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Abstract: Acquired resistance and clonal heterogeneity are critical challenges in cancer treatment, and the lack 
of effective computational tools hampers the discovery of new treatments to overcome resistance. Using high-
throughput transcriptomic databases of compound perturbation profiles, we have developed a bioinformatic strat-
egy for identifying candidate drugs to overcome resistance with combinatorial therapy. We devised this strategy 
during an investigation into the acquired resistance against PARP inhibitors (PARPi) in a triple-negative inflammatory 
breast cancer cell line. In this study, we derived multiple PARPi-resistant clones and characterized their transcrip-
tomic adaptations compared to the parental clone. The transcriptomes of the resistant clones showed substantial 
heterogeneity, highlighting the importance of characterizing multiple clones from the same tumour. Surprisingly, 
we found that these transcriptomic changes may not actually confer PARPi resistance, but they may nevertheless 
induce a shared secondary vulnerability. By modeling our data in relation to transcriptomic perturbation profiles of 
compounds, we uncovered deficiencies in Ras signaling that resulted from transcriptional adaptation to long-term 
PARPi treatment across multiple resistant clones. Due to these induced deficiencies, we predicted that the resistant 
clones would be sensitive to pharmacological reinforcement of PARPi-induced transcriptional adaptation. We then 
experimentally validated this predicted vulnerability that is shared by multiple resistant clones. Our results thus 
provide a promising paradigm for integrating transcriptomic data with compound perturbation profiles in order to 
identify drugs that can exploit an induced vulnerability and overcome therapeutic resistance, thus providing another 
strategy towards precision oncology.

Keywords: PARP inhibitor resistance, triple-negative inflammatory breast cancer, clonal heterogeneity, transcrip-
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Introduction

Acquired resistance to therapeutic treatment  
is a frequent challenge in cancer, and finding 
new treatments to overcome therapeutic resis-
tance can be both difficult and time-consum-
ing. Clonal heterogeneity further complicates 
the problem, since the treatment would ideally 
eradicate all cancer clones in order to minimize 
the chance of additional acquired resistance. 
Therefore, an efficient way of identifying novel 
candidates to combat resistance would help 
fuel the therapeutic development and thus 
improve clinical outcome. Here, we have devel-

oped a bioinformatic strategy that uses high-
throughput transcriptomic databases of com-
pound perturbation profiles in order to identify 
new treatments to overcome acquired resis-
tance, and this bioinformatic development was 
motivated and informed by our study on resis-
tance against PARP inhibitors.

PARP inhibitors (PARPi) are a class of drugs that 
target DNA damage repair, including olaparib, 
talazoparib, rucaparib, niraparib, as well as 
many other new drugs that show PARPi activity 
[1, 2]. These drugs have been shown to be 
effective against germline BRCA1/2 mutant 
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triple-negative breast cancer, advanced ovari-
an cancer, metastatic pancreatic cancer, and 
metastatic prostate cancer [3-9]. Typically, 
PARPi exert their anti-cancer effects by trap-
ping the PARP protein to the DNA, leading ulti-
mately to DNA double-strand breaks and cell 
death [1, 10-12]. Now that PARPi are indicat- 
ed for maintenance therapy lasting up to two 
years [3, 4, 6, 8], acquired resistance against 
PARPi represents a critical cause of treatment 
failure. We therefore seek to identify drugs that 
can be used in combination with PARPi in order 
to overcome resistance.

Here, we developed a new bioinformatic strat-
egy to identify drugs to combat acquired resis-
tance, by integrating high-throughput transcrip-
tomic databases of compound perturbation 
profiles with transcriptomic characterization of 
resistant cancer clones. Currently, proteomic 
and transcriptomic profiling approaches are 
commonly used to discover candidates for 
combinatorial therapy, and candidates are 
often identified by short-term (48-96 hours) 
treatment of the primary drug and searching for 
secondary drugs that suppress activated path-
ways [13, 14]. These candidate drugs would 
then be commonly used in concurrent combina-
tion with the primary drug [1, 2, 15-20]. In con-
trast, we investigated resistance here in the 
context of long-term (10 months) treatment of 
the primary drug for the purpose of identifying 
promising therapeutic strategies to overcome 
resistance. Because clonal heterogeneity rep-
resents an important challenge, we character-
ized several resistant clones in order to identify 
shared vulnerabilities. We chose to focus on 
triple-negative inflammatory breast cancer, 
because it is the most lethal subtype of breast 
cancer [21]. After deriving PARPi-resistant can-
cer clones [22], we initially followed the above 
approach of suppressing pathways activated  
by PARPi in order to identify candidates for con-
current combinatorial treatment with PARPi. 
However, we then discovered that the mecha-
nism of PARPi resistance was caused by a 
revertant BRCA1 mutation. We thus revised  
our bioinformatic strategy to identify drugs that 
target secondary vulnerabilities induced by 
transcriptional adaptation to long-term PARPi 
treatment. Importantly, we validated our bioin-
formatic strategy by experimentally confirming 
the predicted vulnerability in the PARPi-resis- 
tant clones.

Materials and methods

Cell culture

The SUM149 cell line was maintained in Ham’s 
F12K medium (ATCC, 30-2004) with 5% FBS, 
10 mM HEPES, 1 µg/mL hydrocortisone, and 5 
µg/mL insulin. PARPi-resistant clones were de- 
rived by long-term treatment with 50-100 nM 
talazoparib. Initially, cells were treated with 
100 nM talazoparib with the medium replaced 
daily for 5 days, followed by 2 more days in 50 
nM to allow apoptosis to complete. Single 
clones were trypsinized, picked, placed in 
96-well plates for monoclonal expansion in 50 
nM talazoparib, which took about 8 months 
(untreated SUM149 typically takes 8-10 weeks 
for monoclonal expansion). Subsequently, the 
clones were cultured in 25 nM talazoparib for 
the first 3 passages, and talazoparib treatment 
was discontinued after the cells began to sta- 
bly proliferate (2-3 months). The clones were 
confirmed to be stably resistant to talazoparib, 
olaparib, and rucaparib even at high passage 
numbers.

Transcriptomic analysis

The SUM149 parental and PARPi-resistant 
clones were treated with 0.1% DMSO or 50 nM 
talazoparib for 48 hours in 3 biological repli-
cates before total RNA was harvested with the 
Qiagen RNeasy kit (#74134) and submitted for 
whole transcriptome sequencing (2×76 bp 
paired-end) at the MD Anderson Sequencing 
and Microarray Facility. About 20-30 million 
read pairs were generated per sample, with an 
average insert size of 200 bp. Across 51 sam-
ples, about 93-94% of reads had base quality 
≥30, and the mean base quality scores were 
38-39.

Quality assessment of reads was determined 
by FastQC (v0.11.3), which detected minor 
adapter contamination. Therefore, contaminat-
ing adapters were removed using cutadapt [23] 
(v1.17). Transcript expression was quantified 
directly without alignment using salmon with 
bias correction [24] (v0.11.2). Batch effects 
were estimated using ComBat as implemented 
in sva [25] (v3.32.1). Differential expression 
Wald statistics were estimated using DESeq2 
[25, 26] (v1.24.0). Gene set enrichment scores 
were calculated with GSVA [27] (v.1.32.0). 
Competitive gene set enrichment analysis was 
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performed using CAMERA [28] as implemented 
in limma [29] (v3.40.2). Gene sets were acquir- 
ed from the Molecular Signatures Database 
[30-32] (MSigDB v6.2). Expression data from 
the TCGA were retrieved from the Genomic 
Data Commons. Triple negative breast cancer 
(basal subtype) samples in the TCGA were  
identified by the PAM50 classifier as imple-
mented in genefu [33] (v2.16.0). Plots were 
generated using ggplot2 [34] (v3.3.2) and 
ComplexHeatmaps [35] (v2.0.0). To investigate 
the BRCA1 locus, read pairs were aligned using 
STAR [36] (v2.7.2b) and visualized using the 
Integrative Genomics Viewer [37] (v2.4.18)  
with soft-clipped bases visible. Potentially mis-
aligned reads were re-aligned using BLAT.

Integrative analysis with perturbation maps

Broad Connectivity Map (CMap) Phase 1 data 
[38] was retrieved from GEO (GSE92742) and 
imported into R using the cmapR (v1.0.1) pack-
age (https://github.com/cmap/cmapR). Only 
the landmark genes were used for downstream 
analyses, because the imputed expressions of 
non-landmark genes showed discernible differ-
ences in distributions compared to the mea-
sured expressions of landmark genes. The 
expression differences between resistant and 
parental clones (query profiles) and expression 
differences across landmark genes in CMap 
between compound and vehicle (perturbation 
profiles) were compared using the cosine simi-
larity measure (uncentered Pearson correla-
tion). The null distribution of this similarity  
score was estimated by re-sampling genes in 
the query profiles with replacement. Addition- 
ally, we also compare the similarity scores 
between the query and a compound perturba-
tion profile against the similarity scores be- 
tween the query and all other compound per-
turbation profiles as follows. In CMap, each 
compound has several perturbation profiles 
generated in different cell lines, treatment 
dose, and duration. The perturbation profiles 
generated for the same compound are  
expected to be correlated. Therefore, the  
similarity score comparisons were performed 
using the correlation-adjusted t-test as imple-
mented in limma [28]. The source code used 
for preprocessing the CMap data is available  
in a repository (https://github.com/djhshih/ 
analysis-cmap), and the source code for the  
downstream analysis is available in another re- 

pository (https://github.com/djhshih/analysis- 
parpir-sum149-rna-seq).

Amplicon sequencing

DNA was extracted with NucleoSpin DNA 
RapidLyse (Macherey-Nagel, 740100), and the 
target region of BRCA1 was amplified using 
PCR primers 5’-ACAGCGATACTTTCCCAGAGCT- 
3’ and 5’-TGGGGTTTTCAAATGCTGCACA-3’ with 
Amplicon-EZ adapters added. The PCR product 
was purified with NucleoSpin PCR Clean-up 
(Macherey-Nagel, 740609) and submitted for 
amplicon sequencing at Genewiz. Read pairs 
were aligned using bwa [39] mem (v0.7.17) to 
wildtype, mutant, or revertant allele within the 
amplified region of BRCA1. The numbers of R1 
reads mapping uniquely to each allele with a 
quality score ≥5 were counted in each sample. 
The first sequencing batch showed an index 
cross-contamination rate of 0.40%, so the 
parental cells were re-cultured in isolation, and 
their DNA was re-extracted, PCR amplified, and 
submitted for sequencing in isolation, so as to 
eliminate the possibility of cross-contamina-
tion. Read depths of the revertant allele were 
higher due to the shorter amplicon, and this 
bias was corrected using total read depths 
across samples. The analysis source code is 
available in a repository (https://github.com/
djhshih/analysis-parpir-sum149-amp-seq).

Immunofluorescence

Cells were seeded on glass cover slips and 
incubated in growth medium for 2-3 days. At 
harvest, the cells were fixed in 10% formalin  
for 10 min, permeabilized with 1% Triton X100 
in PBS for 10 min, and blocked with 5% horse 
serum in PBS-T (0.05% Triton X100 in PBS) for 
1 h. Following PBS washes, the slides were 
incubated with primary antibodies against 
vimentin (Abcam, ab92547, 1:250) or E-cad- 
herin (CST, #3195, 1:200) at 4°C overnight. 
After PBS-T washes, the slides were incubated 
for 1 h with Alexa Fluor 568 secondary anti- 
body (Thermo Fisher, A10042, 1:500), along 
with Alexa Fluor 488 Phalloidin (Thermo Fish- 
er, A12379, 1:200). The slides were washed 
with PBS-T, stained with Hoechst (Invitrogen, 
H3570, 1:1000) for 10 min, and washed again 
before mounting on glass slides with Vecta- 
Shield medium (Vector Laboratories, H-1000) 
and subsequent fluorescence microscopy.
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Drug sensitivity assay

Cells were seeded in 96-well plates at a density 
of 1000 cells per well in 3-4 replicates, allowed 
to adhere overnight, and treated with drugs, 
vehicle control, or no treatment for 6 days. 
Compounds were dissolved in DMSO, unless 
indicated otherwise. Cisplatin was dissolved in 
saline. During the incubation period, the outer-
most wells were filled with PBS. Subsequently, 
cell viability was assessed by PrestoBlue (Ther- 
mo Fisher, A13262). The cells were incubated 
at 37°C with PrestoBlue for up to 4 hours, and 
fluorescent signals were measured every hour 
by a microplate reader. The longest measure-
ment time point before signal saturation was 
selected for analysis. Potentially contaminated 
wells were identified by outlier colour change, 
confirmed visually under an optical micros- 
cope, and flagged for exclusion.

Data normalization was performed indepen-
dently for each plate, which contained blank, 
vehicle, and mock controls. After subtracting 
mean signal from blank wells, relative viability 
values were calculated by dividing treatments 
by vehicle controls. After normalization, the drc 
[40] package (v3.0) was used to fit four-param-
eter log-logistic functions to the data, estimate 
confidence bands, and determine IC50 (abso-
lute ED50) values. The analysis source code is 
available in a repository (https://github.com/
djhshih/cell-viability-tecan).

RAD51 foci formation assay

Cells were plated onto 4-well chamber slides 
and incubated overnight, followed by 50 nM 
talazoparib treatment. After 24 h of treatment, 
cells were fixed with 4% paraformaldehyde,  
and immunofluorescence was performed with 
primary antibodies against RAD51 (Abcam, 
ab63801, 1:1000) and gamma-H2AX (Sigma-
Aldrich, #05-636, 1:1000) at 4°C overnight. 
Goat anti-rabbit TexasRed and goat anti-mouse 
FITC were used as secondary antibodies. DNA 
was counterstained by DAPI-containing mount-
ing media (Vector Laboratories, H-2000). Fluo- 
rescence imaging was done using a Zeiss 710 
confocal microscope.

Western blotting

Total protein was extracted with a urea lysis 
buffer (1 M Tris-HCl, pH 7.5, 8 M urea, 150 mM 

β-mercaptoethanol, and fresh protease inhibi-
tors) and sonication. Following SDS-PAGE, 
western blotting was performed with primary 
antibodies against phospho-ERK (CST, #9101) 
or total ERK (CST, #4695), and secondary anti-
rabbit antibody (Bio-Rad, #1706515).

Quantitative RT-PCR

The primers were selected from the Primer- 
Bank [41] or designed with Primer3 [42], and 
they were ordered from Sigma-Aldrich (Table 
S3). The specificities of primer pairs were 
checked using Primer-BLAST [43]. Total RNA 
was extracted using the E.Z.N.A. Total RNA Kit  
I (Omega Bio-tek, #101319-242), and cDNA 
was synthesized with the iScript cDNA Syn- 
thesis Kit (Bio-Rad, #1708891). qPCR assays 
were performed with the amfiSure qGreen 
Q-PCR Master Mix (GenDEPOT, #Q5600-005), 
and relative expressions were estimated using 
the delta-delta Ct method with 18S rRNA as  
the internal control and the parental clone as 
the reference.

siRNA knockdown

MISSION predesigned siRNAs against target 
genes were purchased from Sigma-Aldrich. 
After seeding and overnight incubation, the 
cells were transfected with siRNAs using Lipo- 
fectamine (Thermo Fisher, #L3000008) and 
re-plated after 24 h for drug sensitivity assays 
with 4-5 days of drug, vehicle, or no treatment.

Revertant probability

We calculate the probability that a revertant 
cell emerges from a population of cancer ce- 
lls by using the frequency of insertions in 
BRCA1-/- mutants reported previously [44]. We 
only consider the case in which the original 
loss-of-function is caused by a 1 bp deletion (as 
was observed in SUM149). Define g as the size 
of the sequencible genome, and r as the rescu-
able region of the gene (i.e. the revertant inser-
tion must land in front the premature stop 
codon caused by the original frameshift muta-
tion, and it must also not introduce a prema- 
ture stop codon in front of the original muta-
tion). Since r is an unknown parameter, we 
conservatively assume that it would be about 
120 bp (with a range of 60-600 bp), which is 
equivalent to 20 codons (with a range of 10 to 
100 codons) before and after the original 



Exploiting induced vulnerability to overcome resistance

341	 Am J Cancer Res 2022;12(1):337-354

frameshift. Then, the probability that 1 of d 
insertions lands at the correct location is p1 = 
Binomial (1; d, r/g ). It is theoretically possible 
for m+3 insertions of 1 bp for some natural 
number m>0 to also restore the reading frame, 
but these probabilities only combine additively 
with p1 and are negligible compared to p1, so  
we do not consider them. Similarly, it is also 
possible for insertions of m+3 bps to rescue 
the 1 bp deletion, but the frequencies of these 
events are much lower than 1 bp insertions 
[44], so their contributions are much smaller. 
Because these additional scenarios are omit-
ted, our revertant probability would be some-
what conservative. Given p1, the probability 
that at least one revertant cell emerges from a 
population of n cancer cells after one genera-
tion is simply pr = 1-(1-p1)

n.

Statistical analysis

All statistical analyses were performed in the  
R environment (v3.6.3). Adjustments for multi-
ple hypothesis testing were performed using 
the Benjamini-Hochberg method [45]. All other 
analyses have been described above in the rel-
evant subsections.

Results

We derived and characterized the transcrip-
tomes of resistant clones from the SUM149 
cell line, which is a BRCA1 homozygous mu- 
tant, triple-negative inflammatory breast can-
cer cell line (Figure 1A). The derived clones 
became stably resistant to talazoparib and 
other PARPi, even after extended maintenance 
in standard growth medium without PARPi 
(Figures 1B, S1). We characterized the par- 
ental and resistant clones by RNA sequencing, 
and gene set variation analysis revealed that 
the resistant clones acquired substantial het-
erogeneous transcriptomic changes across 
hallmark cancer pathways, while changes due 
to short-term talazoparib treatment were  
much more modest (Figure 1C). G2M check-
point, E2F targets, and oxidative phosphoryla-
tion were strongly upregulated in a subset of 
resistant clones compared to the parental 
clone; however, they were not consistently sig-
nificantly upregulated across all resistant 
clones (Figures 1D, 1E and S2). Conversely, 
many pathways were downregulated in the 
resistant clones, including NFκB signaling, 
TGFβ signaling, KRAS signaling, and epithelial 

mesenchymal transition (EMT) (Figures 1D, 
S2).

We next examined the expression levels of  
specific genes that are important in PARPi 
resistance. Since inactivation of the 53BP1-
RIF1-REV7 axis has been shown to contribute 
to PARPi resistance [46], we specifically com-
pared the expressions of these genes in the 
resistant clones against the parental clone. 
REV7 (MAD2L2) was downregulated in most 
resistant clones, while BRCA1 transcript level 
was also restored in most resistant clones 
(Figures S3, S4). These results show that the 
PARPi-resistant clones suppressed the 53BP1-
RIF1-REV7 axis, restored BRCA1 expression, or 
both. Additionally, cyclin-dependent kinases 
(CDKs) play an important role in DNA damage 
repair [47], so we tested the differential ex- 
pressions of CDKs in the resistant clones vs. 
the parental (Figure S4). CDK3, CDK5, CDK8, 
CDK9, CDK12, CDK20 were modestly upregu-
lated in some resistant clones, CDK18 was 
downregulated, and other CDKs did not exhi- 
bit a consistent pattern of change across the 
resistant clones.

While DNA repair and other pathways showed 
inconsistent transcriptional changes across 
the resistant clones, KRAS and EMT pathways 
showed consistent downregulation in all resis-
tant clones (Figure 1E). Heterogeneous levels 
of phospho-ERK were detected across the 
resistant clones by Western blotting (Figure 
S5). Furthermore, as EMT is widely known to  
be associated with drug resistance, its down-
regulation in the PARPi-resistant clones was 
quite surprising. We therefore assessed pro- 
tein markers of mesenchymal and epithelial 
phenotypes by immunofluorescence. The par- 
ental clone contained a high proportion of 
vimentin+ (mesenchymal) cells, while resistant 
clones showed considerably fewer vimentin+ 
cells (Figures 1F, S6). Additionally, cell surface 
expression of E-cadherin remained low in par- 
ental and resistant clones (Figure S6). Taken 
together, these results suggest that the PARPi-
resistant clones have partially reversed epithe-
lial-to-mesenchymal transition and lost mesen-
chymal characteristics.

Next, we sought to identify drugs that may be 
used in combination with PARPi in order to 
overcome drug resistance. We hypothesized 
that transcriptional changes acquired by the 



Exploiting induced vulnerability to overcome resistance

342	 Am J Cancer Res 2022;12(1):337-354

Figure 1. PARPi-resistant cancer clones undergo partial mesenchymal to epithelial transition. A. Workflow for deriv-
ing PARPi resistant clones and generating RNA-seq data. B. Sensitivities of parental and PARPi-resistant clones to 
talazoparib, relative to DMSO vehicle control. Sensitivities to other PARPi are provided in Figure S1. C. Gene set 
variational analysis reveals relative enrichment and depletion of hallmark biological processes. Heatmap colours 
reflect relative enrichment scores across samples. After stable PARPi-resistant clones had been derived, the resis-
tant and parental clones were treated with DMSO or talazoparib for 48 h, followed by total RNA harvest and RNA-seq 
analysis. D. Volcano plots of enriched and depleted pathways by competitive analyses comparing differential gene 
expression statistics inside vs. outside each gene set using CAMERA. Expression differences are between all resis-
tant clones and the parental. Results for each resistant clone vs. the parental are shown in Figure S2. E. Density 
plots of differential gene expression Wald statistics of each resistant clone vs. parental within indicated gene sets, 
as estimated by DESeq2. F. Immunofluorescence of MCF10A (epithelial) and MDAMB231 (mesenchymal) cells, 
parental SUM149 cells, and PARPi-resistant cells, staining for DNA (Hoechst), actin (phalloidin), and vimentin. RC, 
PARPi-resistant clone. P, parental clone.

resistant clones allowed them to become re- 
sistant to PARP inhibitors, and reversing these 

transcriptional changes could overcome resis-
tance (Figure 2A). Therefore, we used the 
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Figure 2. Concurrent combinatorial therapy strategy to over-
come PARPi resistance by suppressing the activation of path-
ways in resistant cells. A. Schematic of concurrent combina-
tion therapeutic strategy. B. Identification of drugs that induce 
transcriptional changes opposing those acquired in the re-
sistant clones. Each data point represents a cosine similarity 
score between the differential expression in a resistant clone 
vs. the parental clone and the differential expression of a 
compound treatment vs. vehicle (perturbation profile) in the 
Broad CMap database. Each compound in CMap has multiple 
perturbation profiles. Differences in cosine similarity scores 
between permuted and observed data were tested using fac-
torial ANOVA. C. Sensitivities of parental and PARPi-resistant 
clones to talazoparib, vincristine, and a combination thereof. 
Cell viabilities are relative to DMSO vehicle control. IC50 val-
ues are shown whenever available.
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Broad Connectivity Map (CMap) database of 
compound perturbation profiles to look for 
drugs that perturb transcriptional programs (as 
compared to vehicle control) in a direction that 
is opposite to the transcriptional changes 
observed in the resistant clones (as compared 
to the parental). For these comparisons, we 
chose the cosine similarity measure (uncenter- 
ed Pearson correlation), because the feature  
of primary interest is the direction of the tran-
scriptional differences, rather than the magni-
tude. Indeed, the magnitude of transcriptional 
differences could be strongly affected by plat-
form differences in signal gain and saturation 
characteristics. Accordingly, we looked for 
drugs whose CMap perturbation profiles are 
anti-correlated with transcriptional differences 
observed in resistant clones. Among drugs 
known to be effective in breast cancer, pacli-
taxel showed no similarity with the transcrip-
tional difference profile of the resistance clone, 
and doxorubicin showed a heterogeneous pat-
tern of correlations across the clones, whereas 
vinblastine and vincristine showed a strong and 
consistent anti-correlation (Figure 2B; Table 
S1). We thus tested by cell viability assays 
whether vincristine would be effective in con-
current combination with talazoparib. However, 
vincristine did not synergize with talazoparib 
treatment in either the parental or resistance 
clone (Figure 2C). Furthermore, we also investi-
gated whether knockdown of specific genes 
that are highly upregulated in the PARPi-
resistant clones can sensitize the resistant 
clones to PARP inhibitors. However, the siRNA 
knockdown of several of such genes, including 
BAX, CALML5, ERRFI1, ESRP1, TSC22D3, and 
YWHAQ, did not affect the sensitivities of resis-
tant cells to PARP inhibitors, as compared to 
siRNA control (Figure S7). Despite these 
endeavors, we did not identify promising leads 
for concurrent combinatorial therapy to over-
come PARPi resistance.

Given our unsuccessful attempts at identifying 
an effective concurrent combinatorial therapy, 
we hoped to better understand the mechanism 
of resistance to PARPi. Inspection of RNA-seq 
reads at the BRCA1 exon 10 locus confirmed 
the known [48] homozygous 1-bp frameshift 
deletion in the parental clone causing a prema-
ture stop codon (p.P724fs*12) and nonsense 
mediated decay (Figure 3A). The resistant 
clones not only inherited the same frameshift 

deletion but also showed a second deletion of 
36 bp and a 1 bp insertion (Figures 3A, S8). 
This secondary compound indel restored the 
reading frame of the BRCA1 gene, which 
allowed BRCA1 transcript levels to be restored 
in the resistant clones (Figure S4). The rever-
tant DNA allele was confirmed by amplicon 
sequencing (Figure 3B). The parental clone had 
bi-allelic inactivation of BRCA1 due to p.
P724fs*12, while the resistant clones har-
boured the same revertant allele of BRCA1 
(Figure 3B). Allele frequencies of the revertant 
mutation were 50% in the resistant clones, 
which suggests that the revertant mutation is 
heterozygous clonal (Figure 3B). Ultra deep 
sequencing revealed that parental clone con-
tained a subclone harbouring the revertant 
allele at a cancer cell fraction of 2.43×10-5,  
or 1 in 40,000 cells (Figure 3C). To assess the 
activity of revertant BRCA1 protein in the resis-
tant clones, we assessed γ-H2AX and RAD51 
foci formation following 24 h of talazoparib 
treatment. As expected, the resistant clones 
exhibited greater numbers of RAD51 foci and 
higher fractions of RAD51 positive nuclei, indi-
cating higher homologous repair activities, 
compared to the parental clone (Figure S9). 
Further, the resistant clones have fewer γ- 
H2AX foci and lower fractions of γ-H2AX posi-
tive nuclei, indicating fewer unrepaired double-
strand breaks, compared to the parental clone 
(Figure S9). Importantly, the fractions of γ- 
H2AX positive and RAD51 negative nuclei in 
the resistant clones were lower than those in 
the parental clone and have been nearly 
restored to levels observed in the BRCA wild-
type cell line MCF10A (Figure 3D). Accordingly, 
based on the mechanism of action of PARPi 
[11], this restoration of homologous repair in 
BRCA1 revertant cells would eliminate their 
sensitivity to PARPi treatment (Figure 3E). 
Furthermore, we characterized how EMT and 
KRAS signaling activities changed in response 
to short-term and long-term PARPi treatment.  
In the parental and resistant clones, short-term 
(48 hours) talazoparib treatment increased 
EMT and KRAS signaling, while the extended 
(10 months) talazoparib treatment that the 
resistant clones experienced has caused a 
transcriptional reversal and dramatic downreg-
ulation in EMT and KRAS signaling compared  
to the parental clone (Figure 3F). Interestingly, 
the short-term response to talazoparib in terms 
of the upregulation of EMT and KRAS signaling 
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Figure 3. PARPi-resistant cancer clones derive from pre-existing BRCA1 revertant and reverse transcriptional response to PARPi. A. RNA-seq reads from parental 
and resistant clone mapping to the BRCA1 exon 10 locus harbouring the frameshift deletion. Bottom row of each block shows the translated amino acid sequence. 
The revertant reads seen in RC1 are observed in all resistant clones (Figure S8). B. Frequency of wildtype, parental, and revertant alleles determined by amplicon 
sequencing at 40,000 to 100,000 read depth. C. Frequency of the revertant allele on log scale. Bars represent 95% Clopper-Pearson confidence intervals. D. Resto-
ration of double-strand break by homologous repair in PARPi-resistant clones. Bars represent proportions of nuclei with ≥10 γ-H2AX foci and <10 RAD51 foci. Resis-
tant clones have significant lower fractions of γ-H2AX+ RAD51- nuclei vs. parental (Fisher’s exact test). Representative immunofluorescence images and additional 
quantification results are shown in Figure S9. E. Mechanism of PARPi resistance in the BRCA1 revertant. F. Scatter plots of enrichment scores for the epithelial to 
mesenchymal (EMT) pathway and the KRAS signaling pathway. Arrows represent directions of change from vehicle to talazoparib treatment (top left), from parental 
to resistant clones under talazoparib treatment (top right), and from parental to RC1 during the derivation of resistant clones (bottom left). Enrichment scores of 
triple-negative breast cancer samples from the TCGA (bottom right). G. Competing mechanisms for PARPi resistance.
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remains intact in the resistant clones (Figure 
3F). While the parental clone had EMT and 
KRAS signaling activities in the upper quartile 
compared to triple-negative breast cancers in 
the TCGA, the resistant clones had among the 
lowest EMT and KRAS signaling activities 
(Figure 3F). Collectively, these results suggest 
that the expression changes observed in the 
resistant clones may not actually be major driv-
ers of PARPi resistance, given that the BRCA1 
revertant mutation would be sufficient to ex- 
plain PARPi resistance (Figure 3G).

In light of the revelation that the transcriptional 
changes observed in the resistant clones likely 
did not confer PARPi resistance, we revised our 
strategy for overcoming PARPi resistance to a 
sequential therapeutic strategy that exploits 
the vulnerability induced by transcriptional 
adaptation to prior treatments (Figure 4A). 
Under this model, we hypothesize that tran-
scriptional adaptation may lead to an exploit-
able deficiency in a particular pathway. Ac- 
cordingly, we look for drugs that perturb tran-
scriptional profiles in the same direction as the 
transcriptional changes acquired in the resis-
tance clone, and we quantify this correlation by 
the cosine similarity measure. In other words, 
we seek to identify a compound that reinforces 
the deficiencies induced by prior treatment. 
Screening across the compounds in the CMap 
database, we identified many compounds that 
target the Ras-Raf-MEK-ERK pathway among 
the top hits (Figure 4B; Table S2). The perturba-
tion profiles of the MEK inhibitor selumetinib 
were correlated with transcriptional changes 
across all resistant clones (Figure 4C). Impor- 
tantly, PARPi-resistant clones were significantly 
more sensitive to selumetinib compared to the 
parental clone, which suggests that selumeti- 
nib would be a promising lead for overcoming 
PARPi resistance in sequential combinatorial 
therapy (Figure 4D). As expected, concurrent 
combinatorial therapy (which is not consistent 
with the proposed sequential reinforcement 
strategy) with talazoparib and selumetinib did 
not result in synergy (Figure S10).

Discussion

The propensity of PARPi to specifically kill 
BRCA1/2 mutant cells is perhaps also the big-
gest weakness of PARPi. This class of drugs  
target cancer cells defective in homologous 
repair due to the loss of BRCA1/2 function, 

which may be restored by revertant mutations 
in BRCA1/2. Such revertant mutations are not 
infrequently observed in breast and ovarian 
cancers [49-53]. Here, we showed that a 
BRCA1 heterozygous revertant subclone may 
be present at an extremely low cancer cell  
fraction of 1 in 40,000 that would require a 
sequencing depth of 100,000× in order to 
detect reliably. This sequencing depth is multi-
ple orders of magnitude higher than the aver-
age depths typically achieved in targeted clini-
cal sequencing [54-56] which would make the 
detection of BRCA1/2 revertant very challeng-
ing prior to treatment.

After a BRCA1/2 revertant clone emerges in 
germline BRCA1/2 mutant patients, the thera-
peutic window for PARPi would disappear 
because BRCA1/2 revertants would have the 
same number of functional copies of BRCA1/2 
as normal cells. That is, the revertant cancer 
cells and the normal cells would both have  
one functional copy of BRCA1/2. Ideally, one 
would like to find a drug that can reverse the 
PARPi resistance phenotype; however, due to 
the equivalence in BRCA1/2 gene dosage, 
attempts to reverse BRCA1/2 function in the 
cancer cells would likely also cause cytotoxic 
effects on normal cells. Accordingly, it may be 
very difficult to find drugs that can be adminis-
tered concurrently in combination with PARPi to 
kill the tumour cells while sparing the normal 
cells.

One strategy to circumvent PARPi resistance 
might be to use a combinatorial treatment up 
front so as to prevent the emergence of 
BRCA1/2 revertants. However, as we have 
shown, the BRCA1/2 revertants were present 
at extremely low frequency before drug treat-
ment, consistent with prior reports [51]. A likely 
explanation for this is that biallelic BRCA1/2 
mutants are defective in homologous repair 
such that the mutant cells can now only repair 
double-strand breaks via the error-prone non-
homologous end-joining pathway, which often 
introduces DNA indels. Consequently, the 
chance that at least one cell within a residual 
tumour mass would have a frameshift-restor- 
ing frameshift in BRCA1/2 is non-negligible. 
Based on the frequency of insertions pre- 
viously reported in BRCA1 mutants [44], we 
estimate that the probability that a revertant 
mutation would restore a 1 bp deletion in 
BRCA1 in at least one cell out of a million cells 
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Figure 4. Therapeutic strategy that exploits vulnerability induced by prior PARPi 
treatment. A. Schematic of sequential combination therapeutic strategy. B. Iden-
tification of drugs that reinforce transcriptional adaptation to PARPi treatment by 
comparison to perturbation profiles in Broad CMap. Statistical significance was 
tested by comparing cosine similarities between differential expressions in resis-
tant clones vs. parental and perturbation profiles involving each compound vs. 
cosine similarities involving other all compounds using the correlation-adjusted 
t-test. Dotted lines represent mean cosine similarity threshold (vertical) and false 
discovery rate at 10-6 (horizontal). C. Box plots of cosine similarity scores between 
differential expressions in resistant clones vs. parental and differential expres-
sions of drug treatment vs. vehicle in Broad CMap. Differences in cosine similarity 
scores between permuted and observed data were tested using factorial ANOVA. D. 
Sensitivities of parental and PARPi-resistant clones to selumetinib. Cell viabilities 
are relative to DMSO vehicle control. IC50 values are shown whenever available.
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is about 18% after one generation (Figure S11). 
Detecting this rare (heterozygous) revertant 
mutation with at least two sequencing reads 
would require a minimum sequencing depth of 
5,000,000× in a tumour with ≤20% normal 
contamination. Therefore, it may be technical- 
ly infeasible to prevent the emergence of 
BRCA1/2 revertant cancer cells.

We show here that multiple PARPi-resistant 
clones from an inflammatory triple-negative 
breast cancer cell line have transcriptional 
adaptations in EMT and Ras signaling. Initially 
after short-term talazoparib treatment, EMT 
was transiently upregulated in the parental 
clone; however, long-term treatment eventually 
caused EMT to be reversed in cancer cells that 
gave rise to the resistant clones. Since EMT 
has been strongly associated with drug resis-
tance [57], this reversal of EMT is highly unlike-
ly to have contributed to PARPi resistance, 
especially in light of the emergence of the 
BRCA1 revertant mutation. Similarly, Ras sig-
naling is essential for cell growth and prolifera-
tion, and its downregulation has not been 
linked to PARPi resistance. Nonetheless, this 
transcriptional adaptation causes a deficiency 
in Ras signaling. Consistent with this notion, 
the PARPi-resistant clones had among the low-
est transcriptional scores of KRAS signaling 
compared to triple-negative breast cancers in 
the TCGA, whereas the parental clone had 
among the highest scores. In turn, this induced 
deficiency renders the cancer cells vulnerable 
to further inhibition of components in this path-
way, namely ERK and MEK. By reinforcing this 
induced deficiency in Ras signaling, MEK inhibi-
tors can now effectively suppress these cancer 
cells. Hence, reinforcing the induced deficiency 
in Ras signaling represents a promising alterna-
tive strategy to overcome acquired resistance 
after long-term PARPi treatment.

Interestingly, our results indicate that KRAS  
signaling score can change dynamically in 
response to PARPi treatment, even in opposite 
directions depending on the duration of treat-
ment. This dynamic response in KRAS signal- 
ing was surprising, because PARPi targets DNA 
damage repair and does not directly target  
the Ras pathway. Accordingly, KRAS signaling 
would be a key pathway to monitor throughout 
PARPi treatment, because high KRAS signaling 
score is associated with better patient survival 
in triple-negative breast cancer [58].

Our results also indicate that EMT status can 
change dynamically in response to PARPi treat-
ment. We showed that short-term (48 h) PARPi 
treatment initially causes the SUM149 cells to 
undergo EMT, similar to previous findings by 
Han et al. [17]. The authors found that 72 h of 
olaparib treatment caused several breast can-
cer cell lines to undergo EMT, and they showed 
similar results for rucaparib and talazoparib 
[17]. Importantly, we showed here that long-
term (several months) PARPi treatment causes 
the partial reversal of EMT in SUM149 across 
several clones. This result, while surprising, is 
not entirely unprecedented, as olaparib has 
been shown to revert TGF-β induced EMT in 
mouse mammary cells [59].

Given that PARPi are used for maintenance 
therapy over long periods of time, it would be 
clinically important to track over time its eff- 
ects on key pathways, such as Ras and EMT 
signaling, particularly since the direction of 
transcriptional and signaling changes may 
reverse. These dynamic transcriptional chang-
es may vary across patients and would have 
important implications for therapeutic deci-
sion-making. Transcriptomics would offer an 
effective approach to monitor key changes in 
molecular pathways and pathobiological pro-
cesses during cancer treatment [60-64].

We caution that some of our biological findings 
may have limited applicability to breast cancer 
in general, given that we focused on BRCA 
mutant triple-negative inflammatory breast 
cancer, which represents only about 0.3% of 
breast cancer patients [65]. Nonetheless, this 
is a very aggressive form of breast cancer that 
has few treatment options beside PARPi. It is 
therefore all the more important to find an 
effective strategy to overcome PARPi resis-
tance for these patients, while taking clonal 
heterogeneity into account so that we may min-
imize the chance of additional resistance. While 
we show that PARPi resistant clones of SUM149 
develop selumetinib sensitivity, breast tumors 
from other patients may develop different sen-
sitivities, given that breast cancers show sub-
stantial variability among patients. We would 
thus advocate that the transcriptomics of  
resistant tumors be characterized for each 
patient. Indeed, our bioinformatic strategy may 
serve as a motivating example towards preci-
sion oncology.
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To emphasize, we anticipate that our strategy 
of exploiting secondary vulnerabilities by phar-
macological reinforcement of transcriptional 
adaptation can be applied to other targeted 
therapies. A critical weakness of targeted ther-
apy is that cancers often eventually develop 
resistance. When the resistant clone develops 
a mutation that directly nullifies the anti-cancer 
agent (such as a BRCA1/2 revertant mutation 
and PARPi), options to overcome therapeutic 
resistance would be limited. However, as we 
have shown with PARPi, the anti-cancer agent 
may cause the cancer cells to undergo tran-
scriptional adaptation that exposes a deficien-
cy or vulnerability. In support of the broader 
applicability of the pharmacological reinforce-
ment strategy, Ibrahim et al. have shown that 
PI3K inhibition impairs the expression of 
BRCA1/2 in breast cancer, thus inducing a  
sensitivity to PARP inhibition (which targets 
BRCA1/2) [66]. Our bioinformatic approach of 
comprehensive transcriptomic characterization 
of drug resistant clones and systematic com-
parison with compound perturbation profiles 
would vastly accelerate the discovery process. 
The generalization of our bioinformatic appro- 
ach to acquired resistance against other anti-
cancer drugs may require the incorporation of 
additional compound screening criteria, some 
of which may be context-specific. It would also 
be informative to investigate the sufficient con-
ditions under which the pharmacological rein-
forcement of transcriptional adaptations would 
yield a promising lead for sequential treatment 
regimes. In the future, this paradigm for dis- 
covering new combinatorial therapeutic strate-
gies would greatly improve the treatment of 
tumours with acquired drug resistance.
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Table S1. Compounds that oppose transcriptional changes in resistant clones
compound similarity FDR
phorbol-12-myristate-13-acetate -0.075 1.8E-68
ingenol -0.060 2.0E-46
pyrvinium-pamoate -0.065 2.0E-44
IKK-2-inhibitor-V -0.045 1.0E-22
niclosamide -0.036 3.7E-18
prostratin -0.080 1.2E-17
phorbol-myristate-acetate -0.050 1.2E-16
obatoclax -0.069 1.5E-16
kinetin-riboside -0.039 5.2E-15
mebendazole -0.035 1.4E-14
tyrphostin-A9 -0.050 9.9E-14
COT-10b -0.033 4.3E-12
malonoben -0.046 6.5E-12
KO-143 -0.037 6.5E-12
BX-795 -0.036 4.5E-11
QS-11 -0.034 1.7E-10
FCCP -0.039 9.9E-10
heliomycin -0.064 1.4E-09
DG-041 -0.033 2.1E-09
CCCP -0.050 3.5E-09
tunicamycin -0.045 6.5E-09
BRD-K99636700 -0.030 8.3E-09
quinoclamine -0.030 9.1E-09
vinblastine -0.031 3.0E-08
vincristine -0.029 6.6E-07
bithionol -0.040 9.3E-07
rhodomyrtoxin-b -0.046 2.5E-06
BRD-K80786583 -0.044 3.7E-06
HU-211 -0.042 7.1E-06
AG-592 -0.040 8.3E-06
BRD-K20109053 -0.048 1.6E-05
selamectin -0.037 3.1E-05
BRD-A05680309 -0.042 3.8E-05
plinabulin -0.038 5.6E-05
tyrphostin-AG-879 -0.031 5.6E-05
helveticoside -0.041 8.0E-05
BRD-K08448573 -0.041 2.2E-04
gitoxigenin -0.032 3.3E-04
pyrvinium -0.048 3.8E-04
XL-147 -0.035 3.9E-04
SA-247615 -0.031 4.2E-04
BRD-K23319301 -0.042 4.4E-04
KM-03949SC -0.040 4.8E-04
cercosporin -0.037 5.0E-04
BRD-K61102114 -0.069 5.4E-04
BRD-K31706415 -0.039 6.7E-04
A-23187 -0.031 9.7E-04
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I-070759 -0.034 1.1E-03
BRD-K18163752 -0.034 1.1E-03
VU-0418947-2 -0.039 1.5E-03
ivermectin -0.031 1.5E-03
morin -0.031 1.9E-03
clofarabine -0.031 2.0E-03
BRD-A14014306 -0.038 2.5E-03
flubendazole -0.034 2.5E-03
BRD-K44732214 -0.038 2.7E-03
BRD-K19166598 -0.032 2.8E-03
BRD-K01614657 -0.032 3.0E-03
RJC-00245SC -0.036 3.3E-03
VU-0418939-2 -0.037 3.4E-03
BRD-K39597586 -0.033 4.1E-03
BRD-K30231186 -0.049 5.5E-03
cinobufagin -0.030 7.7E-03
BRD-A43805296 -0.035 7.8E-03
JTC-801 -0.042 8.9E-03
BRD-K50011261 -0.048 9.3E-03
BRD-K05197617 -0.033 9.3E-03
BRD-K83194053 -0.031 9.3E-03
phenamil -0.031 1.2E-02
BRD-K28934562 -0.034 1.2E-02
BRD-A69429454 -0.032 1.8E-02
BRD-K55844427 -0.031 2.1E-02
BRD-K01176062 -0.075 2.5E-02
BRD-K68866125 -0.032 2.8E-02
BRD-K49712247 -0.031 3.7E-02
BRD-K98824517 -0.032 3.7E-02
oligomycin-c -0.032 3.9E-02
BRD-K63305270 -0.071 4.2E-02
BRD-K18891555 -0.051 4.2E-02
YL-54 -0.031 4.7E-02
p-aminophenethylspiperone -0.041 5.1E-02
vindesine -0.031 5.8E-02
genipin -0.031 5.9E-02
BRD-K81249055 -0.049 5.9E-02
hexachlorophene -0.040 6.2E-02
BRD-K20718732 -0.030 6.8E-02
BRD-K23802982 -0.039 7.6E-02
BRD-K64577556 -0.066 8.4E-02
BRD-K48332509 -0.047 8.5E-02
BRD-K70489510 -0.046 9.3E-02
BRD-K71424167 -0.053 9.5E-02



Exploiting induced vulnerability to overcome resistance

3	

Table S2. Compounds that reinforce transcriptional changes in resistant clones
compound similarity FDR
selumetinib 0.044 4.0E-30
PD-0325901 0.048 6.3E-29
PD-184352 0.050 2.6E-28
AS-605240 0.045 1.2E-25
AZD-8330 0.048 1.2E-17
tanespimycin 0.031 4.0E-15
trametinib 0.044 1.1E-14
ERK-inhibitor-11E 0.039 1.6E-13
PD-98059 0.033 6.3E-13
NVP-AUY922 0.030 1.6E-12
neratinib 0.030 3.3E-11
AZ-628 0.033 3.9E-10
budesonide 0.033 5.4E-10
dabrafenib 0.050 5.8E-08
AS-703026 0.047 8.0E-08
U0126 0.044 4.9E-07
PP-1 0.043 1.0E-06
MEK1-2-inhibitor 0.042 1.6E-06
PU-H71 0.043 2.6E-06
BRD-A66861218 0.036 2.1E-05
PP-2 0.034 3.2E-05
anthothecol 0.045 1.6E-04
BRD-K88707333 0.039 1.3E-03
BIIB-021 0.033 1.7E-03
hydrocortisone-valerate 0.031 2.0E-03
methylprednisolone 0.037 2.1E-03
WZ-3146 0.031 2.8E-03
BRD-K77508012 0.037 2.8E-03
MD-040 0.032 3.1E-03
halometasone 0.039 3.3E-03
CCT-018159 0.030 3.7E-03
triamcinolone-acetonide 0.033 3.9E-03
fluocinolone-acetonide 0.032 6.9E-03
BRD-K74316684 0.038 8.8E-03
BIBU-1361 0.030 1.5E-02
BRD-K98803880 0.030 2.0E-02
BRD-K92981876 0.031 2.6E-02
BRD-K69317358 0.052 3.1E-02
depomedrol 0.032 3.6E-02
BRD-K05323441 0.040 6.4E-02
5-aminolevulinic-acid 0.030 6.6E-02
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Figure S1. Drug sensitivities of PARPi-resistant and parental clones to PARP inhibitors. Cell viabilities are relative to 
DMSO vehicle control. IC50 values are shown whenever available.

Table S3. qRT-PCR primer sequences
name sequence gene
BRCA1-F ACCTTGGAACTGTGAGAACTCT BRCA1
BRCA1-R TCTTGATCTCCCACACTGCAATA BRCA1
TP53BP1-F ATGGACCCTACTGGAAGTCAG TP53BP1
TP53BP1-R TTTCTTTGTGCGTCTGGAGATT TP53BP1
CDK1-F AAACTACAGGTCAAGTGGTAGCC CDK1
CDK1-R TCCTGCATAAGCACATCCTGA CDK1
CHEK1-F ATATGAAGCGTGCCGTAGACT CHEK1
CHEK1-R TGCCTATGTCTGGCTCTATTCTG CHEK1
REV7-F ACCGCCCAGTGGAGAAATTC MAD2L2
REV7-R CATCGCACACGCTGATCTT MAD2L2
GAPDH-F GGAGCGAGATCCCTCCAAAAT GAPDH
GAPDH-R GGCTGTTGTCATACTTCTCATGG GAPDH
18S-F GTAACCCGTTGAACCCCATT 18S
18S-R CCATCCAATCGGTAGTAGCG 18S
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Figure S2. Upregulated and downregulated pathways in resistant clones vs. parental. Volcano plots of differential 
pathways by competitive analyses comparing differential gene expression statistics inside vs. outside each gene 
set using CAMERA.
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Figure S3. Comparison of RNA-seq and qRT-PCR expression levels of selected genes. A. Differential expressions by 
RNA-seq, relative to the parental clone, across 3 biological replicates. Error bars represent 80% confidence inter-
vals. Significance of the difference compared to the parental clone was assesed by the t-test. B. Differential expres-
sion by qRT-PCR, across duplicates across 2 independent experiments, assessed by the t-test. Error bars represent 
80% confidence intervals. C. Correlation between qRT-PCR and RNA-seq relative expression measurements.
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Figure S4. Expression levels of cyclin-dependent kinases and DNA repair genes. Bars represent relative expression 
levels (as measured by RNA-seq) compared to the parental clone. Error bars span 80% confidence intervals across 
3 biological replicates. Displayed q-values represent the significances of the expression differences between all 
resistant clones vs. the parental clone, as assessed by the t-test and corrected for multiple hypothesis testing by 
the Benjamini-Hochberg method.
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Figure S5. Western blots of phospho-ERK and total ERK levels in PARPi-resistant and parental clones.
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Figure S6. Immunofluorescence of MCF10A (epithelial) and MDAMB231 (mesenchymal) cells, parental SUM149 
cells, and PARPi-resistant cells, staining for DNA (Hoechst), actin (phalloidin), and vimentin (A) or E-cadherin (B). 
Shown images are representative of 3 independent experiments. RC, PARPi-resistant clone. P, parental clone.
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Figure S7. PARPi sensitivities of PARPi-resistant clone SUM149-RC2 after siRNA knockdown of BAX, CALML5, ER-
RFI1, ESRP1, TSC22D3, or YWHAQ. Cell viabilities are relative to DMSO vehicle control. A. Sensitivities to talazopa-
rib. B. Sensitivities to high concentrations of talazoparib. C. Sensitivities to olaparib.
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Figure S8. RNA-seq reads mapping to BRCA1 exon 10 in parental and resistant clones. Reads are visualized using 
the Integrative Genomics Viewer with soft-clipped bases shown.
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Figure S9. Restoration of homologous repair in PARPi-resistant BRCA1-revertant clones. A. Immunofluorescence of 
MCF10A (BRCA1/2 wildtype), SUM149-P (BRCA1 mutant), and PARPi-resistant clones (BRCA1 revertant), staining 
for DAPI (DNA), RAD51 (homologous repair), and γ-H2AX (double-strand breaks) after 24 h of 50 nM talazoparib 
treatment. B. Quantification of the number of nuclear foci in each sample. C. Fractions of nuclei that are positive for 
γ-H2AX foci or RAD51 foci, where positivity is defined as ≥10 foci. Resistant clones are collectively compared against 
the parental clone by the Fisher’s exact test.
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Figure S10. Sensitivities of PARPi-resistant and parental clones to talazoparib, selumetinib, or a concurrent com-
bination thereof. Cell viabilities are relative to DMSO vehicle control. IC50 values are shown whenever available.

Figure S11. Probability of revertant mutations in BRCA1 and BRCA2. The probability that at least one revertant cell 
emerges from a population of BRCA1 or BRCA2-/- mutants (harbouring a 1 bp frameshift deletion) is estimated 
based on the frequency of 1 bp insertions reported in BRCA1 or BRCA2-/- mutants. The revertant mutation must 
land within 20 codons of the original mutation, with a range of 10 to 100 codons (red confidence band).


