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1INTRODUCTION
Pancreatic cancer remains one of the deadliest cancers in the world [1]. In 
2026, an estimated 67,530 people in the United States will be diagnosed 
with pancreatic cancer, and about 52,740 will die from it [1]. The disease 
makes up only around 3% of all new cancer cases, yet it is now the third 
leading cause of cancer death in both men and women, behind only lung 
and colorectal cancer [1]. The ve-year relative survival rate has stayed at 
13% for three years in a row, even as survival for most other cancers 
keeps improving [2]. Only 17% of patients are diagnosed while the tumor 
is still localized, and even at that early stage, ve-year survival is just 
44% [1]. Most patients are diagnosed after the cancer has already spread, 
when treatment options are limited and survival drops sharply [3].

The reason pancreatic cancer is caught so late comes down to how it 
behaves biologically. Symptoms rarely appear until the tumor has 
grown large or spread [1]. There is no low-cost, reliable screening test

for the general population the way there is for breast or colon cancer 
[4]. By the time imaging or blood markers pick it up, the disease has 
often already reached nearby organs or the bloodstream. Pancreatic 
tumors are also surrounded by a thick layer of connective tissue called 
the desmoplastic stroma, which can make up most of the tumor mass 
and acts as a physical barrier to chemotherapy [5]. Nearly all pan-
creatic ductal adenocarcinoma (PDAC) cases carry a mutation in the 
KRAS gene, present in over 90% of tumors [6], which drives constant 
growth signaling and has proven very hard to target with drugs. On top 
of this, tumors from different patients look quite different from each 
other at the molecular level [5], which is part of why a single gene or a 
single small study rarely holds up as a reliable biomarker once tested in 
a different group of patients.

This is where a lot of past gene-expression studies on pancreatic cancer 
run into trouble. Many of them rely on just one microarray or RNA-seq 
dataset from a single research group, using a single patient cohort and a 
single microarray platform. A gene that looks signicant in one dataset 
can easily turn out to be a platform-specic quirk or afalse positive that 
shows up only in that particular group of patients [7]. Findings like this 
often fail to replicate when someone tries the same analysis on a diffe-
rent cohort. Fewer studies go a step further and combine differential 
expression results across multiple independent datasets, build a protein 
interaction network around the genes that hold up, and then check 
whether those genes actually predict patient survival in real clinical 
data. Doing all three together, rather than any one of them alone, is 
what gives more condence that a candidate gene is not just a statistical 
artifact of one dataset.

The idea behind combining these methods is fairly simple. If a gene 

shows up as differentially expressed in several independent patient 
cohorts proled on different microarray platforms, that is much stronger 
evidence than one dataset alone [8]. If that same gene also turns out to be a 
highly connected hub within the protein interaction network built from 
the tumor-associated gene set, it is more likely to have a real, central role 
in tumor biology rather than being a downstream bystander [9]. And if 
patients with high or low expression of that gene show a measurably 
different survival outcome in an independent clinical cohort such as The 
Cancer Genome Atlas, the gene has evidence connecting it to actual 
patient outcomes and not just to the tumor tissue itself [10]. Each of these 
three layers on its own has known weaknesses; used together, they tend to 
cancel out each other's blind spots.

This study set out to apply exactly this kind of layered approach to pan-
creatic cancer. Four independent, publicly available microarray datasets 
from the Gene Expression Omnibus were used to identify genes that were 
consistently differentially expressed between tumor and normal 
pancreatic tissue across at least two of the four cohorts. These consensus 
genes were then used to build a protein-protein in-teraction network, 
from which the most highly connected hub genes were identied. Finally, 
the prognostic value of these hub genes was tested directly against 
survival data from the TCGA pancreatic adeno-carcinoma cohort, both 
as a combined signature and gene by gene, and the genes that came out as 
signicant were checked against previously published pancreatic cancer 
literature. The aim is to put forward a small set of hub genes for pancreatic 
cancer that is backed by more than one type of evidence, and that could be 
worth further validation as prognostic markers rather than simply another 
list of differentially expressed genes from a single dataset.

2 METHODOLOGY
This study combined four steps to nd genes linked to pancreatic 
cancer that could also be tied to patient survival: gene expression 
analysis across several public datasets, pathway analysis, a protein 
interaction network, and a survival check using clinical data. Each step 
is described below in the order it was carried out.

2.1Dataset Selection and Acquisition
Four microarray datasets were obtained from the Gene Expression 
Omnibus (GEO), a public repository maintained by the National 
Center for Biotechnology Information [11, 12]. Each dataset had to 
include both pancreatic tumor and normal tissue samples, at least 10 
samples per group, and a properly annotated microarray platform. 
Based on these requirements, four datasets were chosen: GSE15471 
[13], GSE71729 [5], GSE183795 [14], and GSE28735 [15].

The Series Matrix File for each dataset was downloaded from GEO, 
and sample information such as tissue type and platform was pulled out 
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and organized into a pivot table. This made it possible to sort the 
samples of each dataset into two clear groups, tumor and normal, 
before running any expression analysis.

2.2 Differential Expression Analysis Using GEO2R
Each of the four datasets was analyzed separately using GEO2R, the 
online tool built into GEO that runs on the limma package from 
R/Bioconductor [11, 16]. Samples in every dataset were manually split 
into a tumor group and a healthy group based on the information given 
in GEO, and the comparison was set up as tumor versus healthy.

The same cut-offs were used for all four datasets: a fold change of at least 
2 on the log2 scale in either direction, a raw p-value for signicance, and a 
Benjamini-Hochberg adjustment to control the false

discovery rate [17]. This correction was used because microarray data 
involves testing thousands of genes at once, and without it, a large 
share of the “signicant” genes would just be false positives [17].

2.3 Extracting the Gene Lists
For each dataset, GEO2R produced a full table of genes along with 
their base mean expression, log2 fold change, raw p-value, adjusted p-
value, and direction of change (whether the gene went up or down in 
tumor tissue compared to normal tissue). This table was downloaded 
for all four datasets and saved as plain text les, giving four separate 
result sets for GSE15471, GSE71729, GSE183795, and GSE28735.

2.4 Finding Genes Common to Multiple Datasets
Since each dataset comes from a different group of patients and some-
times a different microarray platform, a gene that looks signicant in just 
one dataset could easily be a uke rather than a real biological signal [7, 
8]. To deal with this, the four gene lists were brought to-gether in R [18] 
using the tidyverse [19], VennDiagram [20], and UpSetR [21] packages, 
and only genes that showed up consistently across datasets were kept.

The four result les were read into R and their gene symbol, log2FC, 
and p-value columns were renamed to a common format so they could 
be handled the same way regardless of which dataset they came from. 
Within each dataset, genes that appeared more than once because of 
duplicate probes were reduced to a single entry. Each dataset was then 
tagged with its own GEO accession number so that, once merged, it 
would still be clear which dataset each entry originally came from. The 
four tagged tables were combined into one large table containing every 
gene from every dataset.

From this combined table, the genes were grouped by their symbol, 
and for each gene the number of datasets it appeared in was counted, 
along with its average log2 fold change and average p-value across 
those datasets. A gene's overall direction, up or down, was decided by 
whether this average log2 fold change came out positive or negative. 
Genes that showed up in at least two of the four datasets were treated as 
consensus genes, since agreement across independent cohorts gives 
much more condence than a result from a single dataset [7, 8]. This 
consensus list was then ordered by how many datasets supported each 
gene and by the size of its average fold change.

To check that this overlap was reasonable, the raw gene lists from all 
four datasets were also plotted as a Venn diagram [20] and an UpSet 
plot [21], both of which show how many genes are shared between any 
combination of the datasets. The consensus genes were further split 
into those found in exactly two, exactly three, or all four datasets, and 
separately into up-regulated and down-regulated groups, so the 
strength of evidence behind each gene would be easy to see later. All of 
these tables, the combined list, the consensus list, and the various 
subsets, were saved as CSV les for the next stage of ltering.

2.5 Filtering the Consensus Genes
The consensus gene list was narrowed down further using the average 
log2 fold change and average p-value calculated in the previous step. A 
gene was kept only if its average log2 fold change was above 2 or below

−2, meaning at least a four-fold change in expression, and its average p-
value was below 0.05. The resulting ltered gene list was carried forward 
to the pathway enrichment and network analyses described below.

2.6 Pathway and Functional Enrichment Analysis
The ltered consensus gene list, together with each gene's log2 fold 
change and p-values, was uploaded to iLINCS [22] as a gene signa-

ture. From there, Enrichr [23, 24] was used to check which biological 
pathways and processes these genes were linked to. Three sources 
were checked: KEGG pathways [25], Gene Ontology terms covering 
biological process, cellular component, and molecular function [26, 
27], and Reactome pathways [28], all using a cut-off of p 0.05. The < 
enrichment results from each source were downloaded, and iLINCS 
was also used to look at how the gene signature connected to other 
known pathway and perturbation signatures in its database.

2.7 Building the Protein Interaction Network
To see how the ltered consensus genes relate to each other at the 
protein level, a protein-protein interaction network was built using 
STRING [29]. The gene list was entered into STRING under the 
multiple-protein search option, restricted to human proteins, using a 
medium-to-high condence score for the interactions. The resulting 
network was then exported and opened in Cytoscape [30] through the 
stringApp plugin [31] for closer analysis.

2.8 Identifying the Hub Genes
Inside Cytoscape, the cytoHubba plugin [9] was used to score every 
protein in the network based on how central it was within the network 
structure. The 20 highest-scoring genes were taken forward as the hub 
genes, since proteins with the most connections in a network are 
generally considered more likely to play a real, central role in the 
disease rather than being minor players. The network was relabeled 
with gene names for clarity, and the nal network image along with the 
ranked list of 20 hub genes was exported for the next step.

2.9 Checking Survival Outcomes for the Hub Genes
To nd out whether these 20 hub genes actually mattered for patient out-
comes, and not just for the tumor tissue itself, survival analysis was car-
ried out using GEPIA2 [10]. GEPIA2 pulls together RNA-sequencing 
and clinical data from the TCGA pancreatic adenocarcinoma cohort 
along with normal tissue data from GTEx [32,33]. Both overall survival 
and progression-free interval were looked at.

First, all 20 hub genes were combined into a single signature and 
submitted to GEPIA2 together. Patients in the TCGA-PAAD cohort were 
split into a high-expression group and a low-expression group based on 
the median value of this combined signature. Kaplan-Meier curves were 
plotted for both groups, and the log-rank test [34] was used to check 
whether the two curves were actually different. A Cox proportional-
hazards model [35] was also run to get the hazard ratio between the high 
and low groups, with signicance set at p 0.05 for both tests.< 

Next, each of the 20 genes was tested on its own rather than as a 
combined score, again using a Cox model [35] within GEPIA2, sepa-
rately for overall survival and progression-free interval. This gave a 
hazard ratio and a 95% condence interval for every gene. A gene was 
treated as individually signicant only if its condence interval did not 
cross a hazard ratio of 1. Genes with a hazard ratio above 1 were read as 
risk factors, meaning higher expression pointed to worse survival, 
while genes with a hazard ratio below 1 were read as protective, 
meaning higher expression pointed to better survival.

Finally, whichever genes came out signicant in this individual surv-
ival check were looked up in previously published pancreatic cancer 
research, to see whether other studies had reported similar ndings for 
the same genes. This was done simply as a sanity check, to see whether 
the genes picked out by this network and survival pipeline lined up 
with what has already been reported elsewhere.

3 RESULTS
3.1 Dataset Overview
The four GEO datasets used in this study differed in size and platform. 
GSE15471 contained 36 tumor and 36 matched normal pancreatic 
tissue samples, with one tumor-normal pair excluded after quality con-
trol. GSE71729 contributed 145 primary PDAC tumor samples and 88 
distant-site adjacent normal samples. GSE183795 contributed 139 
tumor samples and 102 adjacent non-tumor samples. GSE28735 con-
tributed 45 matched tumor-normal pairs (90 samples total). 
Differential expression analysis in GEO2R identied 361 differen-
tially expressed probes in GSE15471 (318 up-regulated, 43 down-
regulated), 141 in GSE71729 (123 up-regulated, 18 down-regulated), 
32 in GSE183795 (17 up-regulated, 15 down-regulated), and 57 in 
GSE28735 (33 up-regulated, 24 down-regulated).
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Figure 1: Integrated bioinformatics workflow for identifying con-
sensus DEGs, key pathways, hub genes, and survival-associated 
markers in pancreatic ductal adenocarcinoma (PDAC)

Figure 2: Four-way overlap of differentially expressed genes 
identified independently in GSE15471, GSE28735, GSE71729, 
and GSE183795.

3.2 Identification of Consensus DEGs
The overlap among the four per-dataset DEG lists is shown in Figure 2. 
Most genes identied in each dataset were not shared with any other 
dataset, reecting differences in platform, cohort size, and tissue com-
position across the four series. After merging the four DEG lists and 
retaining genes identied in two or more datasets, 48 consensus DEGs 
remained. Of these, 44 were up-regulated and 4 were down-regulated 
in tumor relative to normal pancreatic tissue. Forty-one of the 48 con-
sensus genes were shared between GSE15471 and GSE71729 alone, 
six genes (CTRC, CEL, FAM24B-CUZD1///CUZD1, CPA2, CLPS,

CELA2A, PLA2G1B, KRT23, PNLIP///COL1A2) were shared speci-
cally between GSE183795 and GSE28735, and four genes (COL11A1, 
PNLIPRP2, AGR2, PNLIPRP1) were supported by three or more 
datasets. The complete consensus DEG list, including mean log FC, 2

mean raw -value, regulation direction, and the supporting datasets for p
each gene, is given in Table 1. The distribution of fold-change and 
signicance across the panel is shown as a volcano plot in Figure 3.

3.3 Functional Enrichment Results
KEGG pathway enrichment of the 48-gene consensus panel returned 11 
pathways at adjusted 0 05. The most signicantly enriched pathway p < .
was Protein Digestion and Absorption (5/102 genes, adjusted = 1 23 p . × 
10 ), followed by Cytoskeleton in Muscle Cells (5/230, adjusted = 3 70 −8 p .

−7 −5×  p . × 10 ), ECM-Receptor Interaction (3/88, adjusted = 4 54 10 ), the 
AGE-RAGE Signaling Pathway in Diabetic Complications (3/100, 
adjusted = 4 54 10 ), and Platelet Activation (3/125, adjusted = −5p . × p 
6 48 10 ) [25]. Additional enriched pathways included the Relaxin −5. × 
Signaling Pathway, Integrin Signaling, Focal Ad-hesion, Diabetic 
Cardiomyopathy, the PI3K-AKT Signaling Pathway, and Proteoglycans 
in Cancer, all driven predominantly by the collagen genes (COL1A1, 
COL1A2, COL3A1, COL10A1, COL11A1) together with COMP.

Gene Ontology enrichment [26, 27] was run separately for the Bi-
ological Process, Cellular Component, and Molecular Function cate-
gories through Enrichr [23, 24]. In Biological Process, the top terms 
were Skeletal System Development (7/169 genes, adjusted = 4 43 p .

−11 −7× p . × 10 ), Collagen Fibril Organization (4/54, adjusted = 6 84 10 ), 
Extracellular Matrix Organization (5/192, adjusted = 8 69 10 ), −7p . × 
Skeletal System Morphogenesis (3/51, adjusted = 6 43 10 ), Skin−5p . × 

Figure 3: Volcano plot of the 48 consensus DEGs, showing mean 
log  fold change against − log  mean raw p-value across the 2 10

contributing datasets.

Development (3/72, adjusted = 1 47 10 ), and Positive Regula-tion −4p . × 
of the Wnt Signaling Pathway (3/121, adjusted = 4 99 10 ). The full −4p . × 
distribution of enriched Biological Process terms is shown as a treemap 
in Figure 4, grouped by relative term size and signicance. In Cellular 
Component, the panel was enriched for the Endoplasmic Reticulum 
Lumen (5/306, adjusted = 1 73 10 ) and the Intracellular Organelle −6p . × 
Lumen (5/955, adjusted = 2 28 10 ). In Molecular Function, the −4p . × 
strongest terms were Platelet-Derived Growth Factor Binding (3/11, 
adjusted = 1 04 10 ) and Protease Binding (4/121, adjusted = 9 11 −7p . × p .

−7× 10 ), along with Heparan Sulfate Proteoglycan Binding and 
Arylsulfatase Activity, both contributed by SULF1 and COMP.

Reactome pathway enrichment [28] returned seven pathways at FDR 
< .0 05, all supported by single genes. COL1A1 mapped to RUNX2-
related pathways, including RUNX2 Regulates Osteoblast Dif-
ferentiation (FDR = 0 042) and Transcriptional Regulation by RUNX2 .
(FDR = 0 042). COL1A2 mapped to TGF-beta and SMAD-related .
pathways, including Signaling by TGF-beta Receptor Complex, Sig-
naling by TGFB Family Members, and the SMAD2/SMAD3:SMAD4 
transcriptional complex (all FDR = 0 042)..

3.4 PPI Network and Hub Gene Results
Of the 48 consensus DEGs submitted to STRING, 47 mapped to nodes 
in the resulting protein-protein interaction network [29]. The network 
contained 143 edges, an average node degree of 6.09, and an average 
local clustering coefcient of 0.662, against an expected 7 edges for a 
random gene set of the same size (PPI enrichment 1 0 10 ), −16p < . × 
indicating substantially more interaction than expected by chance. 
This network was imported into Cytoscape [30] and ranked using 
cytoHubba[9] 

to identify the top 20 hub genes (Table 2, Figure 5). Collagen and 
extracellular-matrix-associated genes (COL1A1, COL1A2, COL3A1, 
COL10A1, COL11A1, COMP, FNDC1, MXRA5) made up the largest 
functional subgroup among the top 20 hub genes, alongside two Wnt 
pathway modulators (SFRP2, SFRP4), the proteoglycan-modifying 
enzyme SULF1, and a cluster of digestive-enzyme genes (CEL, CLPS, 
CPA2, PLA2G1B, PNLIP) contributed mainly by GSE183795 and 
GSE28735.

Figure 4: Treemap of enriched Gene Ontology Biological Process 
terms for the 48-gene consensus DEG panel. Tile size reflects rela-
tive term size within the enrichment result.
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Figure 5: Top 20 hub genes identified by cytoHubba, colored by 
relative log FC. Edges represent STRING protein-protein 2

interactions.

3.5 Survival Analysis Results
The 20 hub genes were rst evaluated as a combined signature in 
GEPIA2 [10], stratifying the TCGA-PAAD cohort ( = 178; 89 high, n 
89 low) by median expression of the signature score. The combined 
20-gene signature was not signicantly associated with overall 
survival (log-rank = 0 26; HR = 1 3, (HR) = 0 25; Figure 6) [34, 35].p . . p .

Each of the 20 hub genes was then evaluated individually using a 
univariate Cox proportional-hazards model for overall survival (OS) 
(Table 3, Figure 7). Three genes reached signicance. SFRP4 was 
associated with a favorable prognosis (HR = 0 743, 95% CI 0.590-.
0.935, = 0 0115). SPP1 (HR = 1 256, 95% CI 1.026-1.537, p . . p 
=0 0275) and SFRP2 (HR = 1 504, 95% CI 1.048-2.159, = 0 0267)  . . p .

were both associated with an unfavorable prognosis. The remaining 17 
hub genes did not reach signicance.

None of the 20 individually signicant or non-signicant hub gene 
results were adjusted for multiple comparisons; they are reported here 
as raw univariate Cox model outputs from GEPIA2.

Across the four GEO datasets, 48 genes were consistently differen-tially 
expressed in PDAC tumor tissue relative to normal pancreatic tissue, 44 
of them up-regulated. These genes were enriched for ex-tracellular 
matrix organization, collagen bril organization, skeletal system 
development, and Wnt and TGF-beta signaling pathways. A PPI network 
built from the 48 genes showed signicantly more interac-tion than 
expected by chance, and cytoHubba identied 20 hub genes dominated 
by collagen and ECM-associated proteins. The combined 20-gene 
signature was not signicantly associated with overall survival in 
TCGA-PAAD. Individually, SFRP4 was associated with favorable

Figure 6: Kaplan-Meier overall survival curves for TCGA-PAAD 
patients stratified by high versus low expression of the combined 
20-gene hub signature.

Figure 7: Forest plot of hazard ratios for overall survival across 
the 20 hub genes, TCGA-PAAD cohort.

overall survival, while SPP1 and SFRP2 were both associated with 
unfavorable overall survival.

4 DISCUSSION
The genes that came out on top of this analysis, both in the con-sensus 
DEG list and in the hub gene ranking, point mostly toward one thing: 
the extracellular matrix that surrounds pancreatic tumors. COL1A1, 
COL1A2, COL3A1, COL10A1, COL11A1, COMP, FNDC1, and 
MXRA5 were all up-regulated and all showed up among the top hub 
genes, and the enrichment results (collagen bril organization, 
extracellular matrix organization, ECM-receptor interaction) back this 
up from a different angle. This lines up with what is already known 
about PDAC, where tumors are wrapped in a thick layer of dense con-
nective tissue, the desmoplastic stroma, that can make up most of the 
tumor mass and gets in the way of chemotherapy reaching the cancer 
cells [5]. The genes identied here look less like drivers of the can-cer 
cells themselves and more like a transcriptional signature of that 
stromal wall. This matters for how the result should be read: a gene 
showing up as a hub gene in this kind of network does not mean it is 
doing something inside the tumor cell, it may just mean the surroun-
ding tissue has changed shape.

SPP1, which codes for the protein osteopontin, is one of the few hub 
genes here with a real track record in pancreatic cancer research 
specically. A recent single-cell RNA-seq study of PDAC combined 
with TCGA data found that SPP1 was tied to worse survival and was 
expressed mainly by malignant ductal cells and by macrophages inside 
the tumor [36]. The result here, SPP1 coming out as both a network hub 
and a risk gene for overall survival (HR = 1 256, = 0 0275), agrees with . p .
that. It is one of the more consistent ndings across studies of this disease.

SFRP4 and SFRP2 are harder to make sense of together. Both are Wnt 
pathway antagonists from the same protein family, both showed up as 
consensus DEGs and hub genes here, and both were signicant for 
survival, but in opposite directions. SFRP4 was protective (HR= 0 743), .
while SFRP2 was a risk factor (HR = 1 504). Looking at prior work does .
not settle this cleanly. A study specically in PDAC found that SFRP4 is 
lost in tumor tissue compared to normal pancreas, and that patients with 
lower SFRP4 had worse outcomes, which points the same direction as 
the protective result found here [37]. But a large pan-cancer analysis 
covering close to 8,000 tumor samples across 29 cancer types found that 
SFRP2 and SFRP4 usually go together, and that both are more often 
linked to worse prognosis and to genes involved in epithelial-to-
mesenchymal transition, with both proteins mostly coming from the 
tumor stroma rather than the cancer cells themselves [38]. That pan-
cancer picture does not match the SFRP4 direction found in the present 
PDAC data. This is left as an open question rather than something this 
study can resolve. It is possible that SFRP4 behaves differently in 
pancreatic cancer than it does across cancer types in general, or that the 
stromal versus tumor-cell source of the two genes plays a bigger role than 
a bulk-tissue gene expression analysis can capture.

One additional enrichment result is worth noting cautiously. SFRP4 
alone maps to the Gene Ontology term positive regulation of receptor-
mediated endocytosis (GO:0048260, adjusted = 0 043). To our p .
knowledge, this specic association has not been examined in the 
pancreatic cancer literature. However, this term is supported by a 
single gene in the panel, and GO annotations can reect inferred or 
cross-species evidence rather than PDAC-specic experimental data, 
so this is presented here as a narrow, hypothesis-generating obser-
vation rather than a validated pathway link.

The combined 20-gene signature not reaching signicance, despite 
three individual genes doing so, is not really a contradiction. A com-
bined signature score works by averaging expression across all 20 
genes at once. If SFRP4 pulls survival in one direction and SPP1 and 
SFRP2 pull it in the other, and the other 17 genes contribute close to 
nothing on their own, the combined score ends up diluted rather than 
sharpened. A handful of individually meaningful genes can therefore 
fail to add up to a meaningful group score once mixed in with a larger 
set of weaker or opposing signals.

This study has several limitations that are worth stating plainly. The 
expression data used throughout come from bulk tissue at a single time 
point, so there is no way to tell from this data alone how much of the 
signal comes from tumor cells versus the surrounding stroma or 
immune cells. DEGs were selected using a raw p-value cutoff along 
with a fold-change threshold rather than an adjusted p-value, which is a 
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looser lter and could let some false-positive genes into the consensus 
list. Two of the four datasets, GSE15471 and GSE71729, accounted for 
the large majority of the consensus genes, so the panel leans more 
heavily on those two cohorts than on all four equally. Being a hub gene 
in a STRING network also does not mean a gene causes any-thing; 
STRING scores are built partly from existing literature and co-
expression data, so genes that are already well studied tend to end up 
more connected regardless of their true biological role. For example, 
several of SFRP4's STRING co-expression edges, with collagen genes 
such as COL1A1, COL1A2, COL3A1, and COMP, are drawn from 
breast cancer expression compendia (e.g., Perou-Botstein-2000, Ross-
Perou-2001, Bild-Nevins-2006) rather than from pancreatic-specic 
data. This illustrates that a high STRING condence score can 
reectbroad, cross-tissue stromal co-expression patterns rather than an 
inter-action specic to pancreatic cancer. Finally, the survival analysis 
used TCGA-PAAD alone, so none of the individual gene results have 
been checked against a second, independent cohort.

Given these limitations, the most useful next step would be testing 
whether SFRP4, SPP1, and SFRP2 hold up as prognostic markers in an 
independent PDAC cohort outside of TCGA. Single-cell or spatial 
transcriptomic data would also help separate how much of the collagen 
and ECM signal is coming from tumor cells compared to stromal 
broblasts, which bulk expression data cannot resolve on its own.

Table 1: Consensus differentially expressed genes (present in ≥ 2 of 
the four datasets), ranked by mean log FC. 2

Table 2: Top 20 hub genes ranked by cytoHubba, with mean 
log FC from the consensus DEG analysis.2

Table 3: Univariate Cox proportional-hazards results for overall 
survival (OS) across the 20 hub genes, TCGA-PAAD cohort. Bold 
rows reached p < 0.05.

5 CONCLUSION
Pancreatic ductal adenocarcinoma is usually found late, has no reliable 
screening test, and carries a ve-year survival rate that has stayed near 
13% for years, so better markers of the disease are still needed. To look 
for candidate genes, four independent microarray datasets from the 
Gene Expression Omnibus (GSE15471, GSE71729, GSE183795, 
GSE28735) were compared between tumor and normal pancreatic 
tissue, and genes that came up as differentially expressed in at least two 
of the four datasets were kept as a consensus set. This gave 48 genes, 44 
up-regulated and 4 down-regulated in tumor tissue. These genes were 
tied mainly to extracellular matrix organization, collagen bril 
organization, and Wnt signaling. A protein interaction network built 
from these 48 genes in STRING had 47 nodes and 143 edges, far more 
connections than expected by chance (PPI enrichment p < 1e-16), and 
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Gene Data-
sets 
present

Mean 
log FC2

Mean p-
value

Dire-
ction

Supporting datasets

COL10A1 2 4.504 6.05E-23 Up GSE15471, GSE71729
INHBA 2 3.873 3.53E-23 Up GSE15471, GSE71729
MMP7 2 3.787 2.93E-13 Up GSE15471, GSE71729
SULF1 2 3.784 4.55E-24 Up GSE15471, GSE71729
COL1A1 2 3.717 7.30E-20 Up GSE15471, GSE71729
CTHRC1 2 3.556 1.25E-20 Up GSE15471, GSE71729
COL1A2 2 3.160 6.45E-20 Up GSE15471, GSE71729
SFRP4 2 3.143 1.13E-14 Up GSE15471, GSE71729
COMP 2 3.139 1.20E-17 Up GSE15471, GSE71729
MMP1 2 3.099 5.55E-10 Up GSE15471, GSE71729
OLFM4 2 3.083 3.83E-05 Up GSE15471, GSE71729
S100P 2 3.044 4.37E-13 Up GSE15471, GSE71729
GJB2 2 3.032 5.30E-16 Up GSE15471, GSE71729
FAP 2 3.001 4.21E-20 Up GSE15471, GSE71729
SFRP2 2 2.929 7.80E-15 Up GSE15471, GSE71729
TMC5 2 2.901 1.54E-10 Up GSE15471, GSE71729
TACSTD 2 2.893 2.71E-11 Up GSE15471, GSE71729
MMP11 2 2.872 2.54E-14 Up GSE15471, GSE71729
TCN1 2 2.766 5.45E-09 Up GSE15471, GSE71729
LCN2 2 2.753 1.24E-10 Up GSE15471, GSE71729
COL3A1 2 2.733 2.63E-17 Up GSE15471, GSE71729
PLAT 2 2.651 3.38E-14 Up GSE15471, GSE71729
CTRC 2 2.605 1.74E-06 Up GSE183795, GSE28735
C19orf33 2 2.596 1.67E-08 Up GSE15471, GSE71729
FNDC1 2 2.536 3.29E-16 Up GSE15471, GSE71729
PHLDA2 2 2.530 7.60E-15 Up GSE15471, GSE71729
SPP1 2 2.498 1.60E-11 Up GSE15471, GSE71729
CEL 2 2.494 5.70E-06 Up GSE183795, GSE28735
FAM24B-
CUZD1///
CUZD1

2 2.493 9.20E-06 Up GSE183795, GSE28735

KLK10 2 2.442 6.40E-12 Up GSE15471, GSE71729
C15orf48 2 2.440 3.48E-11 Up GSE15471, GSE71729
TFF1 2 2.417 2.07E-05 Up GSE15471, GSE71729
CPA2 2 2.410 1.19E-05 Up GSE183795, GSE28735
CLPS 2 2.369 6.45E-06 Up GSE183795, GSE28735
MXRA5 2 2.365 6.75E-17 Up GSE15471, GSE71729
PMEPA1 2 2.356 4.96E-19 Up GSE15471, GSE71729
CELA2A 2 2.295 7.15E-06 Up GSE183795, GSE28735
KRT6B 2 2.294 1.11E-11 Up GSE15471, GSE71729
PLA2G1B 2 2.169 1.26E-05 Up GSE183795, GSE28735
KRT23 2 2.166 1.21E-12 Up GSE15471, GSE71729
PNLIP///
COL1A2

2 2.146 6.70E-05 Up GSE183795, GSE28735

COL11A1 3 1.723 1.02E-13 Up GSE15471, GSE28735, 
GSE71729

PNLIPRP2 4 1.279 1.77E-03 Up GSE15471, GSE183795 
, GSE28735, GSE71729

AGR2 3 1.210 1.71E-05 Up GSE15471, GSE28735, 
GSE71729

PNLIPRP1 3 1.182 7.73E-03 Up GSE15471, 
GSE183795, GSE28735

TSPAN1 3 -1.000 8.30E-19 Down GSE183795, 
GSE28735, GSE71729

ITGB6///ITGB6 2 -2.042 1.49E-11 Down GSE183795, GSE28735
Galnt5///galnt5 2 -2.445 1.81E-16 Down GSE183795, GSE28735

Gene Mean log FC2

COL10A1 4.504
INHBA 3.873
SULF1 3.784
COL1A1 3.717
CTHRC1 3.556
COL1A2 3.160
SFRP4 3.143
COMP 3.139
MMP1 3.099
SFRP2 2.929
COL3A1 2.733
FNDC1 2.536
SPP1 2.498
CEL 2.494
CPA2 2.410
CLPS 2.369
MXRA5 2.365
PLA2G1B 2.169
PNLIP 2.146
COL11A1 1.723

Gene HR (95% CI) p
CEL 0.683 (0.428-1.091) 0.111
CLPS 0.851 (0.614-1.179) 0.332
COL10A1 1.246 (0.817-1.901) 0.306
COL11A1 1.027 (0.743-1.419) 0.872
COL1A1 0.560 (0.282-1.114) 0.0985
COL1A2 1.313 (0.471-3.662) 0.602
COL3A1 1.574 (0.632-3.924) 0.330
COMP 0.906 (0.702-1.168) 0.445
CPA2 1.350 (0.745-2.447) 0.323
CTHRC1 0.786 (0.431-1.435) 0.433
FNDC1 0.842 (0.585-1.211) 0.353
INHBA 1.081 (0.676-1.729) 0.744
MMP1 1.039 (0.942-1.145) 0.445
MXRA5 1.051 (0.693-1.593) 0.815
PLA2G1B 0.908 (0.573-1.437) 0.680
PNLIP 1.331 (0.952-1.860) 0.0947
SFRP2 1.504 (1.048-2.159) 0.0267
SFRP4 0.743 (0.590-0.935) 0.0115
SPP1 1.256 (1.026-1.537) 0.0275
SULF1 0.769 (0.430-1.374) 0.375
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cytoHubba was used to pull out the top 20 hub genes. When these 20 
genes were tested as a combined signature against overall survival in 
the TCGA-PAAD cohort, the result was not signicant (log-rank p = 
0.26). Tested one at a time, three genes did reach signicance: SFRP4 
was linked to better survival (HR = 0.743, p = 0.0115), while SPP1 (HR 
= 1.256, p = 0.0275) and SFRP2 (HR = 1.504, p = 0.0267) were both 
linked to worse survival. These three genes, identied through both 
network centrality and survival data, are reasonable candidates for 
further study as prognostic markers in pancreatic cancer.

Supplemental Materials
Two supplementary spreadsheet les accompany this paper.

PC_DEGs_All.xlsx contains the complete, unltered GEO2R out-put 
for each of the four datasets, with one sheet per dataset (GSE15471, 
GSE71729, GSE183795, GSE28735). Each sheet lists every probe or 
gene tested in that dataset along with its adjusted -value, raw -value, p p
t B 2-statistic, -statistic, log  fold change, gene symbol, and gene title, 
before any cross-dataset ltering was applied.

Supplementary_File.xlsx contains the processed results refer-enced 
throughout the Methodology and Results sections, split across the 
following sheets:
Ÿ  the full consensus DEG list (genes present in two or more DEGs:

of the four datasets), matching Table 1 and including all 48 genes 
with their dataset counts, mean log FC, mean raw -value, p2

direction, and supporting datasets.
Ÿ  the top 20 hub genes ranked by cytoHubba, matching Hub Genes:

Table 2.
Ÿ  the full KEGG pathway enrichment results for the 48-Pathways:

gene consensus panel.
Ÿ the STRING protein-protein interaction edge Gene Interactions: 

list used to build the network described in Section 3.4.
Ÿ  the full Reactome pathway enrichment out-put.Reactome Results:
Ÿ Biological Processes, Cellular Components, and Molecular 

Functions: the complete Gene Ontology enrichment results for 
each of the three GO categories, beyond the top terms discussed in 
Section 3.3.
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