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ABSTRACT 88 
 89 
Triple negative breast cancers (TNBC) exhibit inter- and intra-tumour heterogeneity, which is reflected in diverse 90 
drug responses and interplays with tumour evolution. Here, we use TNBC patient-derived tumour xenografts 91 
(PDTX) as a platform for co-clinical trials to test their predictive value and explore the molecular features of drug 92 
response and resistance. Patients and their matched PDTX exhibited mirrored drug responses to neoadjuvant 93 
therapy in a clinical trial. In parallel, additional clinically-relevant treatments were tested in PDTXs in vivo to 94 
identify alternative effective therapies for each PDTX model. This framework establishes the foundation for 95 
anticipatory personalised therapies for those patients with resistant or relapsed tumours. The PDTXs were 96 
further explored to model PDTX- and treatment-specific behaviours. The dynamics of drug response were 97 
characterised at single-cell resolution revealing a novel mechanism of response to olaparib. Upon olaparib 98 
treatment PDTXs showed phenotypic plasticity, including transient activation of the immediate-early response 99 
and irreversible sequential phenotypic switches: from epithelial to epithelial-mesenchymal-hybrid states, and 100 
then to mesenchymal states. This molecular mechanism was exploited ex vivo by combining olaparib and 101 
salinomycin (an inhibitor of mesenchymal-transduced cells) to reveal synergistic effects. In summary, TNBC 102 
PDTXs have the potential to help design individualised treatment strategies derived from model-specific 103 
evolutionary insights. 104 
 105 
 106 
INTRODUCTION 107 
 108 
Breast cancers exhibit extensive inter- and intra-tumour heterogeneity at both the genomic and phenotypic 109 
levels. This is reflected in the diversity of interpatient drug responses, clinical prognoses and patterns of relapse 110 
(1-9). Patient-derived tumour xenografts (PDTXs) have been shown to retain both the inter-patient diversity and 111 
intra-tumour heterogeneity, and offer an unprecedented opportunity to study human breast cancer at high 112 
resolution (10-18).  We have previously generated and molecularly characterised a living biobank of breast 113 
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cancer PDTXs and demonstrated that these recapitulate the main histological and genomic features of the 114 
originating tumour, including intra-tumour heterogeneity (19).  In addition, we pioneered the use of dissociated 115 
PDTX cells (PDTCs) for high-throughput drug screening, with most drug responses validated in vivo. Recently, we 116 
developed a panel of antibodies for mass-cytometry tailored to breast cancer PDTXs, allowing highly resolved 117 
multiparametric single cell phenotyping and its impact on drug responses (20). 118 
 119 
The extent to which PDTXs mirror therapy responses of the matched donor patient has been insufficiently 120 
studied. This is further complicated when patients receive multiple lines of therapy prior and subsequent to the 121 
development of the PDTX model. This has limited the use of PDTXs as anticipatory tools and a systematic 122 
assessment of models from treatment-naïve patients in a controlled setting is required to simulate clinical 123 
practice. 124 
 125 
Triple negative breast cancers (TNBC) generally have a poor prognosis, lack of actionable targets (21, 22) and 126 
are highly heterogeneous, impeding the development of improved therapeutic strategies (23-27). Advances in 127 
our understanding of the DNA damage response (DDR) offer new therapeutic avenues. PARP inhibitors (PARPi), 128 
e.g. olaparib, have a synthetic lethal effect in tumours with BRCA1/2 alterations (28, 29) and have demonstrated 129 
clinical utility for patients who harbour these alterations (30-32). However, as with all targeted therapies, drug 130 
resistance and disease relapse remain obstacles. While several PARPi resistance mechanisms have been 131 
described (33), preclinical resistance studies typically have limited relevance to the clinical setting.  132 
  133 
Here we have developed and optimised a PDTX platform alongside an ongoing neoadjuvant clinical trial for 134 
patients with TNBC and/or BRCA1/2 alterations. Using mirrored treatment schedules of chemotherapy with or 135 
without olaparib, we show that PDTXs in a co-clinical trial are excellent laboratory model systems to reflect 136 
clinical drug responses. From this strong foundation, we expanded the potential of the PDTX platform by using 137 
it to test alternative treatment strategies to that which the given patient received. This enabled us to empirically 138 
and functionally identify best drug response data, and map at high resolution molecular landscape dynamics to 139 
retrieve evolutionary information. A deep-dive analysis into one PDTX model at single-cell resolution (using both 140 
single cell mass cytometry and single-cell RNA-sequencing) revealed a permanent phenotypic (non-genetic) 141 
switch to a mesenchymal cell state upon treatment with olaparib, which could be synergistically targeted with 142 
salinomycin, offering new avenues for therapeutic intervention in TNBC.  143 
 144 
Our study has profound implications for the future use of PDTXs as an avatar platform and its use for anticipatory 145 
and predictive drug testing in the clinical setting, and a means to accelerate drug development with improved 146 
clinical predictive power.  147 
 148 
 149 
RESULTS 150 
 151 
A cohort of triple-negative breast cancer (TNBC) patient-derived tumour xenografts (PDTXs) 152 
 153 
Patients with TNBC and/or germline alterations in BRCA1/2 were enrolled on a neoadjuvant clinical trial, 154 
PARTNER (ClinicalTrials.gov Identifier: NCT03150576), which tested the efficacy of the PARPi olaparib in 155 
combination with two chemotherapy agents (carboplatin and paclitaxel). Tumour samples at diagnosis (therapy-156 
naïve) from consenting patients were collected fresh and immediately transported to the animal facility for 157 
subcutaneous engraftment into NSG mice as previously described (19) (Figure 1A). Sixty-seven independent 158 
samples were implanted which resulted in 22 engrafted (grown as PDTX) and 14 established models (successfully 159 
passaged). This 33% engraftment rate is in line with that previously published by our group (19) and others (34). 160 
Tumour samples from the 14 that were successfully established as PDTXs (PDTX cohort) reflected the clinical 161 
characteristics of all 67 implanted samples (clinical trial cohort) (Figure 1B).  162 
 163 
PDTX models were subject to rigorous assessment by histology and immunohistochemistry and were shown to 164 
reflect the originating tumours (Supplementary Figure 1). Eight of the 14 established PDTX models were used 165 
for the study described here (unbiased selection based on availability of material). A summary of the clinical 166 
features is outlined in Figure 1C. The majority of tumours were TNBC, and two tumours weakly expressed either 167 
PR or ER. To minimise heterogeneity pre-randomisation, all PARTNER patients are assessed for basal phenotype 168 
using immunohistochemistry (ER; PR; HER2; CK5/6 and EGFR). All tumours had a basal phenotype and were 169 
classified into integrative clusters (IntClust) 4ER-, 9 or 10. Three tumours had genomic BRCA1 alterations: 170 
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homozygous copy number loss (model 1006), a pathogenic mutation (c.4327C>T, p.Arg1443Ter) with loss of 171 
heterozygosity (LOH) (model 1040), and a predicted benign mutation (c.2077G>A p.Asp693Asn) with LOH but 172 
associated with a BRCA-mutation-like mutational profile, indicating homologous recombination deficiency 173 
(model 1177). 174 
 175 
RNA sequencing from four models (1006, 1040, 1022, 1141) was used to interrogate the impact of spatial 176 
heterogeneity on the expansion of PDTXs, by analysing distinct spatial regions of the same tumour, sister mice 177 
within a passage, and across multiple passages (Figure 1d, Supplementary Figure 2). Principal component 178 
analysis and hierarchical clustering of gene expression data revealed clear separations between models and 179 
samples from the same model clustered together. Gene set enrichment analysis was performed on each sample 180 
and we observed a high correlation between enrichment scores of both HALLMARK and oncogenic signature 181 
gene sets, C6, across spatial regions, sister mice and passages within each model. To further explore this at the 182 
mutational level, we performed whole exome sequencing on spatial regions, sister mice and across passages for 183 
one model (1006). This demonstrated a high correlation of the variant allele frequencies (VAF) of mutations 184 
between all levels. This supported our previous findings that the PDTX platform and experimental procedures 185 
were suitable for in vivo drug testing using sister mice as biological replicates and that the molecular features 186 
are stable across passages (19). 187 
 188 
A co-clinical trial reveals concordant PDTX-patient drug responses 189 
 190 
To test the concordance of drug responses between matched patients and PDTXs, we developed a co-clinical 191 
trial platform. We tested two experimental trial designs and analytical frameworks to evaluate response (Figure 192 
1A). For both, PDTX models were horizontally expanded into cohorts of daughter mice using n=5 per cohort 193 
following statistical power analysis. In design 1, to echo the PARTNER clinical trial regimen, treatment was 194 
administered 10-14 days post-engraftment. In design 2, treatment commenced at a fixed tumour volume 195 
(approximately 100 mm3) to account for model-specific growth dynamics; mice were assigned into cohorts using 196 
a stratified randomisation approach which aimed to evenly distribute initial tumour volumes. For both trial 197 
designs, mice were administered with the same treatment as the matched patient (named avatar mice) 198 
mirroring the patient treatment schedule and administration routes. In addition, the growth trajectory in the 199 
absence of treatment was monitored in 5 mice (named untreated mice). Patients and PDTXs were treated with 200 
chemotherapy (carboplatin and paclitaxel) +/- olaparib, herein referred to as CTO and CT trial arms respectively.  201 
 202 
For design 1, avatar doses were adapted from the human doses in the PARTNER clinical trial relative to reference 203 
body mass ratios (human 60kg and mouse 20g). The human dose of carboplatin (AUC5) was converted to 0.16 204 
mg fixed dose for mice. The human paclitaxel dose of 80 mg/m2 was converted to 0.04 mg but based on previous 205 
tolerability data on NSGs in our group, 0.07 mg was administered. The olaparib dose was converted from a 150 206 
mg human dose to a 0.05 mg mouse dose. For design 2, drug doses were increased to 7mg/kg, 40mg/kg and 207 
50mg/kg for paclitaxel, carboplatin and olaparib respectively after performing tolerability experiments in NSG 208 
mice. For both trial designs and to mirror the clinical treatment schedule, carboplatin was administered once 209 
every 3 weeks by intravenous injection, paclitaxel was administered intravenously once weekly and (when 210 
applicable) olaparib was administered by oral gavage on days 3-14 of each cycle. Four cycles of therapy were 211 
administered, with three weeks per cycle, to total 11 weeks (77 days) of treatment. While patients enrolled on 212 
the PARTNER clinical trial received three subsequent cycles of standard-of-care anthracycline chemotherapy, 213 
this was omitted for the co-clinical trial due to tolerability concerns in the mice. 214 
 215 
To compare drug responses between trial designs, distinct analytical frameworks were adopted. For design 1, 216 
raw data was analysed and several parameters were used to compare the growth trajectory between the 217 
untreated and avatar mice: tumour volume after two treatment cycles (6 weeks, 42 days), tumour volume at 218 
the end of treatment (11 weeks, 77 days), the area under the curve (AUC) of the growth curve and the slope of 219 
growth curve following log2 transformation. For design 2, we adopted mathematical modelling to analyse the 220 
data. We used the assumption of exponential tumour growth (35) and fitted linear mixed models on the log-221 
volume of the tumour on each day after the start of treatment for each PDTX model. We included an effect on 222 
treatment and a random slope for every mouse, allowing us to model the variability in growth rates observed 223 
between replicates. Four metrics were used to quantify the treatment effect: mean difference in daily growth 224 
rate and mean difference in AUC (both between treated and untreated groups), mean daily growth rate on 225 
treatment, and predicted tumour volume at treatment end. The mean difference in daily growth rate and AUC 226 
between the estimated marginal mean growth of the treated and the untreated groups were used to assess 227 
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whether treatment caused any improvement in the mice over untreated controls, even in instances in which the 228 
tumour volume did not reduce. The mean daily growth rate for treated mice was used to identify whether 229 
tumour volume was changed from the start of treatment as an effect of the treatment. Predicted volume for 230 
each mouse at the end of treatment was considered to be the most similar metric to the pathological assessment 231 
performed in the patient, measuring the total tumour volume at the end of the treatment. 232 
 233 
Both trial designs were tested in six PDTX models spanning both trial arms (CT and CTO), and patient responses 234 
(pathological complete response, pCR, and non-pCR). Trial design 2 was expanded to a further two PDTX models, 235 
and for those who displayed non-pCR, all possible residual cancer burden (RCB) scores are represented (I-III) 236 
(Figure 2).  237 
 238 
The commencement of treatment at a fixed time point after implantation (trial design 1) was not suitable for 239 
models with slower proliferation rates, e.g. 1008 and 1053. For these models, several untreated mice did not 240 
display measurable tumours after the trial ended, which posed challenges when determining effects of 241 
treatment on tumour growth. In the case of model 1053, this donor patient achieved a clinical pCR, but no 242 
significant differences were observed between the untreated and avatar mice by all parameters analysed.  243 
 244 
We also asked whether the low doses used in design 1 could be confounding the results. PDTX tumour growth 245 
was detected even in cases in which the corresponding patient achieved pCR, e.g. models 1006 and 1022. While 246 
this could be attributed to the additional cycles of anthracycline chemotherapy the patients received, the drug 247 
doses used in design 2 reduced PDTX tumours to unmeasurable levels in these models, representative of clinical 248 
pCR. In addition, commencing treatment at a fixed tumour volume accounted for model-specific growth 249 
dynamics, which along with higher administered doses, resulted in tumour regression.  250 
 251 
Data from trial design 2 revealed high concordance between patient and PDTX drug responses. While these data 252 
revealed significant improvements in treated mice compared to untreated controls in 7/8 models tested, 253 
significant tumour regression (indicated by negative growth rate under treatment) was observed only in models 254 
generated from a matched patient that achieved pCR. Likewise, only models from patients which achieved a 255 
clinical pCR had a predicted tumour volume of 0 at treatment end. We observed high variability between 256 
biological replicates for model 1053 but, across the cohort of mice, change in growth rate (T-UT), daily growth 257 
rate under treatment and tumour volume at treatment end were all lower than all PDTX models from which the 258 
matched patient had non-pCR. 259 
 260 
These data comprise the first systematic assessment of concordant drug responses in a neoadjuvant treatment 261 
naive breast cancer setting using two distinct trial designs. We demonstrated an accurate recapitulation of 262 
clinical drug responses between matched patient-PDTXs in eight models tested using several analytical metrics. 263 
These data elegantly exemplify the power of a co-clinical trial platform in predicting patient’s drug responses 264 
setting strong grounds for exploiting the use of PDTXs to anticipate the most efficacious treatment strategies in 265 
patients that are not responding to standard-of-care or that later relapse. 266 
 267 
Using PDTXs to identify alternative efficacious treatment strategies and to interrogate patient- and 268 
treatment-specific tumour evolution 269 
 270 
PDTX models have potential utility as tools in anticipatory cancer medicine to identify efficacious treatment 271 
strategies for patients and to model patient- and drug-specific tumour evolution (Figure 3A).  272 
 273 
Four distinct TNBC PDTX models were treated in vivo with the same (avatar) or the alternative clinical trial arm 274 
to what the donor patient received, and also with other clinically-relevant therapies for 11 weeks (Figure 3B-C). 275 
After treatment withdrawal, mice were left untreated to identify tumour relapse. This enabled us to explore 276 
both drug efficacy on treatment and the long-term evolutionary dynamics for every patient-treatment pair. We 277 
observed different dynamics of relapse in a patient- and treatment- specific manner. These results were 278 
particularly pronounced and of potential clinical relevance for models 1040 and 1141. For 1040 neither the 279 
patient nor the PDTX avatar responded to CT, while all alternative treatment strategies were successful to a 280 
similar degree during the treatment course. However, once treatment ceased the growth trajectories displayed 281 
marked differences: following CTO treatment, tumours reached 1500mm3 in a mean time of 176 days from 282 
implantation and following combination treatment with olaparib and AZD1775 tumours reach 1500mm3 in a 283 
mean time of 331 days. Model 1141 was largely resistant to treatment in vivo but responded to AZD1775 both 284 
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as a monotherapy and in combination with olaparib. In stark contrast, model 1022 was highly sensitive to all 285 
compounds tested. These data support the potential use of a PDTX drug screening platform as a tool for 286 
precision cancer medicine to identify patient’s drug responses and evolutionary trajectories.  287 
 288 
Using a PDTX drug screening platform to interrogate mechanisms of drug response to olaparib 289 
 290 
The in vivo drug screening platform revealed that models 1006 and 1040 (both with genomic BRCA1 alterations) 291 
were highly responsive to olaparib (both monotherapy and in combination with chemotherapy or AZD1775). 292 
Model 1022 was also highly responsive to olaparib, and upon further investigation it was revealed to be BRCA1-293 
null at the transcriptomic and protein level (Supplementary figure 3B-C). As expected, model 1141 did not 294 
respond to olaparib (homologous recombination proficient). However, despite this high responsiveness in 295 
models 1006, 1022 and 1040, rapid tumour regrowth was observed upon drug withdrawal. This indicated that 296 
a population of viable cells persisted and/or continued to proliferate on treatment, subsequently leading to 297 
relapsed disease.  298 
 299 
While numerous PARPi resistance mechanisms have been described (33), preclinical resistance studies typically 300 
have limited relevance to the clinical setting. Here we leveraged our unique platform using therapy-naïve PDTXs 301 
and clinically-relevant treatment schedules to identify mechanisms which may be more closely applicable to 302 
clinical tumour evolution. Although we did not observe reversion of the BRCA1 mutation in model 1040 303 
(Supplementary figure 3D), we selected model 1006 to perform a deep-dive analysis so as to avoid the chance 304 
of PARPi resistance being caused by secondary mutations and enable the identification of other clinically-305 
relevant new mechanisms directing cancer evolution in TNBCs. Model 1006 has both a germline and somatic 306 
BRCA1 copy number loss and does not express BRCA1 at the RNA or protein level (Supplementary Figure 3A-C). 307 
Although in the PARTNER clinical trial, olaparib is used in combination with chemotherapy, for our purpose we 308 
analysed PDTX samples treated with olaparib monotherapy to identify PARPi-specific mechanisms. Tumours 309 
from biological replicates were harvested at two time points to temporally resolve the mechanisms of drug 310 
response dynamics, including relapse: immediately following treatment (denoted as treated) and at size limits 311 
after drug withdrawal (post-treated), modelling residual and relapsed disease respectively (Figure 4A).  312 
 313 
To interrogate the mechanisms by which tumours survived upon treatment, we performed a deep molecular 314 
characterisation of treated and post-treated tumours using several analytical modalities. Genomic analysis using 315 
multi-region whole exome sequencing (Supplementary Figure 4) failed to identify any mutations which could 316 
fully explain the survival of cells on treatment. Filtering non-synonymous SNVs, frameshift indels and stop-gain 317 
mutations, we observed a high correlation between the VAFs detected in untreated, treated and post-treated 318 
tumours (Figure 4B). Hierarchical clustering of SNV VAFs revealed no clear separation between untreated, 319 
treated and post-treated tumours (Supplementary Figure 4C). We then sought to identify ‘emergent’ and 320 
‘depleted’ mutations. Emergent mutations were defined as those present in no untreated samples, but in at 321 
least one treated or post-treated sample; conversely depleted mutations were those present in two or more 322 
independent untreated mice, but no treated or post-treated samples. 13 depleted mutations and 28 emergent 323 
mutations were identified (Supplementary Figure 4D). While most were classified as predicted passenger 324 
mutations, we identified a depleted mutation in GATA2 and an emergent mutation in TRRAP, both predicted 325 
driver mutations (36, 37). However, since these drivers were detected in just two untreated mice and one post-326 
treated mouse respectively, it was deemed insufficient to fully explain natural selection of a genetic clone 327 
through Darwinian evolution under a treatment regime during this time-frame in vivo.  328 
 329 
We next analysed gene expression by bulk RNA-sequencing. We observed minor yet significant changes in gene 330 
expression of known PARPi resistance markers related to DDR rewiring, including BRCA2, RAD51, PALB2 331 
(Supplementary Figure 5A). Albeit potentially involved in driving resistance, here we opted to instead adopt an 332 
unbiased and holistic data-driven approach. Using the top 250 strong and variable genes identified in bulk RNA-333 
sequencing, samples were clustered by Euclidean distance (Figure 4C). Treated and post-treated tumours 334 
clustered together, and separately from untreated tumours. To our surprise, this demonstrated a global 335 
transcriptomic shift upon treatment with olaparib which persisted (irreversible) when treatment was removed, 336 
even when left 3 months off treatment. Gene set enrichment analysis was performed between untreated and 337 
post-treated tumours (Figure 4D, Supplementary Figure 5B) which demonstrated a significant enrichment of the 338 
HALLMARK ‘Epithelial to Mesenchymal Transition’ gene set. Differentially expressed genes were then identified 339 
between untreated and post-treated tumours; post-treated tumours exhibited up- and down-regulation of 340 
several mesenchymal and epithelial genes respectively (Figure 5E). 341 
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 342 
Model 1022 (transcriptomic BRCA1-null) demonstrated a significant and dramatic increase in BRCA1 expression 343 
in tumours treated with olaparib using the same experimental design (Supplementary Figure 5C-D). After 344 
treatment with olaparib, 5/5 mice demonstrated significantly higher gene expression and indeed the most highly 345 
significant differentially expressed gene between untreated and post-treated tumours was BRCA1 (logFC 9.06, 346 
p-value 4.99 e-06), indicating an epigenetic reversion of gene suppression. These data suggest that our platform 347 
enables the identification of known single-biomarkers of resistance to PARPi. Crucially, these data also identify 348 
new molecular dynamics involved in olaparib-dependent drug responses, and suggests this is driven by a global 349 
non-reversible transcriptomic change.  350 
 351 
To validate these findings at the phenotypic level, we adopted our previously described time-of-flight mass 352 
cytometry (CyTOF) approach (20) in dissociated cancer cells (Figure 4F-G, Supplementary Figure 6). Data were 353 
analysed using Cytobank (38). Treated and post-treated tumours demonstrated similar phenotypic profiles by 354 
viSNE and FlowSOM clustering, supporting the concept that the phenotype observed immediately after 355 
treatment was largely stable following drug withdrawal. We did observe minor changes, such as increased 356 
metacluster 4 and decreased metacluster 7 in post-treated samples compared to treated; both metaclusters 357 
highly expressed CD49F, EGFR and VE-Cadherin, but metacluster 7 exhibited high expression of p-c-Jun and other 358 
signalling proteins. In addition, we observed a decrease in metacluster 5 (epithelial phenotype), suggesting a 359 
shift towards a more mesenchymal phenotype in post-treated compared to treated samples. Mass cytomery 360 
was then performed on untreated PDTX tumours from model 1006 independently propagated, which revealed 361 
a homogenous low expression of EGFR and VE-Cadherin. These data suggest that treatment with olaparib 362 
induces a progressive switch towards mesenchymal-like cell states, by increasing populations enriched in these 363 
markers, which continue to increase upon drug withdrawal. These data were further validated at the tissue level 364 
using immunohistochemistry (Figure 4H), which demonstrated an increase in expression of EGFR and CD49F and 365 
a decrease in expression of cytokeratins in treated compared to untreated trial samples. Likewise, a western 366 
blot of homogenised tissue revealed a stepwise decrease in E-Cadherin and increase in Vimentin, epithelial and 367 
mesenchymal markers respectively (Figure 4I). Taken together, these data demonstrate at both the expression 368 
and protein level that non-genetic phenotypic changes occur upon treatment with olaparib; persistent and 369 
emergent populations are enriched for mesenchymal markers and phenotypic changes remain irreversible after 370 
drug withdrawal, with transient high expression of signalling markers.  371 
 372 
To further interrogate the molecular mechanisms underlying these changes, single cell RNA-sequencing was 373 
employed. 21,894 cells from eight samples (at least two biological replicates per condition) were available for 374 
analysis after applying quality control filters. Metacell analysis (39) revealed 7 groups of metacells, or cell states 375 
(Figure 5A-B, Supplementary Figure 7A). Minor cell states expressed high levels of myoepithelial (e.g. TAGLN, 376 
ACTA2), hypoxic (CA9, HILPDA) and Immune Activation (HLA-B, CD74) markers. The remaining metacells were 377 
classified into cell states based on expression of epithelial (e.g. KRT81, CLDN3, SLPI) and mesenchymal markers 378 
(e.g. VIM, ITGA6, EGFR). Metacells were divided into Epithelial, Mesenchymal and EM-hybrid states, and a subset 379 
of EM-hybrid metacells expressed high levels of immediate early response (IER) genes (e.g. FOS, JUNB), which 380 
we denoted as EM-hybrid-IER.  381 
 382 
The majority of cells in untreated samples exhibited an epithelial phenotype, consistent with bulk RNA-383 
sequencing and protein-level data (Figure 5C). Immediately after treatment, there was a dramatic decrease in 384 
epithelial and increases in EM-hybrid and EM-hybrid-IER cells. After treatment withdrawal, there remained high 385 
levels of EM-hybrid cells (but fewer with IER expression) and an increase in mesenchymal cells. We also observed 386 
a small increase in epithelial cells, but this remained dramatically lower than in untreated controls.  387 
 388 
These data revealed two key phenotypic changes induced by olaparib treatment, with both transient and 389 
permanent dynamics. In line with our previous data, olaparib caused phenotypic changes involving sequential 390 
transitions from an epithelial to an EM-hybrid cell state on treatment, and to a fixed mesenchymal cell state in 391 
relapse samples. While we did observe a small degree of reversion to an epithelial phenotype, the overwhelming 392 
majority of post-treated cells remained EM-hybrid or mesenchymal. In addition, this single cell analysis revealed 393 
that olaparib induced transient high expression of IER genes in cells residing in a stressed cell state, supporting 394 
the mass cytometry data. Crucially, these changes were highly consistent between both biological and technical 395 
replicates (Supplementary Figure 7C).  396 
 397 
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To further elucidate the drivers of this, we calculated three gene expression scores (Epithelial, Mesenchymal, 398 
IER) by averaging gene enrichment of the top 50 genes correlated with KRT81, VIM and JUNB respectively 399 
(Supplementary Figure 8). Using expression data from Epithelial, EM-hybrid and mesenchymal metacells, each 400 
score was correlated with the expression of known transcription factors (TFs) (40). As expected, TFs which 401 
correlated with the epithelial score were negatively correlated with the mesenchymal score, and vice versa. 402 
Several TFs known to be associated with epithelial and mesenchymal phenotypes were indeed correlated with 403 
the respective scores, such as ELF5 (epithelial) (41) and TWIST2 (mesenchymal) (42). A subset of TFs were found 404 
to be correlated with both the mesenchymal and IER expression scores, including EMT master regulator SNAI2 405 
(43). This led us to hypothesise that the two key phenotypic changes observed in response to olaparib may be 406 
interrelated and that the transient overexpression of IER genes may drive, or be associated with, the permanent 407 
gene expression changes upon treatment.  408 
 409 
Epithelial and mesenchymal scores were plotted for individual metacells which (in line with several recent 410 
reports) demonstrated that EMT is a continuum, rather than discrete cell states (Figure 5D) (44-47). Epithelial, 411 
mesenchymal and EM-hybrid metacells were stratified into five groups (EMT1-5). Mean gene enrichment of TFs 412 
across the EMT1-5 strata was used to infer TFs which may be driving different stages of the EMT trajectory 413 
(Supplementary Figure 9). For some TFs, gene enrichment increased or decreased step-wise along the 414 
continuum, for example TWIST1 and ELF5 respectively. Others appeared to be early-acting, establishing a hybrid 415 
EM cell state e.g. SNAI2, ATF5. Conversely, other TFs were late-acting, transitioning cells from EM-hybrid to a 416 
fully mesenchymal phenotype, such as TWIST2, IRX3. Adopting a similar approach for the IER trajectory (Figure 417 
5E), EM-hybrid and EM-hybrid-IER metacells were stratified into four groups (IER1-4). Again, mean gene 418 
enrichment of TFs was plotted across the IER1-4 strata (Supplementary figure 9), which identified several TFs 419 
which correlated with acquisition of an IER phenotype, including TWIST1, SNAI2 and NFATC1.  420 
 421 
The observation that several TFs overlapped between the EMT and IER trajectories (Figure 5F) supported our 422 
hypothesis that the transient and permanent phenotypic changes were interrelated. These data suggest that 423 
transcriptional programmes associated with an IER trigger a cascade of phenotypic state dynamics which occur 424 
independently or in parallel/interplaying with clonal evolution.  425 
 426 
These data demonstrate the value of leveraging the PDTX platform to reveal patient-specific evolutionary 427 
behaviours and to uncover unidentified molecular mechanisms and phenotypic dynamics driving relapse.  428 
 429 
Identifying new therapeutic vulnerabilities using patient-specific evolutionary insights 430 
 431 
We next tested the functional implications of in vivo drug screening in four PDTX models (Figure 6A). We 432 
performed high-throughput drug screens on dissociated PDTX cells which had previously been pre-treated and 433 
subject to drug withdrawal (as in Figure 3). This revealed both patient- and drug-specific functional changes, as 434 
demonstrated by area under the curve (AUC) values.  435 
 436 
Using the evolutionary insight gained from the deep-dive analysis, we set out to identify efficacious patient-437 
specific therapeutic strategies which could involve sequential or upfront combination therapies for model 1006. 438 
A potassium ionophore, salinomycin, has been identified to selectively target cells which have been transitioned 439 
through an EMT (48). We postulated that, given the increase of a mesenchymal phenotype after in vivo olaparib 440 
treatment, olaparib followed by salinomycin could be an efficacious sequential therapy. An ex vivo combination 441 
drug screen was performed on dissociated cells from model 1006, first dosing with olaparib and then salinomycin 442 
4 hours later (Figure 6B). Using the Bliss model (49), significant synergy was identified between the two 443 
compounds, supporting the high efficacy of the use of these drugs in sequence. Furthermore, this experiment 444 
supports the concept that olaparib induces transitions to other cell states (phenotypic switching) as opposed to 445 
an enrichment of a pre-existing population. A selective killing of different populations by the two compounds 446 
would lead to an additive, rather than the observed synergistic effect. From this, we propose that olaparib 447 
induces cell plasticity to a phenotypic state (mesenchymal) that is selectively killed by salinomycin.  448 
 449 
To test whether this phenomenon was specific to olaparib or independent of the therapeutic pressure, we tested 450 
the combination of carboplatin and salinomycin. No synergy was observed (Supplementary Figure 10), indicating 451 
that the mechanism is drug-specific. The experiment was then extended to other PDTX models and remarkably 452 
3/4 models demonstrated synergy between olaparib and salinomycin (Figure 6C), suggesting this phenotypic 453 
behaviour is a common phenomenon. Strikingly, when olaparib and salinomycin were used in upfront 454 
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combination (rather than sequential) the degree of synergy was lower, further supporting the plasticity 455 
hypothesis that olaparib primes cells for effective salinomycin killing.  456 
 457 
Taken together, these data demonstrate the value of translating evolutionary and phenotypic insights from the 458 
PDTX platform to identify personalised anti-cancer therapeutic strategies based on patient-specific behaviours, 459 
highly predictive of patient drug responses. It also suggests that salinomycin could be a potential avenue for 460 
therapeutic intervention for relapsed TNBC following treatment with olaparib.  461 
 462 
DISCUSSION 463 
 464 
Breast cancers are highly complex cellular entities, exhibiting both inter- and intra-tumour heterogeneity. TNBCs 465 
remain the subgroup with the worst prognosis and, while DDR agents offer new avenues for therapeutic 466 
intervention, drug resistance and disease relapse remain obstacles in the treatment of the disease. To fully 467 
understand the mechanisms by which tumours evade therapy and evolutionary principles that drive its 468 
progression, it is essential to leverage preclinical models which accurately recapitulate the heterogeneity of 469 
human breast cancer and adopt holistic tools which resolve such complexity. 470 
 471 
We developed and optimised a co-clinical trial platform alongside an ongoing clinical trial using treatment-naïve 472 
TNBC PDTXs, and demonstrated concordance between drug responses of patients and their corresponding PDTX 473 
models using clinical endpoints. Treatment-naïve PDTXs mirror matched patient’s drug responses, establishing 474 
very strong foundations for the use of drug response information from co-clinical trial platforms to be adopted 475 
in precision medicine approaches. Using PDTX in vivo preclinical trials, we expanded the number of compounds 476 
a given patient’s tumour received and modelled patient- and drug-specific tumour evolution. This shows that 477 
the platform can be coupled and expanded to interrogate additional clinically-relevant therapeutic approaches 478 
in parallel, and be used as a predictive or anticipatory tool in patients who are not responding to treatment or 479 
that relapse. We then exploited this platform to interrogate mechanisms of drug response to olaparib. Using 480 
two analytical modalities at a single cell resolution (mass cytometry and RNA-sequencing) we identified a novel 481 
non-genetic mechanism of drug response to olaparib. This is driven by phenotypic cell dynamics (or cell 482 
plasticity), directed by transcription factor-mediated gene expression transitions that move cells from an 483 
epithelial towards stable mesenchymal states and that can be selectively targeted with salinomycin.  484 
 485 
While we are not the first to report concordant drug responses in breast cancer (11, 12, 50), we present a robust 486 
approach to assess the extent to which PDTXs recapitulate clinical drug responses in a controlled clinical trial 487 
setting. The co-clinical trial and PDTX drug screening platform have wide-ranging implications for the future use 488 
of PDTXs in both anticipatory cancer medicine and the study of cancer evolution. It offers the opportunity to 489 
prospectively anticipate (i.e., predict) alternative efficacious treatment strategies for patients, particularly in the 490 
relapsed or recurrent setting. The timeframes reported here would be suitable to evaluate treatment options 491 
for relapsed tumours if PDTXs were generated from a patient’s sample upon initial disease presentation 492 
(including tumour biopsies). It also allows one to study the impact of that treatment on the tumour’s ability to 493 
evolve and interrogate parallel evolutionary trajectories upon different therapeutic pressure. While expected, 494 
an interesting observation was the dramatically different dynamics of relapse in a patient- and treatment- 495 
specific manner. This is critical data when designing treatment schedules as, even when treatments share good 496 
responses, each could follow distinct, synergistic or synthetically lethal evolutionary paths, highlighting the 497 
potential to leverage the concept of therapeutic steering towards chronicity based on evolutionary knowledge 498 
(51). The PDTC drug screening platform previously pioneered by our group (19) was further integrated into this 499 
work and offers the potential to screen large numbers of novel and clinical compounds in a high-throughput 500 
manner. It also confirmed that non-genetic cell plasticity-driven changes upon olaparib treatment had functional 501 
(treatment response) implications.  502 
 503 
Using clinically relevant time frames and parallel treatment schedules to the patient, this study had major 504 
benefits over traditional drug resistance studies, more closely mimicking the clinical scenario. The mechanism 505 
of response to olaparib described here is akin to previous reports of phenotypic switching in response to 506 
treatment (52-55). A striking observation was the permanent nature of the phenotypic change, contrasting with 507 
mechanisms such as drug-tolerant persister cells (56), but more in line with stable non-genetic drug-resistance 508 
as described in (54, 55). Our single-cell RNA-sequencing data suggests that upon treatment cells adopt an EM-509 
hybrid cell state enriched for IER genes, but upon drug withdrawal cells continue to progress towards a fully 510 
transitioned and stable mesenchymal phenotype. Previous reports have demonstrated that EM-hybrid cells 511 

.CC-BY-NC 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2023.01.10.523259doi: bioRxiv preprint 

https://doi.org/10.1101/2023.01.10.523259
http://creativecommons.org/licenses/by-nc/4.0/


exhibit higher metastatic potential (45) and tumorigenicity (57) than their epithelial or mesenchymal 512 
counterparts. Our data leads to the compelling hypothesis that drug withdrawal may drive cells further towards 513 
a mesenchymal cell state which, although traditionally associated with a more aggressive phenotype than 514 
epithelial cells, has less metastatic potential and tumorigenicity than hybrid cells that emerge on treatment. 515 
Using the single cell data to derive EMT and IER trajectories, we identified that overlapping TFs (including EMT 516 
master regulator SNAI2) may be implicated in directing cell state transitions, highlighting the potential of 517 
identifying plasticity-driver vulnerabilities. The timeframe of this approach may not have been long enough to 518 
identify natural selection of advantageous mutations. However plausible, the data presented here fits with the 519 
new compelling evidence supporting non-genetic evolutionary cancer drivers in the early stages of adaptation 520 
to treatment. As such, we hypothesise that targeting the molecular drivers that enable cancer evolution instead 521 
of/in addition to targeting the evolutionary endpoint, especially in the curative/early setting, will provide the 522 
recipe for higher clinical benefit. Outstanding questions relate to the dependency and sequence of this TF 523 
activation. One explanation could be that IER gene expression on treatment activates transcriptional 524 
programmes associated with EMT, priming cells to become mesenchymal even once IER gene expression 525 
reduces upon drug withdrawal. Alternatively, both IER and EMT processes may be driven by the same 526 
transcriptional master regulators induced by olaparib treatment; IER genes may be able to reduce back to 527 
baseline upon drug withdrawal but EMT, once established, continues along its trajectory towards a stable 528 
mesenchymal phenotype. 529 
 530 
Our observation of synergy between salinomycin and olaparib further supports targeting phenotypic changes as 531 
a powerful therapeutic strategy. Indeed, salinomycin is gaining traction for treatment of several cancer types 532 
owing to its high selectivity towards cancer stems cells (48).  533 
 534 
While mimicking the treatment schedules of the clinical trial compounds (carboplatin, paclitaxel and olaparib) 535 
in PDTXs in the co-clinical trials, patients received three subsequent cycles of standard-of-care anthracycline 536 
chemotherapy which was omitted. However, we argue that this work provides a strong foundation and a 537 
preliminary experimental framework to further expand into larger patient cohorts and a wider range of clinical 538 
compounds and clinical scenarios. Ultimately, a clinical trial with an avatar arm is needed to consolidate the use 539 
of this data to benefit cancer patients.  540 
 541 
The mechanism of drug response described here supports mechanisms described previously and provides an 542 
interesting avenue for further exploration. A major limitation with our model system is that longitudinal sample 543 
collection provides only a snapshot in time, making it challenging to delineate between phenotypic switching 544 
and enrichment of pre-existing populations. The synergy observed between salinomycin and olaparib supports 545 
the hypothesis of phenotypic switching, but a barcoding approach for lineage tracing coupled with single-cell 546 
RNA-sequencing technologies would provide more granular information. Furthermore, we propose that 547 
salinomycin could be an interesting drug candidate for TNBC (either relapsed or in combination as a first-line 548 
therapy) and this warrants further exploration.  549 
 550 
We describe a unique and robust platform to study drug responses and cancer evolution in a clinically relevant 551 
manner. This study has profound implications for the future use of PDTXs as both anticipatory tools for 552 
subsequent treatments in clinical medicine and a preclinical approach to high-resolution mapping of drug 553 
response dynamics.  554 
 555 
 556 
 557 
 558 
 559 
 560 
 561 
 562 
 563 
 564 
 565 
 566 
 567 
 568 
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 569 
 570 
 571 
 572 
 573 
 574 
 575 
 576 
METHODS 577 
 578 
Generation and maintenance of PDTXs 579 
Breast cancer patient-derived tumour xenografts (PDTX) were established and passaged as described in (19). 580 
Patient primary breast cancer biopsy samples were collected at diagnosis and immediately transported to the 581 
animal facility. Patient tissue samples were embedded in Matrigel and implanted subcutaneously into ~2 female 582 
severe immunocompromised NOD.Cg-Prkdcscid Il2rgtm1Wjl/SzJ (NSG) mice. PDTXs were serially implanted into 583 
multiple hosts to allow for in vivo expansion of each model. Xenograft samples were flash frozen in liquid 584 
nitrogen, cryopreserved in freezing media (FBS/10% DMSO) and fixed in 10% neutral buffered formalin at each 585 
passage from each mouse. Regular genotyping and immunohistochemistry quality control was performed 586 
routinely to confirm the propagation of human breast cancer tissue matching the originating patient-derived 587 
sample. All use of human samples and xenograft generation is covered by the appropriate human ethics 588 
framework in the UK, and all animal work is performed under the Home Office regulatory framework (project 589 
licence number: P1266F82E). The research was done with the appropriate ethical approval and informed 590 
consent was obtained from all patients. PARTNER samples were collected and held under the PARTNER ethics: 591 
IRAS project ID: 178681, Haydock Research Ethics Committee. REC reference number for PARTNER: 592 
15/NW/0926. REC reference number for PBCP: 18/EE/0251. 593 
 594 
In vivo preclinical drug studies 595 
Fresh or cryopreserved tumour fragments from a single mouse were passaged into a cohort of NSG mice. At the 596 
appropriate point (either a defined time after implantation or based on tumour volume), mice were enrolled 597 
into treatment cohorts and dosed according to the allocated treatment schedules. For trial design 2 in which 598 
treatment started at a fixed tumour volume, mice were assigned into cohorts using a stratified randomisation 599 
approach which aims to evenly distribute initial tumour volume sizes. To achieve this, tumour volumes from a 600 
group of mice are ranked from low to high and then assigned to a cohort using a spiral approach (e.g. 1-3, 3-1, 601 
1-3... for three cohorts).  602 
 603 
For CT and CTO trial arms, four cycles of therapy were administered (three weeks per cycle) to total 11 weeks 604 
of treatment. Carboplatin was administered by intravenous injection once every three weeks (day 1 of each 605 
cycle with 0.16mg and 40mg/kg doses for trial designs 1 and 2 respectively). Paclitaxel was administered by 606 
intravenous injection once weekly (days 1, 8, 15 of each cycle with doses of 0.07mg and 7mg/kg for trial designs 607 
1 and 2 respectively). Olaparib was administered by oral gavage on days 3-14 of each cycle (0.05mg or 50mg/kg 608 
for trial designs 1 and 2 respectively). For the olaparib monotherapy, olaparib (50mg/kg) was administered by 609 
oral gavage with 5 days on/2 days off for 11 weeks. For AZD1775 monotherapy, AZD1775 (120mg/kg) was 610 
administered by oral gavage with 5 days on/2 days off for 11 weeks. For olaparib/AZD1775 combination, models 611 
1006 and 1040 were administered with olaparib (50mg/kg) 5 days on/2 days off and AZD1775 120 mg/kg 5 days 612 
on/2 days off. Models 1022 and 1141 were administered with olaparib (50mg/kg) daily and AZD1775 (60mg/kg) 613 
3 days on/4 days off.  614 
 615 
Paclitaxel (Selleckchem, S1150) was formulated in 1:1 Ethanol:Kolliphor (Sigma, C5135-500G) and diluted prior 616 
to use in Vetivex saline. Carboplatin (Selleckchem, S1215) was formulated in sterile water. Olaparib (provided 617 
by AstraZeneca) was formulated in 30% Kleptose/10% DMSO in water and AZD1775 (provided by AstraZeneca) 618 
was formulated in 0.05% methylcellulose. Mice were carefully monitored for adverse effects and tumours were 619 
measured weekly with callipers. Mice were humanely sacrificed at the defined endpoint (either immediately 620 
after treatment or at tumour volume 1500 mm3). All in vivo drug trials were performed at Cancer Research UK 621 
Cambridge Institute animal facility. 622 
 623 
Measurement of tumour volume 624 
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Callipers were used to measure the volume of the mouse tumours by using the height (h), and width (w) 625 
weekly. The tumour volume (mm3) was determined by using the equation: 626 
 627 

𝑇𝑢𝑚𝑜𝑢𝑟	𝑉𝑜𝑙𝑢𝑚𝑒	(𝑇𝑉) =
(𝑊!)𝐻
2 		 628 

 629 
PDTX tumour growth and drug response modelling 630 
Raw data from trial design 1 was analysed by comparing tumour volumes at defined time points, area under the 631 
curve (AUC) and regression coefficient following log2 transformation of tumour volume. AUC was calculated 632 
using Prism (v8.1.0), which computes the AUC using the trapezoid rule. In the instance that one cohort reached 633 
limits before the end of treatment, the final measured volume was used for the remaining days. The regression 634 
coefficient (slope) was calculated by linear regression, following log2 transformation of the tumour volume over 635 
time up to the end of treatment. All parameters were compared between cohorts using two- tailed, unpaired 636 
Welch’s t-test, not assuming equal variance. 637 
 638 
For trial design 2, based on the assumption of exponential tumour growth (35), a random intercept linear 639 
mixed model was fitted to each PDTX model to estimate the effect of treatment on the daily growth rate. 640 
These models were used to compare growth trajectories between drug-treatment arms and untreated. The 641 
linear mixed model was fitted on the log volume of the tumour on day i after the start of the treatment, and 642 
the effect on the treatment and a random slope for every mouse was included, allowing us to model the 643 
variability in growth rates observed on different replicates. P-values were corrected to multiplicity adjustments 644 
for within-mouse comparison and analysis. In addition, it was only included the period under treatment in our 645 
models. 646 
 647 
For each model, the following metrics were derived to quantify the drug treatment effect: 648 

1. The mean difference in daily growth rate between the treatment group and the untreated group, 649 
estimated with the interaction between growth rate and treatment group in the linear mixed model. 650 

2. The area under the curve between the estimated marginal mean growth of the treated and the 651 
untreated groups. 652 

3. Mean daily growth rates for the treatment groups. 653 
4. The predicted volume for each mouse at the end of treatment was derived from the linear mixed 654 

model at days 84. 655 
 656 
 657 
DNA/RNA extraction from PDTX tumours for bulk RNA and whole exome sequencing 658 
PDTX tissue samples were flash frozen in liquid nitrogen. Tissue samples were homogenised using a tissue lyser 659 
(Qiagen). DNA and RNA for bulk RNA-sequencing and whole exome sequencing (WES) was extracted using 660 
AllPrep DNA/RNA kit (Qiagen) following the manufacturer’s instructions.  661 
 662 
Bulk RNA-sequencing 663 
RNA-Seq libraries for Illumina sequencing were prepared using TruSeq stranded mRNA kit (Illumina, 20020595) 664 
according to manufacturer’s instructions for high-throughput sample workflow.  An input of 500 ng of total RNA 665 
per sample was used for library preparation. After DNA fragments were enriched by PCR, all libraries were 666 
quantified using KAPA Library Quantification Kit (KAPA Biosystems) and analysed by TapeStation (Agilent). 667 
Successful libraries were normalised based on concentration and pooled. Libraries were sequenced on either 668 
HiSeq 4000 or NovaSeq 6000 sequencing platforms (Illumina) according to the manufacturer’s instructions. 669 
Sequencing was performed using either 50 bp single-end (SE) reads or 50 bp paired-end (PE) reads, to generate 670 
on average 15 million total reads per library. The bioinformatics analysis of the RNA-seq data was perform using 671 
R 4.0.3. Gene Set Enrichment Analysis (GSEA) was done in single-sample mode (ssGSEA) with the GSVA package 672 
and fgsea package for pathway analysis. Normalization and differential gene expression analysis was done using 673 
edgeR package. 674 
 675 
Whole exome sequencing (WES) sequencing  676 
WES sequencing libraries were prepared using Nextera Flex for Enrichment (Illumina, 20025524) according to 677 
manufacturer’s instructions. Libraries were sequenced on the NovaSeq 6000 using 100 bp paired-end reads, 678 
aiming for approximately 100x coverage. Reads were aligned using novoalign (Novocraft) applying our ICRG 679 
pipeline to remove mouse contamination (58). Bam files were merged, sorted and indexed using samtools. 680 
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Duplicates were marked using Picard tools. Candidate SNVs and Indels were called using GATK HaplotypeCaller. 681 
Variants were annotated using annovar (version 2018-04-16) for gene/exon annotation, 1000 genomes (version 682 
2015aug), dbSNP (version snp142). Somatic mutations were identified by filtering out calls present in dbsnp, 683 
1000 genomes or in an internal panel of normal (n=95). In the latter, variants were called with the same pipeline 684 
and reported if present in at least 2 samples.  685 

 686 
Preparation of single-cell suspensions for mass cytometry and single-cell RNA-sequencing 687 
Cryopreserved PDTX tumour fragments were thawed rapidly into RPMI (Gibco, Invitrogen) and mechanical and 688 
enzymatic dissociation was performed using the medium tumour dissociation protocol on a GentleMACS 689 
Dissociator, using the human tumour dissociation kit (Miltenyi, 130-095-929) according to manufacturer’s 690 
instructions. After tissue dissociation, single-cell suspensions were filtered through 70 μm meshes (BD 691 
Biosciences) and transferred into RPMI (Gibco, Invitrogen).  692 
 693 
Single-cell RNA-sequencing and processing 694 
Single cell suspensions of PDTX tumours were prepared as described above. Single-cell sequencing was 695 
performed using the Chromium Single Cell 3ʹ GEM, Library & Gel Bead Kit v2 (10x Genomics, PN-120237) and 696 
Chromium Single Cell A Chip Kit (10x Genomics, PN- 120236) according to the manufacturer’s instructions. 697 
Libraries were sequenced by HiSeq2500 (Illumina) or by NovaSeq 6000 SP or S1 flow cells (Illumina) with paired-698 
end reads and dual-indexing. Cellranger v5.0 (10x Genomics) was used to generate raw count matrices with the 699 
hgmm reference. CellBender (59) was used to remove ambient noise and generate the count matrices for the 700 
filtered cells. Cells with at least 750 UMIs from non-mitochondrial genes and less than 40% UMIs from 701 
mitochondrial genes were kept for analysis. Next, Souporcell (60) was used with K=2 to cluster cells into human 702 
and mouse clusters and to remove doublets. Cells in the human cluster with the majority of their UMIs coming 703 
from human genes were kept. Finally, Scrublet (61) was used with 0.3 as a cut-off for doublet score to further 704 
remove potential doublet cells.   705 
 706 
Single-cell RNA-sequencing Metacell analysis 707 
To select feature genes for MC analysis we first identified high variance and strong genes, then removed 708 
blacklisted genes (mitochondrial and a few strong non-coding genes, and gene modules correlated with cell 709 
cycle, interferon and stress responses, supplementary table 2) which resulted in a set of 3,390 feature genes. 710 
MCs were derived as described (39) using K = 110, standard bootstrapping and MC splitting. We further filtered 711 
2 MCs suspected to be nuclei stripped from their cytoplasm as they had high fraction of UMIs from lncRNA and 712 
mitochondrial genes, low number of UMIs and low fraction of UMIs from ribosomal genes. We also filtered out 713 
a single MC suspected to contain Epithelial – Mesenchymal doublet cells. The derived final model included 714 
21,087 cells partitioned into 153 MCs.  715 
 716 
Mass cytometry processing 717 
Time-of-flight mass cytometry (CyTOF) was performed following the optimised protocol for breast cancer PDTXs 718 
as described in (20). Briefly, single cell suspensions of PDTX tumours were prepared as described above and cells 719 
were exposed to the intercalator Rhodium (103Rh), a live-dead exclusion marker for CyTOF (Fluidigm, 201103). 720 
Single cell suspensions of PDTXs were individually subjected to fixation (in 2% PFA), permeabilization and 721 
palladium barcoding using the Cell-ID™ 20-Plex Pd Barcoding Kit (102Pd, 104Pd, 105Pd, 106Pd, 108Pd, and 722 
110Pd) as per manufacturer’s instructions (Fluidigm, 201060). After barcoding, 20 samples were pooled into one 723 
tube; biological replicates were split between pools and one common sample was included in each pool for 724 
downstream analysis. Cell suspensions were incubated with a mix of the extracellular antibodies in cell staining 725 
buffer (CSB) for 30 min at room temperature, followed by incubation of cells with 100% ice-cold methanol at 726 
4 °C for 15 min. Cells were incubated with intracellular antibody mix for 30 min at room temperature, followed 727 
by secondary antibody mix for 20 min at room temperature. Several wash steps were performed between each 728 
step using CSB. Cells were then incubated with the intercalator Iridium (191Ir and 193Ir) (Fluidigm, 201192), an 729 
intact single-cell inclusion marker, according to manufacturer’s instructions. EQ four-element calibration beads 730 
(140/142Ce, 151/153Eu, 165Ho and 175Lu) were added to the sample as per manufacturer’s instructions 731 
(Fluidigm, 201078) and samples were run on the HELIOS instrument at a concentration of 0.6–1 million cells per 732 
ml. 733 
 734 
Mass cytometry analysis 735 
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Raw data were normalised with the EQ Calibration beads and individual sample de-convolution (using the 736 
barcodes) was performed with the commercially available software (Fluidigm). Initial data quality and gating for 737 
intact single and alive cells were determined using traditional cytometry visualisation as described in (20).  738 
 739 
Data analysis was performed using software available from Cytobank (38). Data from all channels were 740 
transformed using the hyperbolic arcsinh function. ViSNE plots were created using all markers except ER, 741 
CK8/18, HER2 (not expressed), and event counts were down-sampled to the lowest sample. For ViSNE analyses, 742 
the following settings were utilised: 1000 iterations, 30 perplexity, 0.5 theta. Human cells were manually gated 743 
using a combination of human-reactive antibodies against CD298 and EpCAM, and mouse-reactive antibodies 744 
against MHC class I and CD45. Human cells were further gated for the CD298+/EpCAM+ population. FlowSOM 745 
clustering was performed on human cells using hierarchical consensus clustering method, 7 metaclusters, 100 746 
clusters, 10 iterations and normalised scales. FlowSOM clustering was performed using only expressed cell-type 747 
markers: EpCAM, CD44, VE-Cadherin, CD49F, EGFR, Vimentin. 748 
 749 
Western blot 750 
Flash frozen PDTX tissue samples were homogenised using a tissue lyser (Qiagen) in protein lysis buffer: Tris-HCl 751 
(50 mM), sodium chloride (150 mM), TritonX-100 (1%), EDTA (5 mM), sodium fluoride (50 mM), β-752 
Glycerophosphate (25 mM), protease inhibitors (ThermoFisher, 1861279), phosphatase inhibitors 753 
(ThermoFisher, 78427). Tissue was incubated on ice for 30 minutes, and protein-containing supernatants were 754 
collected by centrifugation at 4°c for 30 min. Bicinchoninic acid assay (BCA protein assay kit, Pierce) was used to 755 
quantify proteins. Lysates (20 µg of total protein) were run on 4-12% polyacrylamide gels (NuPAGE, Invitrogen) 756 
by SDS-PAGE, transferred to nitrocellulose membranes, blocked in Tris-buffered saline/0.1% Tween (TBST)/5% 757 
milk and probed with antibodies against E-Cadherin (Cell Signaling Technology, 3195S, 1:1000 dilution), Vimentin 758 
(Cell Signaling Technology, 5741S, 1:1000) and β-actin (Sigma-Aldrich, A5441, 1:5000). All primary antibodies 759 
were diluted in TBST/5% milk and incubated overnight at 4°c. Membranes were washed in TBST and probed 760 
with secondary antibodies: anti-rabbit HRP (Dako, P0448, 1:2000) for E-Cadherin and Vimentin, and anti-mouse 761 
HRP (Dako, P0447, 1:2000) for β-actin. All secondary antibodies were diluted in TBST/5% milk and incubated for 762 
1 hr at room temperature. For BRCA1 western blot, protein was lysed in RIPA buffer, run on 3-8% gel (NuPAGE, 763 
Invitrogen) and probed using BRCA1 (Santa Cruz, sc-6954, 1:200) and β-tubulin (Cell Signaling Technology, 764 
2146S, 1:1000) primary antibodies, and anti-mouse HRP (Dako, P0447, 1:2000) and anti-rabbit HRP (Dako, 765 
P0448, 1:2000) secondary antibodies. Enhanced chemiluminescence (ECL) was performed by incubating 766 
membranes with Tris-HCl (100 mM), luminol (1.25 mM), P. Coumaric acid (0.2 mM), hydrogenic peroxide 767 
(0.009%) diluted in distilled water for 1 minute at room temperature. Membranes were developed by exposing 768 
x-ray films to emitted light.  769 
  770 
Immunohistochemistry 771 
Immunohistochemistry was performed as described in (19). Briefly, tissue samples from PDTXs were fixed in 772 
10% neutral buffered formalin, embedded in paraffin and subsequently used to extract 0.6 mm cores for TMAs 773 
construction. TMA immunohistochemical staining was performed on 3-μm-thick sections that had been de-774 
paraffinised and rehydrated on the automated Leica ST5020 system. Appropriate antigen retrieval treatment 775 
was performed, followed by antibody staining using Polymer Refine Detection System (Leica, DS9800) using the 776 
automated Bond-III platform. Heat-induced antigen retrieval (sodium citrate or Tris-EDTA) was performed at 777 
100°c. Enzymatic antigen retrieval utilised Bond enzyme concentrate (Leica, AR9551) (101.8μg/mL proteolytic 778 
enzyme concentration) at 37°c. The signal was enhanced using DAB Enhancer (Leica Biosystems) for all 779 
antibodies apart from ER and PR. After staining, sections were dehydrated, cleared in xylene on the automated 780 
Leica ST5020 and mounted with the CV5030 (Leica). HER2 staining was performed separately using the 781 
PATHWAY rabbit anti-HER2 monoclonal antibody (Ventana, 790-2991) and the iView DAB Detection Kit 782 
(Ventana, 760-091).  783 
 784 
PDTX ex vivo drug screening 785 
Cryopreserved PDTX tumours were dissociated into single cell suspensions as described above, and resuspended 786 
in cell culture media: RPMI-1640 , supplemented with serum-free B27 (100x), EGF (20 ng/mL), FGFβ (20 ng/mL), 787 
Penicillin-Streptomycin (50 U/mL), Gentamicin (5 ug/mL). Cells were plated in 384-well plates with 50 uL per 788 
well with cell concentrations of 1-3.0 X 106 cells/mL and were cultured 24 hours prior to dosing. Cells were 789 
treated with the indicated compounds in triplicate using a 7-dose response curve. All drugs except AZD1056 790 
were dosed at 10, 3, 1, 0.3, 0.1, 0.03, 0.01 uM. AZD1056 was dosed at 1, 0.3, 0.1, 0.03, 0.01, 0.003, 0.001 uM 791 
due to solubility. Viability was measured by Cell-Titer-Glo-3D (CTG-3D) (Promega, G9683) 14 days after dosing.  792 

.CC-BY-NC 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2023.01.10.523259doi: bioRxiv preprint 

https://doi.org/10.1101/2023.01.10.523259
http://creativecommons.org/licenses/by-nc/4.0/


 793 
PDTX drug responses were analysed as previously described in (19). Briefly, the observed response was 794 
computed as 100 − (100 ∗ (intensity-negative control)/(positive control − negative control)). Non-parametric 795 
isotonic regression using the R function isoreg was used to fit the set of technical replicates of a given drug 796 
response for a given sample. The area under the curve (AUC) was computed on the model fits using the trapezoid 797 
rule with the R package flux.  798 
 799 
PDTX ex vivo synergy testing 800 
Cells were prepared and plated as above, and cultured for 24 hours prior to dosing. Cells were dosed in a 7-dose 801 
response matrix of the two compounds (10, 3, 1, 0.3, 0.1, 0.03, 0.01 μM) with three technical replicates per dose 802 
combination. Dose response was also assessed for each drug as a single-agent. Viability was measured by CTG-803 
3D (Promega, G9683) 7 days after dosing. Synergistic effects were measured using the Bliss model, which 804 
compares the observed response under a given combination of two drugs and concentrations, and the predicted 805 
response under a model of independence (49). Single-agent responses were used to calculate predicted 806 
responses using the following formula, where RA is the response at a given concentration of drug A and RB is the 807 
response at a given concentration of drug B. Rpredicted = RA + RB - RARB. This was compared to observed responses 808 
(Robserved), which were fitted using a bivariate isotonic fit on the drug concentration obtained from the R package 809 
isotonic.pen (v1.0). The synergistic score was calculated by subtracting Rpredicted from Robserved. A combination was 810 
considered synergistic if Robserved > Rpredicted and antagonistic if Robserved < Rpredicted.  811 
 812 
 813 
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B

Figure 1: A cohort of triple-negative breast cancer (TNBC) patient-derived tumour xenografts (PDTXs) for co-clinical trials.

A) Schematic of patient/PDTX experimental framework. B) Pie charts depicting the clinical features of the patient tumours from the PARTNER clinical

trial, which were implanted and established as PDTX models. C) Clinical information of 8 PDTX models selected for the co-clinical trial. D) Correlation

plots comparing enrichment scores from GSEA analysis using Hallmark and C6 gene sets for models 1006, 1040, 1022 and 1141 (top) and correlation

plots comparing variant allele frequencies (VAF) mutations for model 1006 (bottom). Correlation was calculated between passages, sister mice and

multiple regions of the same tumour. r value calculated using Spearman correlation.

Type

NST
Medullary
Apocrine
Metaplastic

ER

Positive
Negative

Grade

Grade 2
Grade 3

PR

Positive
Negative

TILs

<25 %
26-50 %
51-75 %
76-100 %

HER2

Negative

IntClust

IntClust 9
IntClust 10
Unknown

IntClust 4ER-

PAM50

Luminal A
Luminal B

HER2
Normal

Basal

Unknown

Germline 
BRCA alterations

BRCA1
None
Unknown

Im
p
la

n
te

d
E

s
ta

b
lis

h
e
d

Region 1

Region 2

Region 3

D

Spatial regions

Sister mice

Passages

R = 0.9, p < 2.2e−16

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00

PAR1006.T1.P01.17.3843.T1.FF1.VAF

P
A

R
1
0
0
6
.T

1
.P

0
1
.1

7
.3

8
4
3
.T

1
.F

F
2
.V

A
F

Spatial Regions

R = 0.89, p < 2.2e−16

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00

PAR1006.T1.P01.17.3845.T1.FF1.VAF

P
A

R
1
0
0
6
.T

1
.P

0
1
.1

7
.4

0
9
8
4
.T

1
.F

F
1
.V

A
F

Between passages

R = 0.78, p < 2.2e−16

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00

PAR1006.T1.P01.17.3845.T1.FF1.VAF

P
A

R
1
0
0
6
.T

1
.P

0
1
.1

7
.3

8
4
6
.T

1
.F

F
1
.V

A
F

Sister mice

C

Therapy-naïve 

triple negative and/or BRCA-mut 
breast cancer cohort

Chemotherapy +/- Olaparib

Surgery

Evaluate 
Response

Therapy-naive 

PDTX avatar cohort

Days

T
u

m
o

u
r 

v
o

lu
m

e

Tumour volume 
(mid)

Days

Lo
g

 (
V

o
lu

m
e

)

Slope

1. Fit linear mixed model on log(volume)

2. Evaluate response

Days

Lo
g

 (
V

o
lu

m
e

)

Days

Lo
g

 (
V

o
lu

m
e

)

Difference in 
daily growth rate

Difference in AUC

Days

Lo
g

 (
V

o
lu

m
e

)

Daily growth rate 
on treatment

Days

V
o

lu
m

e

Predicted volume 
(treatment end)

Compare treated vs untreated

Days

T
u

m
o

u
r 

v
o

lu
m

e

Tumour volume 
(end)

Days

T
u

m
o

u
r 

v
o

lu
m

e

AUC

Chemotherapy

Chemotherapy + Olaparib

Fixed time
(10-14 days)

Implantation

D
e
s
ig

n
 1 Patient-adapted doses

Patient-adapted doses

Fixed volume
(~ 100 mm3)

D
e
s
ig

n
 2 Published single-agent doses

Published single-agent doses

Evaluate 

Response

Evaluate 

Response

Chemotherapy

Chemotherapy 

+ Olaparib

pCR

✓

1022

1053

1006

1177

Non-pCR

X

1040

1008

1141

1221

.CC-BY-NC 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted January 12, 2023. ; https://doi.org/10.1101/2023.01.10.523259doi: bioRxiv preprint 

https://doi.org/10.1101/2023.01.10.523259
http://creativecommons.org/licenses/by-nc/4.0/


A

Patient PDTX trial design 1 PDTX trial design 2

Raw data Raw data Linear mixed model

Mod

el

Trial 

arm

pCR RCB Tumour 

Volume 

(mid)

Tumour

Volume 

(end)

AUC Slope Mean Δ

Tumour 

Volume (%)

Change in 

growth rate 

(T-UT)

Significant 

improvement 

over untreated

Growth rate 

under 

treatment

Significance of 

growth rate 

under treatment

1022 CT ✓ *** * **** ** -100 -0.193 * -0.150 * (decrease)

1053 CT ✓ ns ns ns ns -57 -0.050 * -0.029 ns

1006 CTO ✓ * **** *** **** -98 -0.106 * -0.055 * (decrease)

1177 CTO ✓ -100 -0.110 * -0.050 * (decrease)

1008 CT X I ns ns ns ns 108 -0.012 ns 0.014 * (increase)

1040 CT X II ns ns ns ns -26 -0.044 * -0.004 ns

1141 CTO X II ns ns ns ns 114 -0.016 * 0.009 * (increase)

1221 CTO X III 337 -0.042 * 0.007 ns

G

CT CTO

PAR1008 PAR1040 PAR1053 PAR1022 PAR1221 PAR1141 PAR1006 PAR1177

0

100

200

300

400

500

rug

P
re

d
ic

te
d
 v

o
lu

m
e
 a

t 
th

e
 e

n
d
 o

f 
th

e
 t
re

a
tm

e
n
t

   pCR

Yes

No

C

PAR1040 PAR1008 PAR1141

PAR1022 PAR1053 PAR1006

0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

500

1000

1500

500

1000

1500

0

500

1000

1500

0

500

1000

1500

0

500

1000

1500

0

500

1000

1500

0

500

1000

1500

0

500

1000

1500

Days since start of treatment

T
u

m
o

u
r 

vo
lu

m
e

 (
m

m
3
)

PAR1141

80 0 20 40 60 80

100

200

300

400

0

100

200

300

400

ys since start of treatment

PAR1008

80 0 20 40 60 80

100

200

300

400

0

100

200

300

400

Days since star

PAR1008

PAR1053

80 0 20 40 60 80

100

200

300

400

0

100

200

300

400

Cohort

Untreated

CT

CTO

PAR1040 PAR1008 PAR1141 PAR1221

PAR1022 PAR1053 PAR1006 PAR1177

0 20 40 60 80 0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

0 20 40 60 80 0 20 40 60 80 0 20 40 60 80 0 20 40 60 80

−100

0

100

200

−100

0

100

200

−100

0

100

200

−100

0

100

200

−100

0

100

200

−100

0

100

200

−100

0

100

200

−100

0

100

200

Days since start of treatment

..
 T

u
m

o
u
r 

vo
lu

m
e
 (

%
)

Cohort

CT

CTO

PAR1221

0 20 40 60 80

0

200

400

600

PAR1008

0 20 40 60 80

200

400

600

0

200

400

600

Days since star

Design 2

pCR

Non-pCR

Design 1

pCR

Non-pCR

CT CTO

P

P

P

P

P

P

P

P

Growth rate under treatment

ru
g

    pCR

YES

NO

Figure 2: A co-clinical trial reveals concordant PDTX-patient drug responses in vivo. 

A) Growth curves of untreated and avatar cohorts treated using trial design 1 over 11 weeks of treatment. B) Percentage change (Δ) in tumour volume

curves of avatar cohorts using trial design 2 over 11 weeks of treatment. C) Mean difference in daily growth rate between the treatment group and the

untreated group, estimated with the interaction between growth rate and treatment group in the linear mixed model. D) Area under the curve between

the estimated marginal mean growth of the treated and the untreated groups. E) Mean daily growth rates of mice in treated groups. F) Predicted volume

for each mouse at the end of treatment. G) Results of the co-clinical trial (designs 1 and 2). For trial design 1, p values calculated using unpaired Welch’s

t-test (unequal variance) comparing untreated to treated mice. * p<0.05, ** p<0.01, *** p<0.001, **** p<0.0001. ns: not significant. pCR: pathological

complete response. AUC: area under the curve. CT: chemotherapy (paclitaxel and carboplatin). CTO: chemotherapy (paclitaxel and carboplatin) plus

Olaparib.
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Figure 3: Using PDTXs to identify alternative efficacious treatment strategies and to interrogate patient- and treatment-specific tumour evolution

A) Schematic of experimental design. B) Treatment efficacy and disease trajectory of four PDTX models treated with avatar (highlighted red/green) and 

alternative treatment strategies for 11 weeks. Disease trajectory is defined as days to reach size limits of 1500mm3 from start of treatment. UT: 

untreated. CT: chemotherapy. CTO: chemotherapy (paclitaxel and carboplatin) plus Olaparib. Olap: Olaparib monotherapy. AZD: AZD1775. O+A: Olaparib 

and AZD1775 combination. C) Tumour growth curves of four models: untreated or treated with avatar or alternative strategies. Dotted line indicates end 

of treatment. 
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Figure 4: Olaparib induces permanent non-genetic phenotypic changes in TNBC. A) In vivo growth curves of model 1006 treated with olaparib (purple)

or untreated controls (black). Dotted line indicates end of treatment. B) Correlation plots comparing mean variant allele frequencies (VAF) of mutations

between untreated and treated (left) or untreated and post-treated (right) samples. r value calculated using Spearman correlation. C) Heatmap showing

z score (scaled by row) of the top 250 strong and variable genes in PDTX samples. Clustering analysis performed using Euclidean distances. Columns

indicate samples. T: Treated. PT: Post-treated. D) Top 10 significant gene sets by normalised enrichment score, identified by gene set enrichment analysis

using the HALLMARK gene sets between untreated and post-treated samples. E) Normalised gene expression of epithelial and mesenchymal markers. All

genes were found to be differentially expressed between untreated and post-treated samples. F) viSNE plots treated and post-treated samples

(columns) displaying the expression of cell type markers (rows) measured by CyTOF mass cytometry. G) Minimum spanning tree of representative

samples (top). Inner circle density represents event counts per cluster and outer circle colour indicates metacluster. Expression of markers in each

cluster is displayed in the bottom panel. H) Immunohistochemistry for key markers in untreated and treated samples. I) Western blot for E-cadherin and

vimentin in untreated, treated (T) and post-treated (PT) samples.
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Figure 5: Single-cell RNA-sequencing reveals transient and permanent changes in phenotypic populations upon treatment driven by parallel 

transcriptional programmes, towards a mesenchymal, stem-like state.

A) Single-cell RNA-sequencing data of all cells analysed post-QC from model 1006. Colour indicates cells states (groups of metacells). B) Average gene 

expression of key markers across metacells. C) Fraction of cells from untreated, treated (T) and post-treated (PT) samples to reside cell states. D) 

Epithelial and Mesenchymal scores for individual metacells (top). Line indicates the gradient captured using stratification. Metacell composition of each 

strata (bottom) using mesenchymal minus epithelial scores to stratify metacells into 5 groups (EMT1-5). E) Mesenchymal and IER scores for 

individual metacells (top). Line indicates the gradient captured using stratification. Metacell composition of each strata (bottom) using IER score to 

stratify metacells into 4  groups (IER1-4). F) Mean enrichment across strata (EMT1-5 left, IER1-4 right) for genes of interest.  
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Figure 6: Identifying new therapeutic vulnerabilities using patient-specific evolutionary insights

A) Ex vivo high-throughput drug screening of PDTX tumours from four models, following in vivo treatment with avatar and alternative treatment 

strategies. Plots display area under the curve (AUC) values. B) Experimental design and heatmap of synergy between olaparib and salinomycin when 

treated in combination in dissociated cells from model 1006. Synergy calculated using Bliss model. C) Heatmap of synergy score between olaparib and 

salinomycin for models 1022, 1141 and 1040. 
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