candidate  selection  included  biologically
informed but  partly  manual  elements,  although sensitivity  analysis
provided quantitative support. Fifth, survival analysis was limited to
a  single  TCGA  cohort.  Sixth,  GEO  pathway  proxy  scores  used
curated small gene sets rather than standard ssGSEA and should be
interpreted as supportive evidence.

In summary, we developed a core fucosylation-derived signature
related to ECM remodeling, TGFβ receptor signaling, EGFR/ERBB
activity,  and  ERK-related  pathways  in  PDAC.  This  signature  was
validated across multi-omics layers in five independent large PDAC
cohorts  including  TCGA  PAAD,  CPTAC  PDAC,  and  three  GEO
data sets. These analyses support an important association between

the  core  fucosylation-derived  signature  and  PDAC  progression.
This  work  provides  a  framework  for  future  investigation  of  the
interface  between  glycosylation,  ECM  remodeling,  and  other
signaling pathways in pancreatic cancer.
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