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Abstract: Poly (ADP-ribose) polymerases (PARPs) have pleiotropic roles including canonical DNA-

damage response pathways in tumors. Targeting PARP has gained increased attention to treat various 

cancer types. However, biomarkers predicting sensitivity/resistance to PARP inhibitors (PARPis) and 

cancer subtypes vulnerable to PARP targeted therapies remain to be defined. Through implementing 

integrative pharmaco-transcriptomic analyses by correlating the drug response profiles of clinically-

approved PARPi Olaparib with the transcriptomes of solid cancer cell lines (n=659), we establish 

PARPis responsive gene signatures with high reproductivity. With the signatures, we identify tumor 

subsets vulnerable for PARPi and several potential targets synergistically interacting with PARPi.  
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1. Introduction 

Genomic instability is a hallmark of cancer [1]. Poly(adenosine diphosphate–ribose) polymerase 

(PARP) is a critical component of the single-stranded break (SSB) repair pathway. PARP comes into 

focus as a target when SSB repair was identified as a synthetic lethal partner with homologous 

recombination deficiency (HRD) that is typically induced by BRCA1/2 mutations [2]. Beyond SSB 

repair, increasing evidence has also suggested that PARP is implicated in numerous other biological 

processes, such as oxidative stress response and mitochondrial homeostasis [3,4]. As such, recently 

there has been increasing evidence supporting the expansion of PARP-targeted therapy beyond HRD 

[5-7]. However, biomarkers predicting sensitivity/resistance to PARP inhibitors (PARPis) and cancer 

subsets vulnerable to PARP targeted therapies remain to be defined [8]. Additionally, synthetic lethality 

pathways for PARP-targeted therapy are being studied extensively due to the rapidly developed 

resistance to PARP inhibitors (PARPi) [9,10], which requires further investigations. 

In this study, we sought to systematically delineate the gene networks correlated with PARPi 

sensitivity and resistance in solid tumor cells to identify the responsive biomarkers to PARP targeted 

therapies. Based on comprehensive correlation analysis of drug response profiles with genome-wide 

transcriptomics across solid cancer cell lines (n=659), we established PARPis sensitive and resistant 

signatures, which then leads to identifying cancer subtypes that are suitable for PARPis-based therapy. 
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More importantly, the integration of the PARPis resistant signature informed several molecular 

inhibitors that potentially synergize with PARPis. 

2. Results 

2.1. Systematic correlation analysis identifies gene signatures predicting the sensitivity and resistance to 

clinically-approved PARPi Olaparib 

To systematically identify gene signatures that predict Olaparib response, we correlated the 

sensitivity profiling of Olaparib against the transcriptomes of pan-solid cancer cell lines (n=659), based 

on a previously curated small-molecule compound library screen dataset (Figure 1A) (17). The results 

revealed two gene signatures that were significantly correlated (empirical p-value < 0.05), negatively 

(Figure 1B) or positively (Figure 1C), with the area under the curve (AUC), a measure of drug sensitivity 

determined by fitted concentration-response curves, of Olaparib. Of note, the negatively correlated 

genes indicate that higher gene expression correlates with lower AUC value and thus are sensitive to 

Olaparib. In contrast, the positively correlated genes indicate that higher gene expression correlates 

with a higher AUC value and thereby is resistant to Olaparib. Thus, we defined the negatively 

correlated genes as PARPi sensitive signature, containing 30 genes, and the positively correlated genes 

as PARPi resistant signature, containing 30 genes (Figure 1B, C).  
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Figure 1. Systematic correlation identifies PARPi sensitive and resistant gene signatures. A, Schematic model 

shows the pharmacogenomic analysis that integrates transcriptomic data and drug response profiles of clinically-

approved PARP inhibitor (PARPi) Olaparib across pan-solid cancer cell lines (n=659); B-C, Genes in PARPi 

sensitive (in blue, left in B-C) and resistant (in red, right in B-C) signatures were established. 

2.2. Reproductivity of the established PARPi sensitivity and resistance gene signatures 

To confirm the reproductivity of our established gene signatures, we applied them to an 

independent cohort GDSC (Genomics of Drug Sensitivity in Cancer, https://www.cancerrxgene.org/), 

which provides sensitivity data of hundreds of drug compounds, including several clinically-approved 
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PARPis, e.g. Olaparib, Talazoparib, and Niraparib, assayed on hundreds of cancer cell lines from CCLE 

(Cancer Cell Line Encyclopedia) cohort. We first calculated PARPi sensitive and resistance gene 

signature scores across pan-solid cancer cell lines, which were then merged with the drug sensitivity 

profiles from GDSC. The results showed that the AUC values of the PARPis Olaparib, Talazoparib, and 

Niraparib were all significantly negatively correlated with the PARPi gene signature score (Figure 2A), 

and positively correlated with the PARPi resistant gene signature score (Figure 2B), confirming the 

reproductivity of our established PARPi signatures. Additionally, we explored the association of the 

PARPi signatures with a well-curated HRD signature score [11], which, intriguingly, demonstrated that 

there are heterogeneous correlation patterns between the PARPi signatures and the HRD signature 

score across the TCGA pan-cancer patient cohort (Figure 2C, D). The results suggest that the PARPi 

signatures might be independent of the HRD signature. In line with this, recent studies support the 

expansion of PARP-targeted therapy in cancer irrespective of classical HRD signatures [5-7]. 
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Figure 2. Reproductivity of the PARPi gene signatures. A-B, An independent data cohort validating the 

correlation of PARPi sensitive (A) and resistant (B) signatures with the AUC (area under the curve) values of three 

clinically-approved PARPis (Olaparib, Talazoparib, and Niraparib). Drug response profiles of the three PARPis 
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were downloaded from the GDSC (Genomics of Drug Sensitivity in Cancer; https://www.cancerrxgene.org/) 

database, and were integrated with the PARPi sensitive (A) and resistant (B) signature scores across CCLE (Cancer 

Cell Line Encyclopedia) pan-solid cancer lines; C, Association of PARPi sensitive (left) and resistant (right) 

signature scores with curated HRD (homologous recombination deficiency) score across TCGA (The Cancer 

Genome Atlas) pan-solid tumor samples. PARPi sensitive and resistant signature scores were calculated by 

summarizing the Z-normalized log2RSEM (RNA-Seq by Expectation-Maximization) of the expression data for the 

genes in the PARPi sensitive and resistant signatures, based on the RNA-sequencing data of TCGA pan-solid 

tumor samples. THE curated HRD score was based on a previous study (Ref. 11). #p < 0.01 (blue; negative 

correlation); *p < 0.01 (red; positive correlation). 

2.3. The PARPi gene signatures facilitate the identification of cancer subtypes potentially suitable to PARPis 

Next, we applied PARPis sensitivity and resistance gene signatures to both cancer cell lines and 

patient samples to identify cancer subtypes that are potentially vulnerable to PARPi.  

Regarding the cancer cell lines, the results showed that cancer cells originating from the lineages 

of autonomic ganglia, bone, and lung display relatively high PARPi sensitive and low resistant score 

(Figure 3A; Suppl. Figure 1), suggesting that cancer cells with these lineages are more likely to be 

sensitive to PARPi treatment. Of note, there is high heterogeneity in the distribution of PARPi 

sensitivity and resistance scores across lung cancer cells (Figure 3A), implying that response to PARPis 

in lung cancer cells is most heterogeneous. Interestingly, a further investigation of the top 30 cell lines 

with high PARPi sensitive scores, we observed that small-cell lung cancer (SCLC) cell lines are highly 

enriched (Figure 3B), indicating that in lung lineage-derived tumors, SCLC other than non-SCLC 

(NSCLC), represent a potential subset vulnerable to PARPi. In support of this, SCLC has a significantly 

higher PARPi sensitive score but a lower resistant score than that of NSCLC (Figure 3C). Along the 

same lines, mining an independent data source from GDSC revealed that SCLC is more sensitive to the 

three clinically-approved PARPi Olaparib, Talazoparib, and Niraparib, compared with NSCLC (Figure 

3D). Taken together, these results suggest that PARPi may represent a promising treatment for SCLC 

cells. Of important note, SCLC can be broadly divided into 4 molecular subtypes by differential 

expression of four key transcription regulators: achaete-scute homolog 1 (ASCL1), neurogenic 

differentiation factor 1 (NEUROD1), yes-associated protein 1 (YAP1), and POU class 2 homeobox 3 

(POU2F3) [12]. We further found that only YAP1 expression is significantly correlated with the PARPi 

sensitive (negatively) and resistant (positively) signatures (Figure 3E), suggesting that the YAP1-driven 

SCLC subtype may be resistant to PARPis. In support of this, the YAP1-driven SCLC subtype is more 

resistant to PARPis, compared with other non-YAP1-driven SCLC subtypes, as indicated by a 

significantly higher AUC value of YAP1-driven SCLC cells in response to the three clinically-approved 

PARPi Olaparib and Talazoparib (Figure 3F).  
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Figure 3. Identifying non-YAP1-driven SCLC as potential subsets for therapeutic response to PARP inhibitors 

(PARPis). A, Prospective analysis of PARPi sensitive signature score across CCLE (Cancer Cell Line Encyclopedia) 

pan-solid cancer lines. PARPi sensitive signature score was calculated by summarizing the Z-normalized 

log2RSEM (RNA-Seq by Expectation-Maximization) of the expression data for the genes in the PARPi sensitive 

and resistant signatures, based on the RNA-sequencing data of pan-solid cancer cell lines from CCLE; B, Top 30 

cancer cell lines with high PARPi sensitive score. Note that cancer cells from SCLC (small-cell lung cancer) and 

autonomic ganglia are mainly enriched; C, Significant difference (by Welch’s t-test) of PARPi sensitive signature 

score between SCLC and non-SCLC (NSCLC) cells from CCLE; D, Significant difference (by Welch’s t-test) of IC50 

[median inhibitory concentration (IC50); μM] values between SCLC and non-SCLC (NSCLC) cells in response to 

three clinically-approved PARPis; E, Correlation matrix showing the correlation between PARPi signatures and 

four transcription factors that determine SCLC subtypes; Positive (in blue) and negative (in red) correlations are 

shown to the right, with color intensity and the size of the circle proportional to the correlation coefficient. Non-

significant correlation coefficient values are left blank. On the right side of the correlogram, the legend color shows 

the correlation coefficients and the corresponding colors. p-value < 0.05 is considered significant; F, The association 

of non-YAP1-driven SCLC with therapeutic responses to three clinically-approved PARPis. The characterization 
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of SCLC cell lines was based on a previously curated data source (CellMiner-SCLC; 

https://discover.nci.nih.gov/SclcCellMinerCDB/), which was then merged with the corresponding drug profiles 

from GDSC. A significant difference was calculated by Welch’s t-test.  

Concerning the patient samples, we integrated the transcriptomic data from the pan-cancer cohort 

provided by The Cancer Genome Atlas (TCGA) project. Of note, for lung cancer samples, the TCGA 

project only contains NSCLC samples. We observed that tumors derived from the central nerves 

system, e.g., low-grade glioma (LGG) and glioblastoma (GBM), display the highest PARPi sensitive 

and lowest PARPi resistant signatures, whereas pancreatic tumor samples exhibit the highest PARPi 

resistant signature score (Figure 4A; Suppl. Figure 1B). In line with this, the cell-line-based models also 

revealed that cell lines derived from the pancreas are generally characterized by a high PARPi resistant 

signature score (Suppl. Figure 1A, B). Besides, clinical tumors (PCPG) from the autonomic ganglia 

lineage also exhibit a rather low PARPi resistant signature score, consistent with the cell-line-based 

models (Suppl. Figure 1A, B).  

 

https://discover.nci.nih.gov/SclcCellMinerCDB/
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Figure 4. Identifying IDH1/2-mutant brain tumors as potential subsets for therapeutic response to PARPis. A, 

Prospective analysis of PARPi sensitive signature score across TCGA pan-solid cancer cohort. To note that brain 

tumors (LGG, low-grade glioma; GBM, glioblastoma multiforme) were ranked as the top cancer types with the 

highest PARPi sensitive signature score; B, Significant difference (by Welch’s t-test) of PARPi sensitive and 

resistant signature scores between IDH1/2-mutant (mut) and wild-type (WT) samples of LGG and GBM; C, 

Significant difference (by Welch’s t-test) in the sensitivity (reflected by AUC [area under the curve] of IDH1/2-mut 

and -WT solid cancer cells in response to two clinically-approved PARPis. D-E, Kaplan-Meier survival analyses of 

LGG (left) and GBM (right) stratified by the PARPi sensitive (upper panel) and resistant (lower panel) gene 

signatures. 

It is well-known that mutations in isocitrate dehydrogenase 1 or 2 (IDH1/2), which results in the 

production of the oncometabolite 2-hydroxglutarate (2-HG), are the most common genetic alterations 

in glioma [13]. Interestingly, we observed that IDH1/2 mutations were significantly associated with 

high PARPi sensitive and low resistant scores in LGG and GBM tumor samples (Figure 4B), suggesting 
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that IDH1/2-mutant tumors are likely to be more sensitive to PARPis. Supporting our findings, IDH1/2-

mutant solid cancer cells have significantly lower AUC values compared with wild-type (WT) in 

response to PARPis Vorinostat and Belinostat, based on an independent GDSC data cohort (Figure 4C). 

Consistently, it was recently reported that IDH1/2-mutant tumors display higher sensitivity to the 

PARPis, compared with IDH-WT counterparts [14,15]. Furthermore, the PARPi resistant signature 

predicts a poor prognosis in terms of overall survival (OS) and progression-free survival (PFS) in 

patients with LGG and GBM (Figure 4D, E).  

Taken together, non-YAP1-driven SCLC and IDH1/2-mutant brain tumors are potential cancer 

subsets suitable for PARP targeted therapy.  

2.4. The PARPi resistant gene signature facilitates identifying drugs synergistically interacting with PARPi 

The efficacy of PARPi treatment as a monotherapy is not durable, and intrinsic and acquired 

resistance are common in response to PARPi treatment. Thus, it is critical to identify additional targets 

to enhance the efficacy of PARPi treatment. 

The genes in the established PARPi resistant signature represent potential effectors that mediate 

the intrinsic resistance to PARPi, implying that targeting these genes might sensitize cancer cells to 

PARP targeted therapy. Next, we sought to identify drug candidates whose effects correlated with the 

expression of these genes. Through individually correlating the 30 genes of the PARPi resistant 

signature (Figure 1C) with the drug compounds in the library, we observed that 10 of 30 genes whose 

higher expression significantly correlate with lower AUC values of drugs targeting EGFR-MAPK or 

SRC signaling pathways (Figure 5), e.g. EGFR inhibitors (Gefitinib, Erlotinib, Lapatinib, Afatinib, 

PD153035), MEK1/2 inhibitors (Trametinib, Selumetinib, PD318088), SRC inhibitors (Dasatinib, 

Saracatinib), suggesting cancer cells with high expression of these PARPi resistant genes are more 

sensitive to these targeted therapies. In support of this, previous evidence demonstrated that MEK 

inhibitors could artificially induce HRD and synergize with PARPi in multiple tumor types [16-18]. 

Further, recent evidence also revealed the PARP1 plays a critical role in mediating the acquired 

resistance to EGFR inhibitors, and PARPi could selectively eliminate the EGFR-resistant lung cancer 

cells [19]. Mechanistically, PARP-1 mediates the therapy resistance by regulating ROS levels 

independent of its classical role in DNA repair. More recently, pharmacological screening identified a 

synergistic interaction between Dasatinib and Olaparib in triple-negative breast cancer [20]. 

Collectively, these lines of evidence indicate the robustness of our established PARPi responsive 

(sensitive/resistant) signatures in identifying combined targets that synergistically augment the efficacy 

of PARPi.  
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Figure 5. Genes in the PARPi resistant signature correlate with the sensitivity of several clinically-approved 

inhibitors. Box-and-whisker plots show the extent of correlation between cytotoxic effects (reflected by the area 

under the curve [AUC] value) of drug compounds in the library (n=481) and expression level of genes in the PARPi 

resistant signature. The y-axis indicates z scored Pearson’s correlation coefficients; line, median; box, 25–75th 

percentile; whiskers, 2.5th and 97.5th percentile expansion; Here, significantly (adjusted p < 0.05) correlated 

inhibitors were shown (red dots: positively correlated; blue dots: negatively correlated). Note that cells with 

smaller AUC values are more sensitive to the tested drugs. Inhibitors targeting EGFR, MEK1/2, or SRC kinases are 

listed as the most negatively correlated drug. 

3. Discussion  

PARP represents a promising therapeutic target, given that PARPi exhibits synthetic lethality with 

tumors harboring HRD. Although a variety of HRD signatures have been developed to stratify cancer 

patients for PARP targeted therapies, the treatment response to PARPi is highly heterogeneous. 

Further, available HRD tests fail to consistently identify a subset of patients who can benefit from 

PARPis [21]. As such, better biomarkers that predict the therapeutic responses and facilitate the 

identification of subsets suitable for PARPis are critical. In this study, PARPi sensitive and resistance 

signatures were established by integrated pharmaco-transcriptomics of a clinically-approved PARPi 

Olaparib across a large cohort of solid cancer cell lines, which demonstrated that two potential patient 

subsets for PARPi monotherapy: IDH1/2-mutant brain tumors and non-YAP1-featured SCLC. We 
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further identified several clinically-approved inhibitors as potential candidates that synergistically 

enhance the efficacy of PARPi in treating cancer. 

Numerous gene signatures have been developed to predict the HRD to stratify patients for PARPi. 

However, in this study, our established PARPi signatures appear no correlation with curated HRD 

signature, which might be due to the fact that PARP has pleiotropic roles beyond DNA damage repair, 

such as ROS [19] or transcription regulation [22]. McGrail et al. [23] used gene expression profiles from 

ovarian and breast cancer cell lines that display high sensitivity to olaparib and rucaparib, leading to 

deriving a transcriptional algorithm that can improve the prediction sensitivity to PARP inhibitors. In 

line with this, recent studies support the expansion of PARP-targeted therapy in cancer irrespective of 

classical HRD signatures [5-7]. In a recent phase III clinical trial recruiting patients with newly 

diagnosed advanced ovarian cancer who had a response to platinum-based chemotherapy, the 

therapeutic benefits from PARPi niraparib is regardless of the presence or absence of HRD [5]. 

Interestingly, based on the HRD-independent PARPi signature, we identified IDH1/2-mutant 

brain tumors and SCLC as the potential subsets for PARPi. Our findings were in line with recent studies 

demonstrating that IDH1/2-mutant tumors display higher sensitivity to the PARPis, compared with 

IDH-WT counterparts [14,15]. Mechanistically, IDH1/2 mutations induce an HRD  phenotype via 

inhibition of specific αKG-dependent dioxygenases, consequently rendering IDH1/2-mutant tumors 

vulnerable to PARPi [15]. In SCLC, previous evidence showed that most SCLC cell lines tested were 

highly sensitive to PARPi compared with NSCLC cell lines. PARPi has also been widely investigated 

in SCLC [24]. However, PARPi drug sensitivity was not universal for all SCLC cell lines tested. 

Interestingly, our study reveals that the YAP1-driven SCLC subtype predicts resistance to PARPi, 

which might explain the heterogeneous responses observed. Thus, more molecularly based 

stratifications for PARP targeted therapy in SCLC patients are needed [25]. 

Intrinsic and acquired resistance to PARPi is common, leading to extensive pursuits for 

combination therapy to improve the efficacy of PARPi [26]. In this study, based on the limited drug 

library (n = 481), we identified that cancer cells with high expression of PARPi resistant genes are more 

sensitive to inhibitors targeting EGFR, MEK1/2, or SRC kinases, which was in line with previous 

evidence demonstrating that PARP1 mediates the acquired resistance to EGFR inhibitors in NSCLC 

through controlling ROS levels [19]. This study highlighted DNA repair-independent role of PARPi. 

Likewise, MEK inhibitors could also synergize with PARPi in multiple tumor types [16-18], largely due 

to its artificial induction of HRD. Further, the synergism between Dasatinib and Olaparib was validated 

in a previous study [20]. These lines of evidence suggest the robustness of our established PARPi 

signature. Due to the limited size of the current drug library in this study, further analyses based on a 

large cohort of drug compounds, particularly clinically-approved ones, are required. 

4. Materials and Methods  

4.1. Public Databases 

Processed drug screening and gene expression data across a set of small-molecule compounds 

(n=481) and solid cancer cell lines (n=659) from a published study [27,28] were downloaded for 

reanalysis. Correlation data across all 481 small molecules against individual transcriptomes that are 

significantly correlated with response to at least one small molecule were included for analysis [27,28]. 

The area under the curve (AUC), determined by fitted concentration-response curves (2-fold dilution, 

over a 16-point concentration range), is used as a measure of sensitivity. Fisher's z-transformation was 

applied to the correlation coefficients to adjust for (normalize) variations in cancer cell line number 

across small molecules and contexts [27,28]. For validation analysis, the drug response profiles to 

different PARPis from independent GDSC (Genomics of Drug Sensitivity in Cancer, 

https://www.cancerrxgene.org/) dataset were employed. The normalized RNA-sequencing data of 

identified genes across The Cancer Genome Atlas (TCGA) Pan-cancer cohort was downloaded from 

cBioPortal (https://www.cbioportal.org/). Normalized transcriptomic data of cancer cell lines were 

downloaded from Cancer Cell Line Encyclopedia (CCLE) project 

https://www.cancerrxgene.org/
https://www.cbioportal.org/
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(https://portals.broadinstitute.org/ccle). Characterization of SCLC subtypes was based on a previously 

curated public resource (CellMiner-SCLC; https://discover.nci.nih.gov/SclcCellMinerCDB/) [29]. 

4.2. PARPi and HRD gene signature scores 

PARPi sensitive and resistant signature scores were calculated by summarizing the Z-normalized 

log2RSEM (RNA-Seq by Expectation-Maximization) of the expression data for the genes in the PARPis 

sensitive and resistant signatures, based on the RNA-sequencing data of TCGA pan-solid patients` 

tumor and pan-solid cancer cell lines from CCLE [30,31].  

The curated HRD gene signature score was based on a TCGA pan-cancer project [11]. 

4.3. Survival Analysis 

Survival analysis was performed using “survminer” and “survival” R packages. Tumor samples 

within the TCGA Pan-cancer, LGG, and MESO cohorts were divided into two groups, based on the 

best-separation cut-off value of indicated genes to plot the Kaplan–Meier survival curves [30,32]. 

All analyses were performed using R (version 3.6.3).  

5. Conclusions 

The established PARPi responsive (sensitive/resistant) signatures in solid tumors exhibit 

robustness in identifying cancer subtypes that are potentially vulnerable to PARP-targeted therapy, 

and combined targets that synergistically augment the efficacy of PARPi. 

Supplementary Materials: Figure S1: Prospective analysis of PARPi resistant signature score across CCLE (Cancer 

Cell Line Encyclopedia) pan-solid cancer lines and TCGA (The Cancer Genome Atlas) pan-solid tumor samples.  
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