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ABSTRACT ARTICLE HISTORY
Homologous repair deficiency (HRD) impedes double-strand break repair, which is a common driver of Received 28 July 2022
carcinogenesis. Positive HRD status can be used as theranostic markers of response to platinum- and Revised 3 December 2023
PARP inhibitor-based chemotherapies. Here, we aimed to fully investigate the therapeutic and prog- ~ Accepted 5 December 2023
nostic potential of HRD in pancreatic adenocarcinoma (PAAD) and identify effective biomarkers related KEYWORDS

to HRD using comprehensive bioinformatics analysis. The HRD score was defined as the unweighted Pancreatic adenocarcinoma;
sum of the LOH, TAIl, and LST scores, and it was obtained based on the previous literature. To tumour biomarkers; cancer
characterize PAAD immune infiltration subtypes, the “ConsensusClusterPlus” package in R was used immunotherapy; ICGC data
to conduct unsupervised clustering. A WGCNA was conducted to elucidate the gene coexpression portal; The Cancer Genome
modules and hub genes in the HRD-related gene module of PAAD. The functional enrichment study was Atlas program

performed using Metascape. LASSO analysis was performed using the “glmnet” package in R, while the

random forest algorithm was realized using the “randomForest” package in R. The prognostic variables

were evaluated using univariate Cox analysis. The prognostic risk model was built using the LASSO

approach. ROC curve and KM survival analyses were performed to assess the prognostic potential of the

risk model. The half-maximal inhibitory concentration (IC50) of the PARP inhibitors was estimated using

the “pRRophetic” package in R and the Genomics of Drug Sensitivity in Cancer database. The “rms”

package in R was used to create the nomogram. A high HRD score indicated a poor prognosis and an

advanced clinical process in PAAD patients. PAAD tumors with high HRD levels revealed significant

T helper lymphocyte depletion, upregulated levels of cancer stem cells, and increased sensitivity to

rucaparib, Olaparib, and veliparib. Using WGCNA, 11 coexpression modules were obtained. The red

module and 122 hub genes were identified as the most correlated with HRD in PAAD. Functional

enrichment analysis revealed that the 122 hub genes were mainly concentrated in cell cycle pathways.

One novel HRD-related gene signature consisting of CKS1B, HJURP, and TPX2 were screened via LASSO

analysis and a random forest algorithm, and they were validated using independent validation sets. No

direct association between HRD and CKS1B, HJURP, or TPX2 has not been reported in the literature so far.

Thus, these findings indicated that CKS1B, HJURP, and TPX2 have potential as diagnostic and prognostic

biomarkers for PAAD. We constructed a novel HRD-related prognostic model that provides new insights

into PAAD prognosis and immunotherapy. Based on bioinformatics analysis, we comprehensively

explored the therapeutic and prognostic potential of HRD in PAAD. One novel HRD-related gene

signature consisting of CKS1B, HJURP, and TPX2 were identified through the combination of WGCNA,

LASSO analysis and a random forest algorithm. A novel HRD-related risk model that can predict clinical

prognosis and immunotherapeutic response in PAAD patients was constructed.

Introduction the majority of patients are diagnosed with

Pancreatic adenocarcinoma (PAAD) accounts for  a progressive stage at the time of the initial clinical
90% of cancers of the pancreas and currently has  visit and lose the opportunity for surgery [2].
a dismal 5-year survival rate of 10% [1]. Due to the ~ Thus, the exploration and development of new
insidious onset and rapid development of PAAD, treatment strategies for PAAD are of utmost
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importance, such as immunotherapy and targeted
molecular therapy.

Homologous recombination repair (HRR) is
a major high-fidelity DNA damage repair (DDR)
mechanism that is responsible for the slow, specia-
lized, complicated, and precise repair of DNA double-
strand breaks (DSBs) and interstrand crosslinks [3].
HRR gene mutations are common in many cancer
types (13-17%), including breast, ovarian, and pan-
creatic cancers [4]. When HRR fails (homologous
repair deficiency; HRD), such as owing to a lack of
BRCAI or BRCA2, the cell must rely on alternate
repair mechanisms, such as nonhomologous end-
joining (NHE]J), which is less accurate and error-
prone, resulting in the accumulation of new mutations
and chromosomal instability, thereby increasing the
likelihood of malignant transformation [5]. HRD is
closely linked to genomic scarring and large-scale
genome instability. Using SCNA calls obtained by
ABSOLUTE, Theo A et al [6] developed an HRD
score for all TCGA samples using a combination of
loss of heterozygosity (LOH), large-scale state transi-
tions (LST), and telomeric allelic imbalance (TAI).
LOH was defined as the number of counts of chro-
mosomal LOH regions shorter than whole chromo-
some and longer than 15 Mb. LST was defined as
chromosome breakpoint (change in copy number or
allelic content) between adjacent regions each of at
least 10 megabases obtained after smoothing and fil-
tering shorter than 3 Mb small-scale copy number
variation. TAI was defined as the number of regions
with allelic imbalance which extend to the sub-
telomere but do not cross the centromere. The HRD
score was defined as the sum of TAI, LST, and LOH
scores. Hundreds of thousands of SNV sites need to be
detected to comprehensively assess the genomic scar-
ring for the HRD score, and this process is compli-
cated and costly. Therefore, the exploration of novel
and convenient markers for HRD is highly warranted
for clinical application [7].

Poly (ADP-ribose) polymerase (PARP) inhibi-
tors, such as olaparib, have been approved by the
FDA for the clinical treatment of PAAD.
Encouraging therapeutic effects of PARP inhibitors
have been observed, particularly in patients with
HRD. The potential of HRD for predicting treat-
ment responses to PARP inhibitors has been
widely reported. In addition, the interaction
between HRD and the ICI immunotherapy
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response in several cancer types has been reported
[8-11]. DNA damage has been shown to increase
the expression of PD-L1 at the cell surface by
promoting the expression of PD-LI mRNA. This
regulation is dependent on the activity of ATM-
ATR/CHKI signaling transduction, and HRD may
lead to more PD-LI overexpression triggered by
double-strand breaks (DSBs) [12].
Immunotherapy focuses on immunological check-
points, such as PD-1 and its ligand, PD-LI. The
presence of PD-L1 has been demonstrated to affect
the efficacy of PD-1/PD-LI-targeted
notherapies [13].

However, the potential of HRD in cancer prognosis
and therapeutics has not been fully explored in PAAD.
Furthermore, discovering novel biomarkers to assess
HRD levels would be advantageous, and it may also
increase the therapeutic potential of HRD-targeting
drugs in PAAD [14].

immu-

Materials and Methods
Data acquisition

We obtained the RNA sequencing (RNA-seq) data
and clinical information of PAAD patients from The
Cancer Genome Atlas (TCGA) (TCGA-PAAD, n=
176) [15]. In addition, four microarray data cohorts
were downloaded from the Gene Expression
Omnibus (GEO) (GSE49481, GSE54219, and
GSE54265) and International Cancer Genome
Consortium (ICGC) (ICGC-PACA-CA, n=165) as
independent test sets [16,17]. Information about
BRCA1 mutations in each tumor sample was provided
in the GSE49481 and GSE54219 cohorts. We utilized
the “IMvigor210CoreBiologies” package in R to obtain
the transcriptome data and clinical information of the
IMvigor 210 cohort [18].

Subsequently, the GEPIA database was utilized
to acquire the differentially expressed genes
(DEGs) in PAAD and normal tissues with the
screening criteria set as |Log2FC|>1 and FDR<
0.01 (n=9221; Supplementary Table S1) [19].
The HRD score of each patient in TCGA-PAAD
cohort was evaluated following as previously
reported and the the calculation formula is as
follows:HRD score = LOH+LST+TAI [20]
(Supplementary Table S2). The stromal, immune,
and ESTIMATE scores for each sample in TCGA-
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PAAD were downloaded from the ESTIMATE
database (https://bioinformatics.mdanderson.org/
estimate/). The mRNA expression-based stemness
index (mRNAsi) for each patient from TCGA-
PAAD was obtained from a previous study [21].
Because the mRNAsi indicates the dedifferentia-
tion potential of cancer cells, it is considered
a marker for cancer stem cells (CSCs).

Identification of immune infiltration subtype
characterization of PAAD

We used the Immune Cell Abundance Identifier
(ImmuCellAI) database to assess the abundance of
24 types of immune cells in TCGA-PAAD cohort by
inputting RNA-seq data (Supplementary Table S3)
[22]. Unsupervised hierarchical clustering of the 24
immune cell fractions was performed by the
“ConsensusClusterPlus” package in R to identify the
different immune infiltration subtypes in TCGA-
PAAD [23].

Weighted correlation network analysis (WGCNA)

The transcriptional profiles of the 9221 DEGs were
input into the “WGCNA” package in R to construct
the coexpression networks, and the detailed process is
described in Supplementary Figure 1. To distinguish
modules with different expression patterns, a soft
threshold power was used for creating coexpression
networks. Pearson’s correlation analysis was per-
formed to estimate the correlation between module
eigengenes (MEs) and the HRD score, and the module
with the highest Pearson’s coefficient was identified as
the module most relevant to the HRD score (HRD-
related module). Based on the criteria of [MM| > 0.8
and |GS| > 0.1, we screened the distinct hub genes in
the HRD-related module [24].

Gene enrichment analysis

The Metascape database was utilized to perform
enrichment analyses. Terms with a p value <0.01,
minimum count of 3, and an enrichment factor > 1.5
were utilized in the next step of the analysis [25]. Using
screening criteria of kappa scores = 4 and similarity >
0.3, Metascape was utilized to perform hierarchical
clustering to partition enrichment terms into distinct

clusters, and the terms with the minimum p value
were selected as the representative terms.

Drug sensitivity prediction

The half inhibitory concentration (IC50) of che-
motherapeutic agents (AG.014699, AZD.2281,
and ABT.888) was evaluated in every PAAD spe-
cimen of TCGA-PAAD by the “pRRophetic”
package in R [26]. Ridge regression was per-
formed by the “pRRophetic” algorithm, and inter-
nal cross validations were conducted by tenfold
cross validation. The above predictions were per-
formed based on the Genomics of Drug
Sensitivity in Cancer (GDSC) database [27].

Machine learning for the candidate HRD-related
gene signatures (HRGSs)

In TCGA-PAAD cohort, the LASSO and the
randomForest algorithms in the “glmnet” and
“randomForest” packages in R, respectively, were uti-
lized to screen candidate HRGS [28-30]. The depen-
dent variable in all algorithms was HRD status (high
versus low).The following parameters were set in the
LASSO algorithm: family = “binomial”; alpha=1;
type.measure = “deviance”; and nfolds=10. The
“randomForest” package in R was used to grow
a forest of 500 trees using the default settings. We
computed feature importance scores with the random
forest model using the “importance” function in the
“random forest” package in R. Based on the
randomForest algorithms, we selected the top five
genes with the highest importance for downstream
analysis. The intersection of the results between the
two methods was identified as HRGS.

HRGS protein subcellular localization

The Human Protein Atlas (HPA) database was
utilized to visualize the relative protein distribu-
tion and subcellular localization of HRGSs in can-
cer cells (https://www.proteinatlas.org/) [31]. The
variation in HRGS protein or transcript expression
correlated with the cell cycle was obtained from
the HPA database.
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Statistical analyses

R software (version 4.0.4) was utilized for all statistical
procedures. Continuous variables were compared
with the Wilcoxon/Kruskal-Wallis test. Differences
in proportion were tested by the chi-square test. A p
value less than 0.05 was considered significant.
Kaplan-Meier (KM) survival analysis for overall sur-
vival (OS) was performed between different sub-
groups followed by the log-rank test. A receiver
operating characteristic (ROC) curve was constructed
to assess the predictive efficacy of the prognostic pre-
diction model. For correlation analysis, Spearman’s
correlation was applied [32].

Results
Prognostic potential of the HRD score in PAAD

A total of 165 PAAD patients had an HRD score and
were subsequently classified into two groups (high/
low HRD group) according to the median HRD score
(15). A significant difference in prognosis was
observed between the high/low HRD groups (HR =
1.58; log-rank test p = 0.031; Figure 1a). Male sex was
less frequent in the low HRD group (44% vs. 65%; chi-
square test, p < 0.05; Figure 1b), and there were higher
proportions of stage I and G1 tumors in the low HRD
group (chi-square test, p < 0.05).

Genome instability is closely connected to
immune cell infiltration in a variety of tumor
types, and different immune microenvironments
(TMEs) lead to differences in prognosis.
Inefficient or defective homologous repair indir-
ectly contributes to genome instability. Therefore,
we further explored the differential immune infil-
tration pattern between the high and low HRD
groups (Figure 2). Patients in TCGA-PAAD were
clustered based on ImmuCellAI data by unsuper-
vised clustering with “ConsensusClusterPlus”, and
three distinct immune subtypes were identified,
namely, Cluster A, Cluster B, and Cluster
C (Figure 2a). The high HRD group demonstrated
higher proportions of the Cluster B subtype and
a lower proportion of the Cluster C subtype
(Figure 2b). Notably, Cluster B exhibited
a distinct downregulated infiltration degree of
T helper lymphocytes (Thl; CD4-T, Thl, Th2,
Th17, Tth, and n/i Treg) and B-lymphocytes as
indicated by a heatmap (Figure 2c). Cluster
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C exhibited a distinct downregulated infiltration
degree of dendritic cells (DCs), gamma delta-T
cells and macrophages. In addition, the stromal,
immune, and ESTIMATE scores were significantly
higher in the low HRD group than in the high
HRD group (Figure 2d). Moreover, the low HRD
group had a markedly diminished mRNAsi score
(Wilcoxon Test, p =0.0013; Figure 2e).

HRD-related gene module revealed by WGCNA

The soft threshold for network construction was set to
12 (Supplementary Figure S2A), and 11 modules,
including 4516  genes,  were  identified
(Supplementary Figure S2B). The MEs of modules
were applied to calculate Pearson’s correlation coeffi-
cients between the modules and HRD scores.
Subsequently, we identified the red module as the
most significantly related to the HRD score
(Pearson’s  correlation  r=043, p<0.0001;
Supplementary Figure S2C). The association between
MM and GS for the HRD score was evaluated in each
module, and we screened 122 distinct hub genes in the
red module based on the criteria of [MM]| > 0.8 and |
GS| > 0.1 (Supplementary Figure S3, Supplementary
Table S4).

Functional enrichment analysis of 122 hub
genes in the red module was performed using the
Metascape database (Figure 3a; Supplementary
Table S5), and these hub genes were mainly
enriched in cell cycle-regulating pathways.

HRD is an important predictive biomarker for sen-
sitivity to PARP inhibitors. In the GDSC database,
complete drug sensitivity data of three different
PARP inhibitors were available, including ruaparib
(AG014699), olaparib (AZD2281), and veliparib
(ABT-888). The “pRRophetic” algorithm indicated
that higher IC50 values for these three PARP inhibi-
tors were in the high HRD group (Wilcoxon test, p <
0.001; Figure 3b), which suggested a lower HRD score,
indicating a higher sensitivity to rucaparib
(AG014699), olaparib (AZD2281) and veliparib
(ABT-888).

Identification of candidate HRGSs using machine
learning

The 122 hub genes of the red module were
analyzed by LASSO and the random forest
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Figure 1. (a) The patients were classified into the high risk or low-risk group according to the median HRD score. The Kaplan — Meier
curve indicated a high level of HRD score, suggesting that patients have a poor prognosis (log rank p-value =0.031). (b) the
proportion of PAAD patients at different sex, tumor stage and tumor grade in high/low HRD score group.

algorithm. The overlapping three genes (CKSIB,  Figure 4a,b). Information about the pathology
HJURP, and TPX2) were identified as HRGSs, and genome functions of these three genes was
and they were all highly expressed in the high  extracted from reviewing relevant publications
HRD group (Wilcoxon Test, p<0.0001; and is summarized in Supplementary Table 6.
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Subsequently, the diagnostic and prognostic
values of HRGSs in PAAD were further explored
based on the GEPIA database. HRGSs were all
highly expressed in PAAD tumors and were all
unfavorable prognostic markers of PAAD

patients (Figure 4c-h). Samples in TCGA-
PAAD were classified into low and high expres-
sion groups according to the median expression
of HRGSs. The “pRRophetic” algorithm indi-
cated that the high expression groups exhibited
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Figure 4. (a) Flow chart of the screening procedure. (b) variation in gene expression levels of CKS1B, HJURP and TPX2 between high
and low HRD score groups (p-values were calculated by the Wilcoxon test). With the GEPIA database, we compared the expression
levels of CKS1B (c), HJURP (d) and TPX2 (e) in PAAD tumors and normal tissues (red color represents tumor tissue, and black color
represents normal tissue; red asterisk represents a p-value <0.01). Kaplan-Meier curves (OS) for expression of CKS1B (f), HJURP (g)
and TPX2 (h) (p-values were obtained from log rank test). Differences in IC 50 of rucaparib (AG014699), olaparib (AZD2281) and
veliparib (ABT-888) evaluated by R package “pRrophetic” between the high and low groups of CKS1B (i), HJURP (j) and TPX2 (k).



a higher IC50 for rucaparib, suggesting the pre-
dictive potential of HRGSs for drug sensitivity to
rucaparib (Figure 4i-k).

Subcellular localization of HRGS protein

The subcellular localization of HRGS proteins was
investigated using immunofluorescence-confocal
laser scanning microscopy in the HPA database.
CKS1B was found mostly in the cytosol and mito-
chondria with minor levels in the nucleoplasm and
vesicles (Supplementary Figure S4A). HJURP loca-
lized to the nucleoplasm, nucleoli and nucleoli rim,
and small quantities of HJURP were found in mito-
chondria (Supplementary Figure S4B). TPX2 was
predominantly located in the nucleoplasm and to
a limited extent in the cytokinetic bridge and mitotic
spindle (Supplementary Figure S4C). Among differ-
ent types of human cancer cell lines, there were no
significant changes in the subcellular localization of
target proteins (Supplementary Table S7). CKSIB
had the highest RNA expression in the S and G2
phases (Supplementary Figure S4D). HJURP and
TPX2 had relatively lower protein expression in the
G1 phase but the highest expression in the S and G2
phases (Supplementary Figure S4E and F).

Validation of HRGSs as biomarkers for HRD

To determine whether CKSIB, HJURP, and TPX2
are markers for HRD, two validations were per-
formed. First, Spearman’s analysis was performed
to estimate the correlation between the HRD score
and the gene expression of HRGSs based on
TCGA pancancer data. In the majority of cancers,
HRGSs had significant positive correlations with
HRD scores (p<0.0001; Figure 5a-c). Because
BRCAI mutation is a well-known contributor to
HRD, we analyzed two transcriptomics datasets
from the GEO database (GSE49481 and
GSE54219), each with BRCAI mutant cancer sam-
ples and BRCA1 wild-type controls. The expres-
sion levels of the three HRGSs in the BRCAI1-
mutant group were higher than those in the
BRCA1 wild-type group (p <0.01; Supplementary
Figure S5A and B). ROC curves were generated to
estimate the diagnostic value of these three HRGSs
for BRCAI mutation. In the present study, the area
under the curve (AUC) of all the above HRGSs
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was more than 0.65, and the area under the curve
of TPX2 was the highest with a value of 0.78 in the
GSE49481 dataset (Supplementary Figure S5C
and D).

To further validate the prognostic value of the
HRGSs, the Long-term Outcome and Gene
Expression Profiling Database of pancancers
(LOGpc), which contains a total of 1302 PAAD
samples available for prognostic information, was
used. The high and low groups were classified
according to the median expression levels of
HRGSs. High expression of HRGSs was a risk
factor for poor PAAD prognosis, which was con-
sistent with prior observations in Figure 4
(Supplementary Figure S6A-C).

HRD-related prognostic model of PAAD and its
usefulness in immunotherapy

The LASSO algorithm identified two prognostic
genes from the HRGSs (HJURP and TPX2),
which were utilized to construct the HRD-related
prognostic model (Figure 6a). The risk scores of
every patient in TCGC-PAAD were evaluated by
the HRD-related prognostic model with the fol-
lowing formula: risk score =HJURP
*0.0750092401451052+TPX2 *0.294086397668997.
Patients in TCGC-PAAD were divided into low
and high risk score groups according to the med-
ian risk score (40.088). The K-M survival analysis
indicated that the low-risk score group had
a better prognosis (HR=1.85 95% CI (1.22-
2.82); log rank test p=0.0036; Figure 6b), and
the ROC curve of 5-year OS revealed a good pre-
dictive value (AUC =0.74) (Figure 6¢). To verify
the robustness of the HRD-related prognostic
model, used an independent dataset (ICGC-
PACA-CA) for validation. A similar result was
obtained in the ICGC-PACA-CA cohort
(Supplementary Figure S6D). A high risk score
was also a significant risk factor for poor prognosis
in the ICGC-PACA cohort (HR=1.85, 95% CI
(1.34, 2.54); log rank test p =0.00012). Univariate
Cox analysis indicated that high risk score, age and
lymph node metastasis (N) were risk factors affect-
ing the prognosis of PAAD patients in TCGA-
PAAD. Therefore, we combined age, lymph node
metastasis and risk score to construct a nomogram
(Figure 6d).
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Figure 5. pan-cancer correlation analysis between the expression levels of CKS1B (a), HJURP (b) and TPX2 (c) and the HRD score in

different kinds of tumors using Spearman analysis.

The differences in HRD scores suggested dis-
tinctly different immune infiltration in PAAD
(Figure 2b). Hence, we further explored the rela-
tionship between the HRD-related prognostic
model and immune infiltration in TCGA-
PAAD cohort. Seven algorithms were utilized
to investigate the differences in immune cell
infiltration between the low- and high-risk
score groups (Figure 7a). According to the heat-
map, the low-risk score group had a relatively
higher level of immune cell infiltration than the
high-risk score group. After exclusion of an out-
lier (TCGA-IB-7651, tumor mutation burden
(TMB) =306.21), the TMB of the high-risk
score group was significantly higher than that
of the low-risk score group (P<0.0001;
Figure 7b). In addition, the expression level of
PDLI was significantly higher in the high-risk
score group (P <0.001; Figure 7c). These results
indicated that the HRD-related prognostic model
was closely related to TMB and PDLI expression
levels, both of which have been reported as bio-
markers for immunotherapy. The risk scores of
every patient in the IMvigor 210 cohort were
evaluated by the same formula as the HRD-
related prognostic model, and ROC curves were
utilized to estimate the ability of the newly
developed model to predict the efficacy of
immunotherapy. The findings indicated that the

HRD-related prognostic model can serve as
a promising predictive marker for immunother-
apy (AUC = 0.67; Figure 7d). Moreover, the pro-
portion of patients with a complete remission
rate (CR) or partial remission rate (PR) in the
high-risk score group was higher than that in
the low-risk score group (chi-square test, P<
0.001; Figure 7e).

According to the K-M analysis, the high-risk
score group had a better prognosis in the
IMvigor210 cohort compared to the low-risk
score group (HR =0.68, 95% CI (0.52-0.89); log
rank test p =0.0044; Figure 8a). The IMvigor210
cohort had the greatest number of patients with
bladder cancer (56%); therefore, we estimated
the impact of high- and low-risk scores on the
prognosis of patients with only bladder cancer.
The results were similar, and the high-risk score
group had a better prognosis (HR =0.70, 95% CI
(0.49-1.01); log rank test p=0.05; Figure 8b).
We further explored whether the significant dif-
ferences in prognosis are due to the predictive
power of the prediction model itself or to the
high response rate to immunotherapy in the
high-risk score group. We calculated the risk
scores of every patient in TCGA-BLCA cohort,
which included 396 bladder cancer patients who
had not been previously treated with immu-
notherapy, by the same formula as the HRD-
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(log rank test p =0.98).

related prognostic model. However, the HRD-
related prognostic model did not predict patient
outcome in TCGA-BLCA cohort (log rank test p
=0.98; Figure 8c), which may have been due to
the high response rate to immunotherapy in the
high-risk score group. We validated our results
using the microarray data of two additional
independent immunotherapy cancer patient
cohorts (GSE78220 and GSE100797). In the
GSE78220 cohort, a significantly higher propor-
tion of patients in the high-risk score group
achieved CR/PR in immunotherapy
(Supplementary Figure S7A). At the same time,
the risk score is a good predictor of immu-
notherapy  responsiveness (Supplementary

Figure S7B). Similar to previous results, patients
with high-risk scores who have a higher immu-
notherapy response have a better prognosis with
a longer median survival (79 months vs. 36.6
months; log rank test p=0.0.03; Supplementary
Figure S7C). Similar results were also observed
in the GSE100797 cohort. It is worth mentioning
that all five cancer patients who achieved CR in
immunotherapy were in the high-risk score
group (Supplementary Figure S7D). ROC analy-
sis suggested that the risk score has good pre-
dictive ability for immunotherapy responsiveness
in the GSE100797 cohort (Supplementary Figure
S7E). Additionally, patients in the high-score
group also have significantly better Progression



2404 (&) C.LIUETAL

Free Survival (PES), which may be due to their
high responsiveness to immunotherapy (79
months vs. 36.6 months; log rank test p=0.0.03;
Supplementary Figure S7F).

Discussion

The present study comprehensively investigated
the therapeutic and prognostic potential of HRD
in PAAD based on bioinformatics analysis. HRD is
largely responsible for genomic scarring (LOH,
LST, and TAI) with large-scale genome instability.
Because the HRD score was developed based on
the combination of LOH, LST, and TAI to esti-
mate the HRD status [6], the selection of the HRD
score as an indicator of HRD status was reasonable
for the present study. The HRD score has been
extensively used and cited in numerous studies of
high quality [33]. It has been reported that positive
HRD status can be used as theranostic markers of
response to platinum- and PARP inhibitor-based
chemotherapies. Thus, precision judgment of
HRD status is of high importance to assist in
formulating clinical decisions for cancer patients
[34]. However, using BRCA 1/2 mutation alone as
a diagnostic criteria, about 40% cancer patients
with HRD would be missed [35]. Utilizing more
global measures, rather than relying on documen-
ted changes in specific genes, may identify more
patients with HRD. The HRD score is an algorith-
mic assessment of three measures of tumor geno-
mic instability (LOH, LST, and TAI) has a better
diagnostic capability for HRD. However, hundreds
of thousands of SNV sites need to be detected to
comprehensive assess the genomic scarring for
HRD score. This process is complicated and
money-consuming. Therefore, the novel and con-
venient markers for HRD obtained in our study, is
highly promising for routine application in clinical
practice.

In the present study, higher HRD scores were
associated with higher tumor pathology grades
(Figure 1b) and CSC levels (Figure 2e). High-
grade tumors are less differentiated than low-
grade tumors and are more likely to develop and
propagate [36]. CSCs are the underlying origins of
unrestricted tumor growth and recurrence [37]. As
a result, we hypothesized that high tumor patho-
logical grades and CSCs may have a role in the

poor prognosis of the high HRD score group. In
addition, we detailed the immunological landscape
in TCGA-PAAD, identifying unique immune infil-
tration patterns in groups with high and low HRD
scores. It is worth noting that the high HRD score
group had significantly higher levels of Thl
exhaustion (Figure 2c). Previous research has indi-
cated that Thl plays a crucial role in immune cell
recruitment to the tumor microenvironment and
impacts tertiary lymphoid structure (TLS) devel-
opment, thereby assisting in the creation of a safe
haven in the tumor mass for the generation of
effective and long-lasting anticancer immune
responses [38]. Thl depletion may be another key
precursor of the poor prognosis in the high HRD
score group because Thl has been reported as
a protective factor for prognosis among multiple
cancer types [39-41].

Subsequently, we utilized the HRD score to per-
form WGCNA and identified the HRD-related
gene module, of which the genes were mainly
enriched in pathways in the cell cycle, especially
in the mitotic G1 phase and G1/S transition
(Figure 3a). The sister chromatid is employed as
a repair template in the majority of HRR instances,
limiting recombination to cell cycle stages in
which the sister chromatid is present, such as the
S and G2 phases, and PALB2 ubiquitylation plays
a significant role in this tight regulatory mechan-
ism [42]. A CUL3-RING ubiquitin ligase com-
prised of KEAPI in combination with CUL3-
RBX1 ubiquitinates PALB2 at the N-terminus dur-
ing the G1 phase. Ubiquitination hinders BRCA1
and PALB2-BRCA2 from forming an association,
reducing BRCA2 recruitment and, as a result,
HRR. Therefore, forced DSB repair by HRR in
the G1 phase, employing a homologous chromo-
some as a template, may lead to negative conse-
quences, such as LOH, which is a symptom of
HRD [43]. Thus, the enrichment analysis results
supported the hypotheses that the gene modules
obtained by WGCNA were significantly correlated
with HRD.

By combining WGCNA and a machine learning
algorithm, we found three candidate HRGSs
(CKSIB, HJURP, and TPX2) as biomarkers for
HRD. CKSIB is an essential regulatory element
that increases SCF binding to the P27 Kip1 cyclin
inhibitor and then destroys P27 Kipl, causing the



cell to shift from G1 to S phase [44]. Furthermore,
CKS1B is crucial not only for cell cycle control but
also for transcription, DNA damage repair, cell
proliferation, cell differentiation, cell senescence,
cell apoptosis, protein secretion, and protein trans-
portation [45]. As a spindle assembly factor, TPX2
stimulates microtubule formation and promotes
spindle completion during mitosis [46]. HJURP is
a centromere-specific protein that is required for
CENP-A centromeric localization [47], and HJURP
suppression causes cell senescence and stops cell
cycle dynamics [48]. HRGSs localize to the nucleo-
plasm, mitochondria, cytokinetic bridge, and
mitotic spindle, which are strictly associated with
the cell cycle (Supplementary Figure S4). Using the
HPA database, we found that the RNA or protein
expression peak phase of HRGSs emerged at the
S and G2 phases when HRR is initiated. As
a result, the temporal and geographical variations
in HRGSs that accompany the HRR process may
contribute to the potential of HRGSs as biomar-
kers for HRD.

Mutated BRCAI genes are most frequently
related to HRD, and BRCA1 proteins are required
for high-fidelity DNA double-strand break repair
via the HRR pathway [49]. BRCAI is a component
of a larger genome surveillance system (BASC)
[50,51]. The MRN complex, mismatch repair pro-
teins (MSH2, MSH6, and MLHI), BLM syndrome
helicase, and ATM are hypothesized to operate as
sensors for DSB DNA damage [52]. BRCA1 defi-
ciency causes HRD, which can be treated with
PARP inhibitors [53]. To further validate the can-
didate HRGSs, we investigated the relationship
between HRGS expression and BRCA1 mutation.
The gene expression levels of HRGSs were signifi-
cantly upregulated in BRCAI-mutated tumor cells,
and we demonstrated that the HRGSs were indi-
cators of BRCA1 mutation in the GSE49481 and
GSE54219 datasets (Supplementary Figure S5).
Thus, the tight relationship between HRGSs and
BRCAI mutation suggested that HRGSs are
important in the HRD process.

We also constructed a risk model that included
HJURP and TPX2. This model not only predicted the
prognosis of PAAD patients but also the response to
immunotherapy. Interestingly, K-M survival studies
revealed that a high-risk score was an unfavorable
prognostic factor in TCGA-PAAD cohort but
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a protective prognostic factor in the IMvigor 210
cohort. Patients suffering from bladder cancer com-
prised the demographic group with the highest per-
centage in the IMvigor 210 cohort. However, the
model was not significantly correlated with bladder
cancer prognosis in the absence of immunotherapy
in TCGA-BLCA cohort (Figure 8). Thus, these
opposite prediction of our risk model may be caused
by the use of immunotherapy. Patients with a high-
risk score achieved a higher response rate to immu-
notherapy in the IMvigor 210 cohort and then sup-
pressed tumor progression, leading to a better
prognosis. Such results were consistent and signifi-
cant in all three independent immunotherapy
cohorts (IMvigor210 cohort, GSE78220 and
GSE100797) that we utilized (line 343-359). These
results also suggest the dual function and application
scenarios of the prognosis model that we con-
structed. In pancreatic cancer patients who have
not undergone immunotherapy, those who have
higher scores calculated by our prognosis model
have a worse prognosis. However, in cancer patients
who have received immunotherapy, those with
higher scores have a higher probability of treatment
response and a better prognosis. Such different
application scenarios further emphasize the clinical
significance of our prognosis model. Therefore, the
present model can identify PAAD patients with poor
prognosis who require immunotherapy and provide
guidance for clinical treatment.

The present study provided additional informa-
tion for potential alternatives for personalizing
therapeutic regimens for PAAD patients.
However, the present study had several limitations.
Firstly, the present study focused solely on bioin-
formatics with no further experimental analysis
based on clinical specimens. In addition, our
study can only assess correlations, rather than
explaining the cause-and-effect relationship
between HRGSs and HRD.Furthermore, this
investigation was retrospective rather than pro-
spective. Hence, further exploration of molecular
mechanisms and prospective clinical trials are war-
ranted to validate the present results, which
include the predictive potential of HRD-related
risk model for the response rate of immunother-
apy. However, we the present results were vali-
dated using multiple independent datasets, and
the results remained credible and acceptable.!**!
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Conclusion

The present study comprehensively investigated
the therapeutic and prognostic potential of HRD
in PAAD based on bioinformatics analysis. PAAD
patients with low HRD scores were typically more
sensitive to PARP inhibitors (rucaparib, Olaparib,
and veliparib) and had significantly better prog-
noses. In addition, the high HRD score group had
significantly higher levels of Thl exhaustion. By
combining WGCNA and a machine learning algo-
rithm, we identified CKS1B, HJURP, and TPX2 as
potential biomarkers for HRD in PAAD.
Furthermore, we constructed a two-gene risk sig-
nature and a nomogram to predict the prognosis
of PAAD. Notably, the risk signature has potential
for predicting the immunotherapy response. Thus,
the present study contributed to the development
of personalized clinical management and treat-
ment regimens for PAAD.
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