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Abstract

Purpose
Pancreatic cancer is one of the deadliest cancers worldwide. The extracellular matrix (ECM)
microenvironment affects the drug sensitivity and prognosis of pancreatic cancer patients. This study
constructed an 8-genes pancreatic ECM scoring (PECMS) model, to classify the ECM features of
pancreatic cancer, analyze the impact of ECM features on survival and drug sensitivity, and mine key
molecules that in�uence ECM features in pancreatic cancer.

Methods
GSVA score calculation and clustering were performed in TCGA-PAAD patients. Lasso regression was
used to construct the PECMS model. The association between PECMS and patient survival was analyzed
and validated in the CPTAC-3 dataset of TCGA and our single-center retrospective cohort. The
relationships between PECMS and features of the matrix microenvironment were analyzed. Finally,
PECMS feature genes were screened and veri�ed in pancreatic cancer specimens to select key genes
associated with the ECM microenvironment.

Result
The survival of the PECMS-high group was signi�cantly worse. The PECMS-high group showed higher
oxidative stress levels, lower levels of antigen presentation- and MHC-I molecule-related pathways, and
less immune effector cell in�ltration. Data from IMvigor-210 cohort suggested that PECMS-low group
patients were more sensitive to immune checkpoint blockers. The PECMS score was negatively correlated
with chemotherapy drug sensitivity. The negative association of PECMS with survival and drug sensitivity
was validated in our retrospective cohort. KLHL32 expression predicted lower oxidative stress level and
more immune cells in�ltrate in pancreatic cancer.

Conclusion
PECMS is an effective predictor of prognosis and drug sensitivity in pancreatic cancer patients. KLHL32
may play an important role in the construction of ECM, and the mechanism is worth further study.

Introduction
Pancreatic ductal adenocarcinoma (PDAC) is one of the leading causes of cancer-related death
worldwide [1]. Pancreatic cancer causes 466,003 deaths, which is 4.7% of cancer-related deaths
worldwide [2]. Patients with pancreatic cancer have a poor prognosis, with a 5-year overall survival (OS)
rate of less than 10% [2]. Over 80% of patients have locally advanced or metastatic disease when they are
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�rst diagnosed and are not suitable for direct surgical treatment. Even in patients who undergo radical
operations, most experience recurrence within �ve years [3]. Therefore, improving the effect of drug
therapy is key to improving the survival of patients with pancreatic cancer.

Chemotherapy for pancreatic cancer is usually based on 5-�uorouracil (5-FU) or gemcitabine. In recent
years, the use of drugs including albumin-bound paclitaxel and liposome irinotecan, as well as
improvements in combination therapy strategies, have improved patient survival [4, 5]. However, in most
clinical studies, chemotherapy improved survival by only a few months [5, 6]. New therapeutic strategies,
such as angiogenesis inhibitors and immune checkpoint blockers (ICBs), have shown potential in
preclinical studies [7, 8] but still face problems of poor effects or limited bene�ts in clinical trials [9].
Therefore, it is still a challenge to explore new systematic treatment strategies for pancreatic cancer.

In recent years, increasing attention has been given to the effects of the extracellular matrix (ECM) on
survival and tumor biological behavior in pancreatic cancer. Pancreatic cancer is a dense tumor
characterized by excessive connective tissue hyperplasia in histopathology [10–12]. In pancreatic cancer,
the main components of the ECM include collagen, hyaluronic acid, and laminin [11, 13, 14]. Several
studies have suggested a correlation between ECM features and the prognosis of pancreatic cancer
patients. Whatcott et al. found that the median survival time of patients characterized by high hyaluronic
acid levels in the ECM was 9.3 months, while patients characterized by low hyaluronic acid levels in the
ECM had a signi�cantly longer median survival of 24.3 months [15, 16]. In the same study, a high level of
type I collagen in the ECM is also predictive of worse survival. However, when total collagen was
investigated in grouping, no correlations with patient outcomes were found. This �nding indicated that
other components need to be taken into consideration in the analysis of the pancreatic cancer ECM.
Another reason to focus on the ECM is that it affects the delivery of therapeutic drugs. The dense ECM in
pancreatic cancer increases tissue tension, leads to di�culty in angiogenesis and intratumoural vessel
collapse, and increases the di�culty of drug transport [17].

For these reasons, several drugs have been developed to target the ECM in pancreatic cancer [18–20].
However, although preclinical studies have shown promising prospects for treatments targeting the
pancreatic cancer ECM, there is still no effective anti-ECM treatment. Anti-angiogenesis therapies, which
normalize tumor vessels and improve drug delivery in pancreatic cancer, did not meet expectations in
clinical trials [21, 22]. Other methods targeting the ECM of pancreatic cancer, such as PEGPH20, a
PEGylated hyaluronidase targeting hyaluronic acid, were effective in preclinical studies [23] but did not
inhibit tumor progression or improve survival in clinical trials [24]. The outcomes of clinical trials
indicated the complexity of treatment targeting the pancreatic cancer ECM. An overview of the ECM of
pancreatic cancer, the biological characteristics of different ECM types, and the key regulatory molecules
of the ECM still need further study to explore new treatments targeting the ECM in pancreatic cancer.

Methods And Materials
Data sources
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The work�ow of our study is shown in Fig. S1. The mRNA expression data, somatic mutation data, and
clinical information, including age, sex, survival time, tumor stage, and histology type of TCGA-PAAD and
CPTAC-3 were obtained from the TCGA database (https://portal.gdc.cancer.gov, RRID:SCR_014514). The
data were analyzed using R (version 3.6.2) and R Bioconductor packages (RRID:SCR_006442).

We also collected data from a renal cancer cohort (IMvigor-210) using atezolizumab (and anti-PD-L1
antibody) for the validation of ICB effectiveness prediction [25]. The IMvigor-210 cohort with expression
data and detailed clinical notes were downloaded from http://research-pub.
gene.com/IMvigor210CoreBiologies. Expression and clinical information were downloaded from
https://doi.org/10.5281/zenodo.

GSVA scoring and hierarchical clustering

We used the "GSVA" package in R to acquire pathway scores to obtain clusters for patients in TCGA-PAAD
and to study the relationship between transcription and biological process differences [26]. The hallmark
gene set “h.all.v7.2” for GSVA was downloaded from the MSigDB database (https://www.gsea-
msigdb.org/gsea/msigdb/). Hierarchical clustering was used to cluster TCGA-PAAD patients according to
ECM-associated pathways.

Construction of the PECMS system to evaluate the ECM of pancreatic cancer

By converting the read count data into log2 conversion, the “limma” R package estimates the mean
variance relationship before linear modeling [28]. Empirical Bayesian statistics were used to analyze the
differentially expressed genes (DEGs) between different RNA modi�cation patterns. Genes with |log2 fold
change (FC)| > 1.4 between groups and false discovery rate (FDR) < 0.0001 were regarded as having
signi�cant differences.

Lasso regression was used to select an optimal gene set [29]. The selected genes were then input into a
logistic regression model. The regularization parameter (lambda) was estimated using 10-fold cross-
validation. After the coe�cients corresponding to each gene, as well as the intercept value in logistic
regression, were obtained, the PECMS score of each sample was de�ned as , in which i represents the
feature gene in the selected gene set.

Association analysis of PECMS and drug sensitivity

The "pRRophetic" R package was used to predict the response to chemotherapeutic and targeted drugs of
patients. The sensitivity value predicted by this package was based on the half maximal inhibitory
concentration (IC50) of each pancreatic cancer sample in the Genomics of Drug Sensitivity in Cancer
(GDSC) database.

Calculation of tumor microenvironment (TME) cell in�ltration abundance
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CIBERSORT (https://cibersort.stanford.edu/, RRID:SCR_016955) was used to calculate the in�ltration
abundance of 22 kinds of immune cells in TCGA-PAAD. The reference for the 22 kinds of immune cells
referred to Newman et al. [30].

Collection of clinical specimens and data

This study was approved by the Ethics Committee of the First A�liated Hospital of AirForce Medical
University (KY20223414-1). We initiated a retrospective study that included 20 patients who were
diagnosed with PDAC in 2018 and underwent radical surgery in our hospital. The collected clinical data
included gender, age, tumor stage, disease-free survival (DFS), OS, and best response. All response
evaluations followed the Response Evaluation Criteria in Solid Tumors (RECIST) 1.1 standard. Surgical
specimens were collected for RNA sequencing and immunohistochemical (IHC) staining. Every patient
signed the informed consent form. All patients were anonymized to meet ethical and legal standards.

RNA sequencing

Total RNA was extracted using the Total RNA Extractor (Trizol) Kit (B511311, Sangon, China) according to
the manufacturer’s protocol and treated with RNase-free DNase I to remove genomic DNA contamination.
Thereafter, the quality and quantity of RNA were assessed using a NanoPhotometer® spectrophotometer
(IMPLEN, CA, USA) and a Qubit® 2.0 Fluorometer (Invitrogen). The high-quality RNA samples were
subsequently submitted to Sangon Biotech (Shanghai) Co., Ltd. For library preparation and sequencing.
Library quality was assessed on an Agilent Bioanalyzer 2100 system. The libraries were then quanti�ed
and pooled. Paired-end sequencing of the library was performed on NovaSeq sequencers (Illumina, San
Diego, CA).

IHC staining

The antibodies used in IHC staining include anti-CD8 (Abcam, ab237709), anti-CD31 (Abcam, ab28364,
RRID: AB_2892677), anti-PD-L1 (proteintech, 66248-1-Ig), and anti-GLUT1 (Abcam, ab115730). After
dewaxing and rehydrating the slices, they were microwave heated for 15 min in 10 mM citric acid buffer
(pH 6.0) to extract antigen. Then, 3% hydrogen peroxide was used to block endogenous peroxidase
activity. The slices were then blocked with 10% goat serum for 2.5 hours. After incubation with the
primary antibodies or control IgG at 4°C overnight, the slices were washed and incubated with a
secondary antibody. After washing, the slices were incubated with biotin secondary antibody and the
streptavidin-biotin complex for 30 min at room temperature. After washing with PBS, the substrate was
then immersed in 0.4 mg/mL 3, 30-diaminobenzidine (DAB) with 0.003% hydrogen peroxide for 5 min.
Finally, the slices were rinsed with distilled water, counterstained with hematoxylin, dehydrated, and then
coverslipped.

Statistical analysis

One‐way ANOVA was used for the group comparisons of continuous variables, and the χ2 test was used
for that of categorical variables. Pearson's correlation test was used to analyze the correlations between
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mRNA expression and drug sensitivity. A receiver operating characteristic (ROC) curve was used to test
the model validity, in which the area under the curve (AUC) was used as an evaluation index for the
model. The "maftools" R package was used to obtain the mutation landscape and tumor mutational
burden (TMB) value of each sample. In the mutation landscape [27]. Kaplan–Meier plots were generated
using the R packages “survival” v.2.4.2 (40) and “survminer” v.0.4.2 (41). Samples with an OS of less than
one month were omitted from survival analyses. Survival curves were constructed by the Kaplan–Meier
method and compared by the log rank test. Univariate and multivariate Cox regression analyses were
used to calculate the hazard ratio (HR) of different variables. A two‐sided P < 0.05 was regarded as
statistically signi�cant. Statistical analyses were carried out using the "scipy.stats" (RRID:SCR_008058)
python package (RRID:SCR_001658) or R software.

Result
1. Identi�cation of ECM subtypes in pancreatic cancer

Fourteen pathways related to the pancreatic cancer ECM were selected from the Gene Ontology (GO) and
REACTOME pathway databases, including the biological processes of collagen, hyaluronic acid, and
laminin, as well as ECM organization, construction, and interaction with cancer cells. GSVA was
performed in 174 patients in the TCGA-PAAD cohort to obtain a score for each pathway. By performing
hierarchical clustering according to GSVA scores, we obtained 4 patient categories and 2 pathway
categories (Fig. 1a). The Type 1 pathways include collagen synthesis, metabolism, binding, ECM
construction, and binding of hyaluronic acid, while the Type 2 pathways mainly include the biological
processes of hyaluronic acid and laminin. A signi�cant difference in survival was observed among the
four groups (P = 0.0021). Cluster 1 (n=57, median survival = NR, 95% Cl 596-NR) and Cluster 3 (n=46,
median survival = 913, 95% Cl 568-NR) had better survival than Cluster 2 (n=37, median survival = 518,
95% Cl 353-738) and Cluster 4 (n=34, median survival = 418, 95% Cl 366-732) (Fig. 1b). The contribution
of the GSVA score to survival in the Type 1 and Type 2 pathway categories was then analyzed. The
results indicated that there was no signi�cant difference in survival between patients with high and low
scores in Type 1 pathways, while the GSVA score of Type 2 pathways was signi�cantly correlated with
survival (Fig. 1c). 

2. Construction of the pancreatic cancer ECM scoring model

The PECMS model was constructed based on the GSVA scores of the Type 2 pathways. Through limma
analysis, we screened 31 genes signi�cantly different at the transcriptional level between the Type 2
score-high group and the Type 2 score-low group (Fig. 2a, Supplementary Table S1). Based on these
genes, a prediction model was constructed by Lasso regression. When the mean squared error (MSE) of
Lasso regression was taken as the minimum value and when one standard error (1 SE) of the MSE was
used, 17 and 8 genes were selected for model construction, respectively (Fig. 2b, Supplementary Table
S2). The AUCs of the two sets of parameters were 0.93 and 0.90, respectively. Cutoff values for PECMS
were decided according to the maximum Youden index (Supplementary Fig. S2). The two sets of
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parameters had similar AUCs and accuracy rates, but the scoring model based on 1SE MSE signi�cantly
reduced the number of variables and had a more balanced sample size between groups in the TCGA-
PAAD cohort (81 in the PECMS-high group and 93 in the PECMS-low group) than the model based on the
minimum MSE (64 in the PECMS-high group and 110 in the PECMS-low group). Based on the parameters
obtained from the 1SE MSE of Lasso regression, a total of 8 genes (COL17A1, AREG, KLHL32, CDA,
POSTN, SLC2A1, FN1, and IHNBA) were included to obtain PECMS. The PECMS-high group contained
many Cluster 2 and Cluster 4 patients, while the PECMS-low group contained a high proportion of Cluster
1 and Cluster 3 patients (Fig. 2c). Among the solid tumors included in TCGA database, pancreatic cancer
ranked 3rd in PECMS and was the highest among all kind of adenocarcinomas (Fig. 2d). Another
pancreatic cancer cohort in TCGA, CPTAC-3, was used to verify the above results. The PECMS scores of
patients in the PCTAC-3 cohort were close to those of patients in the TCGA-PAAD cohort (Fig. 2e). Except
for KLHL32, the remaining feature genes had higher transcriptional levels in the PECMS-high group, while
the expression of KLHL32 showed the opposite trend (Fig. 2f). In both cohorts, the median survival of the
patients in the PECMS-low group was signi�cantly better than that of patients in the PECMS-high group
(TCGA-PAAD: 913 d, 95% Cl 603-NR vs. 481 d, 95% Cl 381-634, P=0.00049, CPTAC-3: 743 d, 95% Cl 599-
902 vs. 398 d, 95% 303-603, P=0.0015) (Fig. 2g). In the TCGA-PAAD and CPTAC-3 datasets, the clinical
characteristics of gender, age, American Joint Committee on Cancer (AJCC) stage, smoking history and
drinking history were similar between the two groups. The PECMS score, site of the primary lesion, and
AJCC stage were prognostic risk factors in univariate Cox analysis combining the two datasets. In
multivariate Cox regression analysis, the PECMS score was an independent risk factor for prognosis (Fig.
2h). 

3. PECMS was associated with ECM characteristics

In both the TCGA-PAAD and CPTAC-3 cohorts, KRAS, TP53, CDKN2A and SMAD4 had high mutation
rates. The major mutation type of KRAS was missense mutations, and almost all PECMS-high patients
had KRAS mutations, while the proportion of KRAS mutations in patients with PECMS-low was relatively
low (Fig. 3a). In both cohorts, the TMB of patients in the PECMS-high group was signi�cantly higher than
that of patients in the PECMS-low group (Fig. 3b). In the differential pathway analysis based on the GO
database, pathways were enriched in cell-matrix adhesion, ECM structure construction, collagen
aggregation, and laminin complex (Supplementary Fig. S3). In addition to the ECM-related pathways used
for clustering, two classes of pathways were enriched in pathway pairing analysis: the acute
in�ammatory response-related pathway and the hypoxia response-related and signal transduction
pathway (Fig. 3c). Among the 156 representative genes of metabolic characteristics (Supplementary
Table S3) [31], PECMS-high patients had higher transcriptional levels of glycolysis genes, while PECMS-
low patients had higher transcriptional levels of fatty acid synthesis, β-oxidation and glutaminolysis
genes (Fig. 3d). This suggests that there may be higher oxidative pressure in the pancreatic cancer
tissues of PECMS-high patients. This result was veri�ed in the analysis of the mRNA expression levels of
oxidative stress marker genes [32]. Almost all these genes had signi�cantly higher mRNA levels in the
PECMS-high group (Fig. 3e). Interestingly, although there is a strong relationship between hypoxia and
angiogenesis, no general signi�cant differences were observed between the two groups in the expression
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of angiogenesis marker genes, including HIF-1α (HIF1A, a key gene for signaling in hypoxia)
(Supplementary Fig. S4a). At the pathway level, there was also no signi�cant difference in the GSVA
score of angiogenesis between the two groups (Supplementary Fig. S4b). This suggests that the
downstream signaling of hypoxia is at least partly blocked.

We then analyzed the immune characteristics of the different PECMS groups. In terms of the normalized
GSVA scores, PECMS-low patients had higher scores in MHC-I biosynthesis and antigen presentation,
which suggests a more active antigen recognition and presentation in these patients. Moreover, the
chemokine signaling pathway, which plays an important role in immune cell in�ltration and activation,
was also upregulated in PECMS-low patients. In contrast, PECMS-high patients had noticeably higher
levels of the IFN-γ, TGF-β and WNT/β-catenin pathways (Fig. 3f, g, the gene markers [33] in Fig. 3f are
listed in Supplementary Table S4). These pathways are regarded as negative regulators of immune
responses. In CIBERSORT prediction of immune cell in�ltration, the PECMS-low group had higher
in�ltration of immune effector cells, including signi�cantly more CD8-positive T cells, activated CD4 T
cells and activated NK cells. This �nding agrees with the results of immune characteristics in the GSVA
pathway analysis. The PECMS-high group had higher in�ltration of M0 macrophages, activated DCs, etc.
(Fig. 3h and Supplementary Fig. S5). 

4. PEMCS affect drug sensitive in pancreatic cancer

PECMS-high patients had higher transcription levels of immunotherapy predictors, including CD274 (PD-
L1), TNFRSF9, CD80, and CD86. However, multiple immune depletion markers, including PDCD1 (PD-1),
CTLA-4, TIGHT, and CD27, were signi�cantly higher in the PECMS-low group (Fig. 4a), suggesting a high
proportion of depleted T cells in the in�ltrated immune cells of patients in the PECM-low group.

To further discuss the relationship between PECMS and the response to ICB therapy, we introduced an
independent cohort (IMvigor-210) in which renal cell carcinoma patients were treated with ICB
(atezolizumab, an anti-PD-L1 antibody). After aligning the mRNA data to TCGA-PAAD, 237 patients were
divided into the PECMS-low group, and 111 patients were divided into the PECMS-high group. The
median survival of the PECMS-low group was 10.4 months (95% Cl 8.02-13.31 months), which was
signi�cantly longer than that of the PECMS-high group (6.7 months, 95% Cl 5.65-9.49 months, P=0.022)
(Fig. 4b). A total of 198 patients in the PECMS-low group had response evaluation data. Twenty patients
(10.1%) had the best outcome of complete response (CR), 32 (16.2%) had partial response (PR), 46
(23.2%) had stable disease (SD), and 100 (50.5%) had progressive disease (PD). In the 100 patients with
response evaluation data in the PECMS-high group, the numbers of patients with the best e�cacy of CR,
PR, SD and PD were 5 (5%), 11 (11%), 46 (46%) and 67 (67%), respectively. Patients in the PECMS-low
group had a signi�cant response rate (P = 0.047) (Fig. 4c).

Among the main types of chemotherapeutic drugs approved for pancreatic cancer in the National
Comprehensive Cancer Network (NCCN) guidelines, there was no signi�cant difference between the
PECMS-high and PECMS-low groups in the sensitivity to �uorouracil (5-FU or gemcitabine) and platinum.
However, for taxane (paclitaxel and docetaxel), the PECMS-low group had a signi�cantly higher sensitivity



Page 9/24

prediction. For all the selected chemotherapeutic drugs, PEMCS was negatively correlated with the drug
sensitivity score. This partly explains the poor survival of patients in the PECMS-high group. The
relationship between the PECMS score and sensitivity to phenformin (a biguanide hypoglycemic drug)
was then analyzed. The results suggested that PECMS-high patients had a higher predicted sensitivity to
phenformin, and PECMS showed a signi�cant positive correlation with phenformin sensitivity (Fig. 4d).

Among the targeted medicines, we screened 17 drugs with signi�cant differences in sensitivity prediction
between the two groups. Seven drugs were predicted to be more e�cient in the PECM-low group,
including AICAR (AMPK agonist), MBS-754807 (IGF1R inhibitor), dasatinib (ABL inhibitor), thapsigargin
(sarcoendoplasmic reticulum Ca2+-ATPase inhibitor), and trametinib (MEK inhibitor), while CPT724714
(ERBB2 inhibitor), crizotinib (ALK inhibitor), GT-2580 (CSF1R inhibitor), masitinib (KIT inhibitor), OSI-027
(mTOR inhibitor), parthenolide (NFKB1 inhibitor), ruxolitinib (JAK inhibitor), shikonin (PKM2 inhibitor),
and vorinostat (histone acetylase inhibitor) showed higher predictive sensitivity in the PECMS-high group
(Supplementary Fig. S6).

5. PECMS predicts survival in our retrospective cohort

In a retrospective cohort containing 20 patients from our single center, we further validated the
associations of the PECMS score with survival and drug sensitivity (Supplementary Table S5). All
patients were diagnosed with pancreatic cancer and underwent radical operation in 2018. The
transcriptome data of these patients were obtained using surgical specimens. According to the scoring
results, 10 patients were included in the PECMS-high group, and 10 patients were included in the PECMS-
low group. All patients received albumin paclitaxel and gemcitabine (AG) as �rst-line therapy after
recurrence. The median OS of patients in the PECMS-low group (20 months, 95% Cl 13-NR) was
signi�cantly better than that of patients in the PECMS-high group (13 months, 95% Cl 11-NR, P=0.042)
(Fig. 4e). For the response to �rst-line AG therapy, 4 (40%) patients in the PECMS-high group had PD in
the �rst-effect evaluation based on the RECIST 1.1 standard, while the number in the PECMS-low group
was 1 (10%). Two patients in the PECMS-low group achieved PR, however, only 1 patient in the PECMS-
high group achieved PR. The response to AG �rst-line therapy in the PECMS-low group was signi�cantly
better than that in the PECMS-high group (Fig. 4f).

6. KLHL32 is a key gene modeling the ECM of pancreatic cancer

We analyzed the correlation between eight molecules involved in the PECMS score and different clinical
and tumor stromal features. KLHL32 showed distinct characteristics from the other molecules (Fig. 5a,
b). In terms of survival, KLHL32 expression was associated with better prognosis in both univariate and
multivariate Cox regression analyses, while COL17A1, AREG, FN1 and INHBA were associated with worse
prognosis. We then set the median mRNA levels of each feature gene of PECMS as the cutoff value to
divide the patients in the TCGA-PAAD cohort. In survival analysis, we found that for COL17A1, AREG, CDA,
POSTN, SLC2A1, FN1 and IHNBA, the median survival of the high expression group was signi�cantly
lower than that of the low expression group. However, for KLHL32, higher expression suggests better
survival (Supplementary Fig. S7). This is consistent with the trend of univariate Cox analysis. Among the
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pathway correlations, KLHL32 showed the most obvious negative correlation with the TGF-β pathway. In
drug sensitivity prediction, the expression of KLHL32 was positively correlated with the sensitivity to
�uorouracil, platinum, and taxol. KLHL32 was negatively correlated with most of the oxidative stress
markers, which was quite different from all the other molecular markers. In the CIBERSORT score of
immune cell in�ltration, KLHL32 was positively correlated with the in�ltration of a variety of immune
cells, including CD8-positive T cells, while it was negatively correlated with immune depletion markers
(PDCD1, CTLA4, TIGHT, and CD27) (Fig. 5a). 

In our retrospective cohort, the patients were divided into two groups using the median KLHL32
transcription level as the cutoff value. We then analyzed the relationship between KLHL32 levels and
ECM phenotypes using GLUT-1 (SLC2A1) as a marker of oxidative stress and energy transport, CD31 as a
marker of angiogenesis, CD8 as a marker of T-cell in�ltration, and PD-L1 as a marker of immune escape.
In the IHC staining of continuous sections of surgical specimens, low levels of CD31 and PD-L1
expression were observed in both groups. GLUT-1 expression was signi�cantly lower in the KLHL32-high
group than in the KLHL32-low group, deepening the relationship between KLHL32 and glucose transport
in the ECM of pancreatic cancer and highlighting the role of GLUT1 in energy utilization in pancreatic
cancer. Moreover, patients in the KLHL32-high group had more in�ltrating CD8-positive cells, suggesting
that KLHL32 plays a positive role in pancreatic cancer immune cell in�ltration and the immune response
(Fig. 5c, d and Supplementary Fig. S8).

Discussion
An increasing number of studies are now focusing on the effects of the ECM on prognosis and drug
sensitivity in pancreatic cancer, especially after the widespread use of antiangiogenic drugs and ICBs
[34]. The sensitivity of these treatments is strongly correlated with the TME, including oxidative stress,
angiogenesis, and immune cell in�ltration [35]. In tissue specimens and enhanced scanning of CT or MR,
pancreatic cancer is usually characterized by high density and a lack of blood supply [36]. Some studies
have indicated that the high density of the ECM causes an increase in tissue tension and vascular
collapse [17]. It is the main impediment for drug delivery and immune cell in�ltration and ultimately
reduces drug sensitivity in pancreatic cancer [37].

However, treatment targeting the ECM of pancreatic cancer has faced challenges in clinical research. In
some studies, ECM-targeting medicines, such as PEGPH20, reduced survival. Studies on the ECM in
pancreatic cancer have mainly focused on collagen and hyaluronic acid [23]. Some ECM components,
such as collagen, are not only structural scaffolds but also bioactive materials in cancers, which have a
direct impact on the biological behavior of tumor cells [16]. In addition, the construction of the ECM, as
well as the interaction between cancer cells and the ECM, also play important roles in the ECM
characteristics of pancreatic cancer [38]. These processes involve the regulation of multiple structural
components in the ECM, including laminin, �bronectin, etc. Therefore, in this study, we included the
biological processes of collagen, hyaluronic acid, and pathways related to ECM construction for
clustering. When checking the GSVA score, it was observed that the levels of Type 1 and 2 pathways in
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the samples were not high or low. Many samples showed high or low expression in both Type 1 and Type
2 pathways. In the survival analysis, we analyzed the contributions of each pathway to survival and
found that the Type 2 pathways were the main source of survival differences. Therefore, we constructed a
pancreatic cancer classi�cation scoring system (PECMS) using the Type 2 pathways. In the TCGA-PAAD,
CPTAC-3, and our retrospective cohorts, PECMS-high patients had a worse prognosis, and PECMS was an
independent risk factor for prognosis.

TMB is one of the widely acceptable effect biomarkers for ICBs [39]. Although TMB was higher in PECMS-
high patients, it was at a low level in both groups. In fact, in the further validation in the IMvigor-210
cohort, the PECMS-high group had poor ICB treatment outcomes, suggesting that the relative level of
TMB cannot predict ICB sensitivity in pancreatic cancer. We then analyzed the two enriched pathways
related to ECM classi�cation. There was an obvious difference in metabolic characteristics between the
two groups, in which the transcription level of glycolysis-related genes was higher in the PECMS-high
group, and the level of glutaminolysis marker genes was higher in the PECMS-low group. This suggested
that the cancer tissues of PECM-high patients were exposed to higher oxidative stress, which was
con�rmed by the analysis of 15 oxidative stress marker genes. However, there was no signi�cant
difference in the levels of tricarboxylic acid cycling-related molecules between the two groups, suggesting
that the PECMS-high group may have a higher glucose uptake level. It was reported that KRAS mutation
can increase glucose transport by upregulating relevant genes [40, 41]. However, considering the high
mutation rate of KRAS in both groups, the difference in glycometabolism and oxidative stress cannot be
explained by the different mutation rates of KRAS.

SLC2A1 (GLUT1) is regarded as an energy-independent carbohydrate transporter and has a wide range of
substrate properties [42]. SLC2A1 had a signi�cant positive correlation with oxidative stress marker
genes. In some studies, high expression of SLC2A1 is related to worse survival in pancreatic cancer [43,
44]. The high transcription level of SLC2A1 in the PECMS-high group suggests an energy-independent
mode of carbohydrate transmembrane transport and energy utilization in the dense matrix of pancreatic
cancer. Interestingly, although the transcription levels of almost all oxidative stress markers were higher in
the PECMS-high group, there did not appear to be signi�cant differences in most of the angiogenesis
markers, particularly HIF1A (HIF-1α). HIF-1α is a key molecule that mediates angiogenesis under hypoxic
stress [45]. This partly explained the lack of vessel formation in the ECM of pancreatic cancer, in which
the inhibition of hypoxia signal downstream transduction may be one of the reasons.

In terms of immune characteristics, the PECMS-high group showed obvious features of immune escape
and immunosuppression compared with the PECMS-low group. Activation of the TGF-β pathway is
considered one of the main causes of immune checkpoint inhibitor insensitivity. Mariathasan et al [46]
regarded TGF-β as one of the major reasons for the exclusion of T cells and led to the attenuation of the
tumor response to ICBs. Meanwhile, because PECMS-high patients have lower levels of MHC-I, antigen
presentation, and chemokine signaling pathways, PECMS-high seems to be related to a lower sensitivity
to ICB treatment. This was veri�ed in data from the IMvigor-210 cohort. These results suggest that
targeting the ECM is a feasible strategy to enhance ICB sensitivity in pancreatic cancer. However,
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considering the different conditions of hemoperfusion and different immune in�ltration statuses between
renal cancer and pancreatic cancer, the predictive value of PECMS in ICB treatment still needs further
study. In our drug sensitivity prediction of chemotherapeutic drugs, a high PECMS score usually predicts
a worse response. This �nding is consistent with the response rate data in our retrospective cohort. Due
to the association between pancreatic cancer and glycolipid metabolism, biguanides, including
metformin and phenformin, have long held the promise to improve the survival of pancreatic cancer [47].
However, the value of combination treatment with biguanides is still controversial in clinical trials [48]. In
mechanistic studies, phenformin has been shown to suppress cancer progression by inhibiting epithelial-
mesenchymal transformation and the ERK, AKT, or mTOR pathway [49]. In our study, phenformin showed
a higher predictive sensitivity in the PECMS-high group, suggesting that the division of patients based on
PECMS may help identify the potential bene�ts of biguanides.

Among the feature genes included in the PECMS score, we noticed the unique performance of KLHL32. It
was a favorable factor for survival in both the single-factor and multivariable Cox regression analyses. A
high negative correlation between KLHL32 and oxidative stress markers was observed, which suggested
the role of KLHL32 in metabolic regulation [50, 51]. Moreover, KLHL32 is a positive factor of immune cell
in�ltration. KLHL32 belongs to the Kelch-like (KLHL) gene family. This gene family encodes proteins that
constitute a subgroup at the intersection between the BTB/POZ domain and Kelch domain superfamilies
[52–54]. Currently, there are very few studies on the function of KLHL32 in cancers. A few of studies have
suggested an association between KLHL32 and BMI [47]. A GWAS study indicated that KLHL32 may be
associated with obesity and type 2 diabetes [55]. These studies indirectly suggested a potential link
between KLHL32 and glucolipid metabolism.

The condition of CD31 expression in the two groups con�rmed that the hypoxic microenvironment in the
pancreatic cancer matrix did not translate into the kinetic energy of angiogenesis, and the role of KLHL32
in blocking angiogenesis still needs further investigation. In our study, KLHL32 played a positive role in
immune cell in�ltration. However, the KLHL32 level is negatively correlated with ICB sensitivity predictors,
such as PD-L1 and CTLA4. Hence, the relationship between KLHL32 and ICB sensitivity needs further
study. In our PECMS model, KLHL32 appears to play a role in pulling the pancreatic cancer ECM in a
positive direction for prognosis. Since the KLHL protein family regulates transcription by locally
regulating chromatin conformation, the role of KLHL32 in transcriptional regulation may be extensive.
Considering the unsatisfactory results of treatments targeting the ECM in pancreatic cancer, the role of
KLHL32 in shaping the ECM and its value for drug development warrant more mechanistic and preclinical
studies.
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Figure 1

TCGA-PAAD patient clustering based on pancreatic cancer matrix (A: Heatmap of GSVA hierarchical
clustering of TCGA-PAAD. B: Survival curves of 4 classes obtained by hierarchical clustering. C: Survival
curves of GSVA score high vs. low in Type 1 and 2 pathways, respectively.)

Figure 2
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Establishment of the PECMS model and the effect of PECMS on survival (A: Limma analysis to identify
differentially expressed genes between the PECMS-high and PECMS-low groups. B: Lasso process, AUCs
of the model when the log lambda value at the minimum MSE and 1SE MSE were 0.90 and 0.92,
respectively. C: PECMS in different clusters of patients. D: PECMS in different cancers in TCGA database.
E: PECMS in patients of the TCGA-PAAD and CPTAC-3 cohorts. F: mRNA expression of PECMS feature
genes in TCGA-PAAD and CPTAC-3. G: Survival curves of TCGA-PAAD and CPTAC-3. Patients were
grouped by the level of PECMS. H: Clinical features, including PECMS in TCGA-PAAD and CPTAC-3, as
well as their HR for survival in single-factor and Multivariate Cox analyses.)
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Figure 3

Microenvironment characteristics of patients in different PECMS classes (A: Mutations in patients in
different PECMS classes in TCGA-PAAD or CPTAC-3. B: TMB of different PECMS classes in TCGA-PAAD
or CPTAC-3. C: Pathway pairwise enrichment between the PECMS-high and PECMS-low groups. D: The
normalized mRNA expression of metabolic features. E: Different mRNA levels of 15 oxidative stress
marker genes. F: The normalized mRNA expression of immune feature genes. G: The normalized pathway
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GSVA scores in different PECMS groups. H: P value of CIBERSORT scores between different PECMS
groups. ns: no signi�cant difference, *: P<0.05, **: P<0.005, ***: P<0.0005, ****: P<0.00005)

Figure 4

Relationship between PECMS and prediction of drug sensitivity (A: The normalized mRNA expression of
immune-privileged and ICB-sensitive biomarkers. B: Survival of PECMS-high and PECMS-low patients in
IMvigor-210. C: Response of PECMS-high and PECMS-low patients in IMvigor-210. D: Drug sensitivity
prediction of chemotherapy drugs in different PECMS groups (L: PECMS-low, H: PECMS-high) and
correlation between PECMS and drug sensitivity prediction. E: Survival curves of different PECMS groups
in our single-center retrospective cohort. F: Response to chemotherapy in different PECMS groups in our
single-center retrospective cohort. ns: no signi�cant difference, *: P<0.05, **: P<0.005, ***: P<0.0005, ****:
P<0.00005)
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Figure 5

Relationship between KLHL32 and the pancreatic cancer ECM (A: Correlation between PECMS feature
genes and immune, metabolism, and drug sensitivity prediction characteristics. B: Internal correlation
among mRNA expression of PECMS feature genes. C: Representative IHC images of PD-L1, CD8, CD31,
and SLC2A1 in continuous sections in the KLHL32-high and KLHL32-low group. D: Comparison of mean
positive cell number of IHC in 10 high power �elds between the KLHL32-high (H) and the KLHL32-low (L)
group. ns: no signi�cant difference, *: P<0.05)
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