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The natural history of small cell lung cancer (SCLC) includes rapid evolution from
chemosensitivity to chemoresistance, although mechanisms underlying this evolution remain
obscure due to scarcity of post-relapse tissue samples. We generated circulating tumor cell (CTC)-
derived xenografts (CDXs) from SCLC patients to study intratumoral heterogeneity (ITH) via
single-cell RNAseq of chemo-sensitive and -resistant CDXs and patient CTCs. We found globally
increased ITH including heterogeneous expression of therapeutic targets and potential resistance
pathways, such as EMT, between cellular subpopulations following treatment-resistance.
Similarly, serial profiling of patient CTCs directly from blood confirmed increased ITH post-
relapse. These data suggest that treatment-resistance in SCLC is characterized by coexisting
subpopulations of cells with heterogeneous gene expression leading to multiple, concurrent
resistance mechanisms. These findings emphasize the need for clinical efforts to focus on rational
combination therapies for treatment-naive SCLC tumors to maximize initial responses and
counteract the emergence of ITH and diverse resistance mechanisms.
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INTRODUCTION

SCLC is a high-grade neuroendocrine lung carcinoma notable for early dissemination and
robust, albeit transient, responses to frontline platinum-based therapy that are rapidly
followed by refractory relapses. Initial responses occur in more than 60% of patients.
However, following relapse, approved therapies are effective in less than 20% of patients —
underscoring a dramatic shift toward resistance. As a result, the median survival for these
patients is only 12 months*. Improved molecular understanding of SCLC has translated into
only modest clinical improvements, and, consequently, the National Cancer Institute
identified SCLC as a recalcitrant malignancy with urgent areas of research needs including:
identifying and targeting novel vulnerabilities, developing xenograft models, and defining
mechanisms underlying rapid therapeutic resistance (https://www.congress.gov/bill/112th-
congress/house-bill/733)41.,

Tissue sampling of SCLC tumors typically occurs only at the time of diagnosis, and is often
limited to scant cells acquired via fine needle aspiration. Patients rarely undergo surgical
resection at any time or post-relapse biopsy. Several groups have illustrated the utility of
engineering xenograft models of SCLC using circulating tumor cells (CTCs)#244. SCLC
CTCs represent metastatic cell populations and their abundance reflects burden of disease°.
SCLC CTC-derived xenograft (CDX) models faithfully reflect the molecular landscape and
clinical response of the original patient tumors*2:43:46_ |n addition to CDX generation, liquid
biopsies from SCLC patients provide a valuable resource to perform protein or
transcriptional profiling of circulating tumor and immune cells. Furthermore, venipuncture is
a minimally invasive procedure enabling valuable access to tumor cells at instances in
SCLC’s natural history that were previously elusive, including post-relapse or
longitudinally*3.
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SCLC was once considered a molecularly homogeneous malignancy; however, recent
analyses led to the classification of molecular subtypes based on intertumoral heterogeneity
in the expression of ASCL1, NEURODI*"48 POU2F349, NKX2-1%0, Notch pathway
genes®!, MYC family genes, and neuroendocrine genes among others®2, Often, the
predominant subtype mediates specific therapeutic vulnerabilities, as in the relative
sensitivity of MYC/NEURODI-driven SCLC to Aurora kinase inhibitors#8:20,
Intratumorally, heterogeneity is evidenced in genetically engineered mouse models
(GEMMs) of SCLC by the juxtaposition of persistent neuroendocrine cells and non-
neuroendocrine, chemoresistant cells®l. These data suggest that coexistence of
transcriptionally heterogeneous tumor cell populations with distinct vulnerabilities and
resistance mechanisms could underlie SCLC’s ability to evolve rapidly from chemosensitive
to overwhelmingly chemoresistant. The exploration of such intratumoral heterogeneity
(ITH), however, requires genomic and/or expression analysis of large numbers of cells,
which, in SCLC, has been hindered by the lack of biopsy specimens and animal models of
relapsed disease. Overall, many questions remain regarding the scale and evolution of ITH
in SCLC and how it contributes to clinical outcomes.

To investigate the contribution of heterogeneity to therapeutic resistance, we generated CDX
models from SCLC patients that mimic patient tumor genomics and response to
chemotherapy. We performed baseline single-cell RNAseq analyses of platinum-sensitive
and resistant CDX models, as well as longitudinal single-cell RNAseq analyses of CDX
models and patient CTCs over the course of therapy. With the onset of resistance in each
model, we observe not only increases in ITH, but the emergence of distinct cellular
populations defined by established drug resistance gene signatures. To confirm this
relationship between ITH and resistance, platinum-sensitive CDX models were subjected to
extended treatment with cisplatin chemotherapy or DNA damage response inhibitors until
relapse. Single-cell RNAseq confirmed that untreated tumors were molecularly
homogeneous, while relapse was associated with increased ITH and distinct variations in
expression of therapeutic targets or EMT genes between cellular populations. Longitudinal
single-cell profiling of CTCs directly from patient blood before, during, and after platinum-
relapse confirmed increased ITH post-relapse accompanying unique gene expression
patterns within specific cell populations that are reflected in a paired CDX. These data
suggest that, in response to treatment, SCLC develops increasing transcriptional ITH marked
by concurrent, diverse resistant cell clusters. Clinically, these data underscore the importance
of maximizing and maintaining the initial response in platinum-sensitive SCLC tumors and
highlight the intrinsic transcriptional fluidity underlying SCLC’s profound treatment
resistance following initial therapy.

Single-cell Transcriptomic Analysis of CDXs

We generated CDX models from SCLC patients at various treatment milestones. From these,
we selected models to represent a range of expected platinum-responses. The predicted
platinum-sensitive models included those derived from patients (MDA-SC39, MDA-SC68,
HCI-008) who were treatment-naive and another (MDA-SC4) who had received only a
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single cycle of platinum-based chemotherapy. Meanwhile, predicted platinum-resistant
models included those derived from patients (MDA-SC16, MDA-SC49, MDA-SC55)
following relapse post-frontline platinum therapy and another (MDA-SC75) who, while
treatment-naive, had minimal response to frontline platinum chemotherapy (Figure 1a). As
expected#243, these tumors were histologically consistent with SCLC and with the
diagnostic IHC performed on the corresponding patient tumors (patient IHC data in
Extended Data Figure 1a,b). Interestingly, spontaneous leptomeningeal disease developed
and was detected in mice with MDA-SC39 flank tumors (Figure 1b). This observation
provides histological evidence of spontaneous leptomeningeal disease in SCLC xenograft
models and is consistent with the presence of central nervous system metastasis in the
patient (Extended Data Figure 1c).

Consistent with the patients’ clinical histories, MDA-SC4, MDA-SC39, and MDA-SC68
were extremely sensitive to cisplatin /n vivo, while MDA-SC16 and MDA-SC49 were
resistant and MDA-SC75 exhibited an intermediate response (stable disease; Figure 1c).
Additionally, CDX tumors were genomically consistent with SCLC, including universal loss
of 7P53and frequent loss of RBI (Extended Data Figure 1d). Tumor genomics were stably
preserved across multiple passages (Extended Data Figure 1e). Of note, for patient MDA-
SC49, a PDX model was derived from a malignant pleural effusion on the same day blood
was collected for CTCs, yielding paired CDX and conventional PDX models for this patient.
These models are genomically, transcriptionally, and proteomically (Extended Data Figure
1a, f, g) similar and match what is known of the patient from whom they were derived (e.g.,
loss of TTF1 in Extended Data Figure 1b).

To investigate ITH, CDX tumors (n=1-3 per model) were dissociated, sorted for human cells
to remove any potential mouse contribution and subjected to single-cell RNAseq analysis
(>3,500 cells per model; Figure 1d). The sequenced cells represent specifically the cancer
cell population, as confirmed by expression of neuroendocrine (NE) markers (UCHL 1,
NCAMI, SYP, and CHGA) in sequenced cells from all models (Extended Data Figure 2a).
As with other cancers®3, clustering of cells was primarily driven by the patient/CDX of
origin (intertumoral heterogeneity; Figure 1e). The existence of such intertumoral
heterogeneity is representative of SCLC and lung cancers, in general®*55, Furthermore,
intertumoral heterogeneity between patients has previously been demonstrated in single-cell
profiling of tumor biopsies®3.

The ITH is not driven by individual tumors, as single-cell RNAseq analysis of replicate
samples reveal admixing of cells from distinct, biological CDX replicates from the same
model and passage grown in different mice (Extended Data Figure 2b). Consistent with
SCLC and corresponding patient tumor IHC, all CDXs contained large numbers of cells
expressing neuroendocrine-specific genes (NVCAM1, SYP, CHGA), while one CDX
exhibited loss of NKX2-1 and high MY C (confirmed by WES), a feature observed in ~20%
of SCLC tumors®® (Figure 1f). Expression of these SCLC marker genes as with other genes
investigated demonstrate variability in expression within cells from each model.
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Classifying SCLC molecular subtypes via single-cell RNAseq

Using the single-cell RNAseq data, we first established the molecular subtypes of the CDX
models based on their expression of both neuroendocrine and non-neuroendocrine markers,
ASCL1/NEUROD1/POUZF3/YAPI transcription factors, MYC family members, and EMT
score in CDXs#9:9557.58  Single-cell RNAseq analyses revealed that CDXs are
predominantly neuroendocrine (Extended Data Figure 2¢). Abundant expression of ASCL1
was detected both platinum-sensitive (MDA-SC4s, MDA-SC39s, MDA-SC68s, and
HCI-008s) and platinum-resistant CDXs (MDA-SC16r, MDA-SC55r, and MDA-SC75r),
while one platinum-resistant model (MDA-SC49r) expressed high NEURODI (Figure 1g;
Extended Data Figure 2d). No CDX contained large populations of cells expressing
POUZF3or YAPL.

As MYC family members are amplified in ~20% of SCLC58 and play a role in tumor
propagation and drug resistance in SCLC and other tumors#8:50.59 \ve investigated whether
expression of MYC, MYCL, and MYCN were enriched in our CDX tumors. MYC was
expressed by a moderate number of cells in two CDXs (MDA-SC39s and MDA-SC49r),
while MYCL was expressed in three CDXs (MDA-SC4s, MDA-SC49r, MDA-SC55r) and
MYCN was abundantly expressed in only MDA-SC68s (Figure 1h; Extended Data Figure
2e). Notably, we also witnessed evidence /n vivo of aggressive behavior imparted by MYC
activation, as in MDA-SC39s wherein we observed spontaneous leptomeningeal metastasis
(Figure 1b). This is consistent with a known role for MY C in driving CNS metastatic
potential60.61,

Like MYCfamily genes, EMT is associated with treatment resistance and metastasis2:63,
SCLC is a primarily epithelial malignancy, with high expression of epithelial genes (CDHA,
EPCAM, etc.) in most CDXs at the single-cell level. However, three CDX models (MDA-
SC39s, HCI-008s and MDA-SC49r) have a relatively higher proportion of cells expressing
the mesenchymal gene encoding vimentin (V/M) and elevated EMT scores, consistent with
epithelial-to-mesenchymal transformation (Extended Data Figure 2f). As with MYC family
gene expression, we observe that EMT score is not uniform across cells within a single
tumor, suggesting that more complex transcriptional programs also demonstrate ITH. In the
platinum-resistant model MDA-SCA49r, for example, we observe significant fractions of high
and low MYC expressing cells, high and low MYCL expressing cells, and mesenchymal and
epithelial cells (Figure 1h; Extended Data Figure 2e,f). Observations like these suggested
that ITH may underlie the capacity for concurrent, seemingly unrelated resistance
mechanisms within individual tumors and that global increases in ITH may accompany the
onset of therapeutic resistance.

Baseline ITH in CDX Models

To estimate the degree of ITH in our models, we identified genes with highly variable
expression within individual CDXs after correcting for cell cycle. To quantitate
heterogeneity, an ITH score was calculated for each CDX tumor. We define the ITH score as
the average distance between the normalized expression profiles of each cell to all other cells
in the sample and found higher ITH-scores in the platinum-resistant CDXs (P<2.2e-16,
Figure 2a). ITH score selects first for most highly variable genes followed by comparison in
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principle component space, introducing some limitations to this approach. As an alternative
measure of ITH, we also calculated the dispersion between cells within the t-SNE plot for
each tumor and similarly found greater dispersion in the gene expression profiles of the
platinum-resistant CDXs (P=0.05, Figure 2b). Using t-distributed stochastic neighbor
embedding (t-SNE) analysis for each individual CDX, we determined the optimal number of
clusters in each model (Extended Data Figure 3a). We discovered between two and three
distinct single-cell clusters in each platinum-sensitive model, whereas between four and nine
single-cell clusters were observed in platinum-resistant models (platinum-sensitive vs. -
resistant, P<0.01; Figure 2c and Extended Data Figure 3b). We observed that MDA-SC75r,
although derived after minimal exposure to platinum, possessed high ITH and cluster
number. Notably, the patient from which this tumor was derived demonstrated de novo
platinum-resistance.

Unsupervised analyses were performed to determine whether ASCL Z-driven platinum-
resistant CDX models shared common signaling genes or potential regulatory mechanisms
found that the majority of genes differentially expressed between platinum-sensitive and -
resistant CDXs were only detectable in a single CDX rather than genes commonly
upregulated in two or more resistant models (Figure 2d). Next, we performed Gene Set
Enrichment Analysis (GSEA) to assess gene expression pathways associated with specific
cell clusters in each CDX (Figure 2e). As expected, platinum-resistant CDX models
demonstrate increased variance (Extended Data Figure 3c, P=2.9e-6; n=21 pathways) and
complexity with upregulation of multiple, unique, resistance-associated pathways specific to
cellular subpopulations. While many of these pathways have been previously shown to be
associated with platinum-resistance in SCLC (MYC, mTOR, EMT, WNT, etc.)43:44.62.64 ¢o-
existence within a single tumor is a key finding. Platinum-sensitive SCLC does exhibit ITH
with regards to gene expression (i.e., MYC family expression), EMT, ITH score, and
pathway analysis, which may allow it to diversify rapidly to an even more heterogeneous
state. Additionally, inferred copy number analysis was performed to compare clusters in the
resistant CDXs and copy number variation was similar between clusters within a CDX. This
supports that ITH is driven by transcriptional changes and not genomic or copy humber
changes (Extended Data Figure 4a,b). These results suggest that not only are the
mechanisms of cisplatin resistance distinct between tumors, but that even within a single
tumor, targeting multiple pathways (e.g., MYC and EMT) may be necessary to overcome
platinum-resistance in SCLC.

Transcriptional Diversity between Subpopulations

Comparing gene expression between baseline platinum-sensitive and -resistant CDXs failed
to detect any single gene or gene pair that clearly defined resistance or ITH, suggesting more
complex molecular processes. GSEA clarified some of this complexity by identifying
pathways associated with resistance that are druggable and in clinical investigation (ex.
mitotic spindle, DNA repair/E2F1, EMT, etc.) leading us to focus specifically on therapeutic
target genes (Aurora kinase genes, PARPI, CHEK, etc.) and EMT-associated genes. Little
inter-cluster variation in expression among these genes was detectable in the treatment-naive
CDXs (Figure 3a). In contrast, platinum-resistant CDXs demonstrated significant diversity
in expression of either therapeutic targets or EMT between clusters from a single CDX.
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Many SCLC therapeutic targets are part of the DNA repair pathway5 and a similar pattern
of expression was detected for genes associated with DNA repair (Extended Data Figure 4c).
As expected, clusters with high MYC expression tend to have low BCL 2 expression and vice
versa®8. To highlight a few genes at the single-cell level, AURKA, AURKB, and DLL3, each
a putative therapeutic target in SCLC, exhibited elevated expression only within specific
clusters from platinum-resistant MDA-SC16r, MDA-SC55r, and MDA-SC75r (Figure 3b).
As AURKA and AURKB encode targets of Aurora kinase inhibitors, the heterogeneity of
their expression among the platinum-resistant models may have important implications for
depth of response to this class of agents.

Increased expression of these target-encoding genes was not detectable in clusters of
treatment-naive models or MDA-SC49r (Extended Data Figure 4d). In the latter case, MDA-
SC49r cells exhibited increased, but varying, expression of EMT-associated genes, including
VIM, among its clusters (Figure 3c). The V/IM-high clusters (clusters 1-3), also express high
levels of NVFIB, a gene associated with disease dissemination in both SCLC patients and
GEM models®7-69. Unexpectedly, variation in expression of either DNA repair or EMT
genes were mutually exclusive (Figure 3d). Overall, this suggests resistant SCLC is
characterized by diverse expression of putative resistance mechanisms and targets.

Single-cell Transcriptomic Profiling of Patient CTCs

Levels of CTCs in SCLC are among the highest of all solid tumors#2:7%-73, To determine
whether CTC quality and number in SCLC patients are sufficient to sequence directly, we
collected blood from patient MDA-SC55 prior to platinum-etoposide treatment (diagnosis),
at maximal response (responding), and following relapse (relapsed) (Figure 4a). CTC
abundance reflected the patient’s clinical course, with the greatest number of CTCs found in
the treatment-naive (84 CTCs) and relapsed samples (627 CTCs), compared to maximal
response (1 CTC) (Figure 4a). CTCs were isolated for CDX generation at all three time
points, but a model was generated only following relapse (MDA-SC55r CDX).

Following single-cell RNAseq profiling, t-SNE analysis classified the major cell types
present in the samples. Based on gene expression, we determined that six clusters were
comprised of non-CTCs (e.g., white or red blood cells), while two were composed of CTCs
(Figure 4b). To verify the identification of CTCs compared to non-CTCs, expression of
established SCLC neuroendocrine markers were evaluated including UCHL 1, NCAM],
SYP, and CHGA (Figure 4c). We further evaluated the percentage of cells expressing
mesenchymal and epithelial genes (as defined in the EMT signature) and those associated
with expression of the major SCLC transcription factors ASCL 1, NEURODI, and POUZF3
(Extended Data Figure 5) and found the highest percentage of cells expressing epithelial,
neuroendocrine, and lineage-specific genes in the CTC clusters. Marker genes were pooled,
due to small numbers of CTCs sequenced and fewer genes detected per cell compared to
CDXGs.

Among the CTC populations, t-SNE analysis identified five unique CTC clusters (Figure
4d), while the CDX cells comprise eight clusters (Figure 2b). The majority of treatment
naive CTCs (62%) were present in cluster 1 with the remaining clusters composed of mostly
relapsed CTCs (Figure 4e). The ITH score of relapsed CTC and CDX cells were higher than
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cells at diagnosis (P=3.0e-17, Figure 4f). CTCs and CDX cells derived from the same liquid
biopsy were similar with respect to SCLC molecular subtypes. Both CTC and CDX cells
express similar levels of CHGA, ASCL 1 (Figure 4g); however, MYCL and NFI/B were both
expressed at lower levels in the CDX (Figure 4h). This suggests that these genes were
expressed by metastatic cells in the circulation but not required in the primary tumor, which
supports the role of Myc/and Nfibin SCLC dissemination in GEM models®9:68.69,
Variations in expression of therapeutic targets were detectable in relapsed CTCs and CDXs
derived from the same patient, including MYC, BCL2, KDM1A, TOPI1, TOP2A, and
VEGFA (Figure 4i). Few of the therapeutic target genes are expressed by the CTCs at
diagnosis. Overall, the transcriptional diversity between cellular subpopulations in relapsed
CTCs and CDXs highlights the complexity of treatment-resistance within SCLC patients.

Single-cell Analysis of CDXs Developing Treatment-Resistance

To determine whether relapsed SCLC features observed in CDXs derived from different
patients, such as increasing ITH score and transcriptional diversity between clusters, could
be recapitulated by treating a platinum-sensitive CDX model with cisplatin chemotherapy /in
vivo, a treatment-naive platinum-sensitive CDX (MDA-SC68s) was treated with vehicle or
cisplatin until relapse (Figure 5a) and single-cell profiling was performed. Following the
onset of treatment-resistance in the cisplatin-treated tumor, transcriptional differences were
observed between the vehicle and cisplatin-treated MDA-SC68 cells based on tSNE
clustering (Figure 5b,c). Cells from the vehicle-treated MDA-68 cells cluster separately from
the cisplatin-relapsed cells, with greater ITH in the cisplatin-treated tumor as compared to
the vehicle-treated tumor. The number of clusters increased from three in the vehicle-treated
(Figure 2b) to five in the cisplatin-treated tumor (Figure 5d). ITH score was also
significantly higher in the cisplatin-treated tumors (P<2.2e-16; Figure 5e). To determine
whether transcriptional diversity in either therapeutic targets or EMT genes was detectable
between the paired tumors after onset of cisplatin-resistance, we compared expression
between vehicle and cisplatin-treated clusters (Figure 5f). Unbiased principal component
analysis revealed that the first component was associated with EMT score specifically in the
cisplatin-treated tumor (Figure 5g, left) and that cells with elevated EMT score were located
within cluster 3 (Figure 5g, right). Accordingly, V/Mwas upregulated and EPCAM was
downregulated within this population (Extended Data Figure 6a,b). Interestingly, onset of
platinum resistance was associated with a decrease in ASCL I-expressing cells (P<0.0001),
with no change in NEUROD1 expression (Figure 5h). DLL3expression was decreased
specifically within the EMT cluster (Figure 5h,i). This suggests that in MDA-SC68s the
relatively platinum-sensitive ASCL I-positive cells are being replaced by mesenchymal cells
following platinum treatment. These findings are consistent with a recent study observing
decreased ASCL1 protein expression in a cohort of chemotherapy-relapsed SCLC patient
tumors®4,

To determine whether the emergence of new clusters also occurs with targeted therapies,

another platinum-sensitive CDX (MDA-SC4s) was treated with a PARP inhibitor (PARPI,
talazoparib) or CHK1 inhibitor (CHK:I, prexasertib) until relapse developed and single-cell
profiling was performed. The CDX selected was initially sensitive to both DDR inhibitors
(Figure 6a). Pooled tSNE analysis of vehicle, PARPi- and CHKi-relapsed samples (n=2-3
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individuals each) identified three clusters (Figure 6b). The majority of untreated cells
(>99%), as well as subsets of PARPi-relapsed cells (20%) and CHKi-relapsed cells (32%) lie
in Cluster 1. In contrast, the two additional clusters were treatment-specific, containing
almost exclusively either cells from the PARPi-relapsed tumors (98% of cells in Cluster 3)
or from CHK:i-relapsed tumors (97% of Cluster 2) (Figure 6b,c), suggesting that unique
resistance mechanisms occur in response to specific therapies. A greater ITH score was
calculated in the PARPi or CHKi relapsed samples compared to untreated ones (P=7.5e-132
and P=4.4e-65, respectively. Figure 6d). Thus, while PARP1 and CHK1 are both targets of
interest in SCLC and lead to DNA damage, the emergent transcriptional profiles during
resistance to the inhibitors are distinct.

DISCUSSION

SCLC liquid biopsies are a non-invasive collection method that facilitates both serial and
post-relapse tissue sampling, and contain sufficient CTCs for generation of CDXs, as well as
for direct single-cell profiling. CDX models mirror patient disease by expression of SCLC
markers, sites of metastatic disease, and platinum response. Interestingly, one CDX
developed spontaneous leptomeningeal disease from a primary flank tumor, which
highlights the utility of these models for metastatic studies. These data support use of CDXs
and/or CTCs for single-cell analyses to explore the role of increased ITH in SCLC
treatment-resistance.

CDX single-cell transcriptional profiling revealed expression of SCLC neuroendocrine
markers in a pattern that is consistent with patient and CDX IHC. The range in expression of
SCLC-associated genes (e.g., MYC, MYCL) and transcriptional programs (e.g. EMT)
among both platinum-sensitive and -resistant models illustrates the complexity of SCLCs.
This evolving transcriptional complexity may exert profound influence upon therapeutic
responses. Consider, for example, the heterogeneity in expression of DLL3, which is an
inhibitory NOTCH ligand that is directly regulated by ASCL1 and highly expressed in
SCLC. Several therapeutics targeting DLL3 are in clinical investigation for SCLC, including
rovalpituzumab tesirine (antibody-drug conjugate)’4, a chimeric antigen receptor (CAR) T
cell therapy, and a bispecific T cell engager (BiTE®) program (AMGEN, Inc., California)’®.
However, we find that DL L3 expression is variable, with DLL3 positive and negative cells
co-existing in many model. This heterogeneity may contribute to resistance and the lower
than expected response rates noted in some prior studies, despite selection for DLL3-high
patients’#76. We also observe that DL L3 expression is dynamic and may disappear with
treatment. This observation not only provides a potential mechanism of adaptive resistance
to these agents, but highlights how timing of targeted therapy administration may impact
response. We observed similar dynamic heterogeneity in the expression of numerous other
SCLC candidate targets, including AURKA/AURKB and PARP1. This implies that
expression levels of biomarkers or therapeutic targets may be of less importance to patient
response than uniformity in expression between cellular populations, which is a significantly
more complex attribute to measure.

The implications of transcriptional heterogeneity for therapeutic response in SCLC,
however, extend beyond variable expression of single target-encoding genes. Estimates of
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global transcriptional diversity within cell subsets on a gene-by-gene basis can be calculated
as ITH score, which revealed higher ITH in the platinum-resistant compared to sensitive
CDXs. This increased variability is transcriptional, as the genomic alterations remain static
over time. The increased ITH associated with drug resistance was further confirmed /n vivo
by analyses of CDXs over the course of cisplatin or DDR inhibitor therapy, as well as
directly in CTCs from blood samples collected over a patient’s treatment course. The
elevated ITH in platinum-resistant SCLC leads to concurrent, but potentially druggable,
resistance mechanisms that interfere with effective treatment and suggests that maximally
targeting treatment-naive patients with relatively homogeneous tumors using frontline
combination therapy may maximize response.

Within all samples evaluated to date (n = 14), there is a great range of expression of virtually
every gene, but this range of gene expression is not what defines ITH. ITH, as we define it,
is represented by the diversity of each cell’s gene expression pattern (ITH score), and
broadly illustrated by the number of cell populations (clusters) with distinct or diverse gene
expression patterns. Within a single sample, up to nine unique cell populations were
identified, each with their own characteristic transcriptional programs, often including
putative resistance mechanisms. These transcriptional programs, including those that may
drive resistance, are not uniformly distributed throughout a tumor following relapse, but,
instead, co-exist with other programs. In other words, a heterogeneous, relapsed tumor with
multiple transcriptionally-defined clusters may possess an equal number of transcriptional
mediators of resistance.

Single-cell profiling of CTCs collected longitudinally allows monitoring of the
transcriptional fluidity to gain a better understanding of the onset of treatment-resistance. In
liquid biopsies, the lowest numbers of CTCs were found during maximal treatment response
and the highest number following relapse. Expression of SCLC molecular subtyping genes
were similar between CTCs and a CDX derived from the same liquid biopsy. However,
genes associated with tumor propagation and metastases (NVF/B, MY CL) were expressed at
lower levels in a CDXs compared to CTCs directly sequenced from the same patient. The
cells were all derived from the same patient at the same time and represent a similar
malignancy based on the subtyping, but also may demonstrate evidence of divergence
(metastatic CTCs vs. primary tumor CDX). We similarly found subtle differences in protein
expression between xenografts generated from pleural fluid and CTCs collected from the
same patient at the same time. Future studies will investigate paired specimens derived from
a single SCLC patient (biopsies [primary vs. metastatic sites], CTCs, PDX, CDX, etc.) at the
single-cell level to further characterize longitudinal transcriptional changes. Overall,
transcriptional heterogeneity of CTC and CDX cell clusters are comparable, but not
identical. This further highlights that serial sampling may be important to capture dynamic
changes in expression of therapeutic targets over a patient’s treatment course.

One limitation of the current study was the scarcity of archival tissue samples from SCLC
patients to permit comparisons of ITH between patient tumor biopsies, CDXs, and CTCs. In
the future, as SCLC xenograft libraries and banking of patient samples expands, it will be
possible to explore how intratumoral heterogeneity is influenced by specific SCLC
transcriptional subtypes (e.g. ASCL1, NEURODI, and POUZF3). Furthermore, longitudinal

Nat Cancer. Author manuscript; available in PMC 2021 April 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Stewart et al.

Methods

Page 11

samples from single patients pre- and post-treatment may resolve whether there is evidence
of transcriptional subtype switching or selection that underlies shifts in treatment sensitivity.
Additional efforts could compare single cell data from multiple sites of disease in the same
patient to investigate whether distant metastatic sites recapitulate the ITH of the primary
tumor site or reflect only a fraction of the primary tumor.

While SCLC begins as a relatively homogeneous disease with exquisite sensitivity to
chemotherapy, it quickly relapses as a virtually pan-resistant entity. These analyses offer
improved resolution of the natural history of SCLC as it endures treatment and confirm that,
in its untreated state, the majority of SCLC cells are transcriptionally similar. However, even
in this untreated state, individual cells already hint at the potential to pivot transcriptionally
to more chemoresistant states, as tumors conceal small populations of cells with evidence of
chemoresistant lineages. In post-treatment models, SCLC quickly diversifies in a manner
that requires single-cell resolution to appreciate fully. Not only are consensus markers of
chemosensitivity rapidly downregulated, but multiple subsets of transcriptionally unique
SCLC cells emerge within a single tumor including the upregulation of diverse, concurrent
mechanisms of resistance. This conclusion highlights the potential benefit of diversifying
combination treatment strategies to maximize frontline responses prior to the emergence of
heterogeneity that renders the disease essentially untargetable. Supporting this notion, the
recently reported IMpower133 and CASPIAN clinical trials found improved outcomes’’, in
spite of similar response rates, with the addition of the immune checkpoint inhibitors to
frontline chemotherapy in SCLC’8. Our data suggest the window of therapeutic
vulnerability in SCLC is short and, thus approaches featuring aggressive deployment of
diverse strategies in the frontline and maintenance settings may be critical to conquering this
devastating disease.

CDX and PDX Model Generation

Patients diagnosed with SCLC at the University of Texas M.D. Anderson Cancer Center
were selected on the basis of extensive-stage disease irrespective of age, gender or other
clinical criteria. All patients had confirmed pathologic diagnosis of SCLC and classified
(though not selected for) prior treatment. Ages for included patients ranged from 49-90 and
included six females and two males. These patients underwent informed consent to
Institutional Review Board (IRB)-approved protocol LAB10-0442 (“Evaluation of blood-
based test for the detection of circulating tumor cells and circulating proteins and
microRNAs and molecular analysis for polymorphisms and mutations”) and blood was
collected. One vial of blood was collected for isolation and banking of plasma and
peripheral blood mononuclear cells for use as a normal control. Ten milliliters of blood
collected in EDTA vials was used for isolation of CTCs according to a previously published
protocol#2. CTCs were isolated within 24h of sample collection. Briefly, whole blood was
incubated with RosetteSep™ CTC Enrichment Cocktail Containing Anti-CD36 (Stemcell
Technologies) and layered over a Ficoll gradient. The CTC layer was isolated, cells were
spun down, mixed 1:1 with Matrigel and injected subcutaneously into the flank of NOD.Cg-
Prkdcscid H2rgtm1Wjl/SzJ (NSG) mice. Mice were monitored for formation of a flank
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tumor and were euthanized when tumor burden reached 1000-1500 mm3. Pieces of the
tumor were fixed in paraformaldehyde for histological analyses, snap frozen in liquid
nitrogen for genetic and proteomic analyses, viably frozen in 10% DMSO in FBS for future
use, and transplanted into the flank of athymic nude mice for CDX model maintenance.
CDX models were maintained /in7 vivo by serial transplantation of tumors and all analyses
performed to date were from passages <4. CDXs were derived from extensive-stage (ES)
patients at different points of their treatment course. The CDX from Huntsman Cancer
Institute (HCI-008) was derived as published#4.

Mice used for establishment of CDX models were 6 week old female NSG mice from
Jackson Labs, while maintenance of CDX models and drug treatment studies were
performed using 6 week old female athymic nude mice from Envigo. All animals were
maintained in accordance with the Institutional Animal Care and Use Committee of the
M.D. Anderson Cancer Center and the NIH Guide for the Care and Use of Laboratory
Animals.

Metastatic disease in CDXs

SCLC is an aggressive disease with 80% of ES patients ultimately developing central
nervous system metastases’®. Mice with primary MDA-SC39 flank tumors developed
hemiparesis and brains were examined for evidence of metastatic disease. Leptomeningeal
disease (LMD), a devastating complication of advanced cancer, was detected and confirmed
histologically as SCLC (Figure 1b). This is one of the first examples of spontaneous LMD in
a xenograft model, suggesting that SCLC CDXs maintain their metastatic potential.

CDX Drug Response

Treatment of the mice began when the tumors reached 120-150 mm3. Tumor volume and
body weights were measured on all mice two times per week and calculated (width? x length
x 0.4). Vehicle was administered intraperitoneally once per week and cisplatin (4—6 mg/kg)
was administered intraperitoneally once per week. Patients were classified as platinum-
sensitive or platinum-resistant based on clinical criteria and CDX response to cisplatin was
assessed /n vivo. As expected, platinum responses in the CDXs were consistent with the
patient’s treatment history (Figure 1c)#243, One of the models demonstrating complete
response (MDA-SC68) was expanded and treated with cisplatin as described above. Once
tumors reached 150mm3, mice were treated with vehicle or cisplatin until tumor volume
reached 1,000mm?3 (Figure 5a). Tumors were harvested and processed for single-cell
RNAseq.

MDA-SC4s was determined to be sensitive to cisplatin, talazoparib and prexasertib, so was
selected for treatment with DDR inhibitors until relapse. Vehicle was administered by oral
gavage on weekdays, talazoparib (0.3 mg/kg) was administered by oral gavage on weekdays;
prexasertib (LY2606368; 10 mg/kg BID) was administered subcutaneously three consecutive
days per week (weekly dose = 60 mg/kg) beginning when tumor volume reached 150 mms3.
Once vehicle-treated tumors doubled in size, mice were sacrificed and tumors were
harvested. Talazoparib- and prexasertib-treated tumors were observed for response to
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therapy followed by relapse and tumors were collected upon reaching 300mms3 for single-
cell RNAseq analyses (Figure 6a).

Single-cell RNA-sequencing

Model MDA-SC68s was vehicle-treated to pair with a cisplatin-relapsed model, but all
others were untreated. A separate experiment was performed for the MDA-SC4s sample, so
it was untreated. Tumors from the CDXs for single-cell RNAseq analyses were collected at
the following passage (P) numbers: MDA-SC4s (P3), MDA-SC16r (P3), MDA-SC39s (P2),
MDA-SC49r (P2), MDA-SC55r (P1), MDA-SC68s (P2), MDA-SC75r (P1), HCI-008 (P3).
Replicate samples were collected from CDX models in the same passage, but grown in
different mice. Tumors were harvested from mice directly into cold tissue storage solution
(MACS) and shipped overnight. Blood was collected from patients into Streck tubes and
shipped overnight on ice. The next day, tumors were processed by enzymatic dissociation
with Collagenase 1V (600U/mL) and DNAse (2ug/mL) for a maximum of 45min and
neutralized in collection buffer (1% BSA, 10%FBS, 2mM EDTA in RPMI). Circulating
tumor cells were isolated from blood samples on a Ficoll gradient.

Dissociated cells were spun down and treated with ACK lysis buffer (A1049201, GIBCO)
for 3 min on ice and washed with collection buffer. Cells were then stained with anti-human
HLA-ABC (Biolegend 311414), Calcein AM (C3100MP) and DAPI (Lifetech D1306,
lug/mL) and sorted by Fluoresence-Activated Cell sorting (FACS) to select only live, human
cells for downstream single cell transcriptomic analyses.

Sorted cells were washed once with 0.04% BSA in PBS and counted on Countess Il
automated cell counter (ThermoFisher). 12,200 cells were loaded per lane on the 10x
Chromium platform and processed for cDNA synthesis and library preparation as per
manufacturer’s protocol using version 2 chemistry. cDNA and libraries were checked for
quality on Agilent 4200 Tapestation and quantified by KAPA gPCR before sequencing on a
single lane of a HiSeq4000 (lllumina).

Single-cell RNAseq Analysis

Cell Ranger v2.0 was used to convert Illumina base call files to FASTQ files. These FASTQ
files were aligned to the hg19 human reference genome and transcriptome provided by 10X
genomics. The gene vs cell count matrix from Cell Ranger was used for downstream
analysis. The raw reads were processed using the Cell Ranger pipeline to obtain the UMI
(unique molecular identifier). CDX samples from the same model were pooled together.
Cells that have less than 3,000 expressed genes were filtered out, and genes that were
expressed in less than 10% cells were also filtered out. The total number of cells in each
model after filtering were MDA-SC4s (8998), MDA-SC16r (7173), MDA-SC39s (2053),
MDA-SC49r (2593), MDA-SC55r (2853), MDA-SC68s (2779), MDA-SCT75r (3959),
HCI-008 (5233). Each CDX model was down-sampled to 2,000 for inter-model comparison.
The UMI counts were transformed and normalized using the “NormalizeData” function in
SEURAT package v2.3.180, with normalization method set to “logNormalize” and the scale
factor set to 10000 total UMI per cell. Cell cycle effects were adjusted by regressing out the
G2M and S phase gene expression scores using “ScaleData” function in SEURAT. Principle
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component analysis (PCA) was performed using the highly variable genes that were
identified by SEURAT function “FindVariableGenes” with default parameters. The number
of highly variable genes are 543, 541, 682, 731, 639, 621, 556 and 444 for MDA-SC4s,
MDA-SC39s, MDA-SC16r, MDA-SC49r, MDA-SC55r, MDA-SC68s, MDA-SC75r, and
HCI-008s respectively, and 707, 564 for MDA-SC4 CHK:i relapsed and MDA-SC4 PARPI
relapsed respectively. For each individual model, the first seven principal components were
selected based on the elbow plot of the cumulative explained variances, representing 63.7%
~ 66.4% of total variances. The t-SNE (T-distributed Stochastic Neighbor Embedding)
transformation® was performed on selected principal components, using the “RunTSNE”
function with default perplexity value 30. We applied hierarchical clustering based on the
Euclidean distance of the first two t-SNE components. The Silhouette scores were calculated
for different numbers of clusters, ranging from 2 clusters to 10 clusters, in order to measure
how similar one cell is to other cells in its own cluster compared to other clusters. The
Silhouette score is calculated using the “silhouette” function in R package “cluster”. The
optimal number of clusters for each CDXs was determined by maximizing the Silhouette
score. This optimal cluster number was applied to the hierarchical clustering tree using the
“cutree” function to obtain the cluster population information.

CTC samples from 10 ml of peripheral blood were sequenced, as described above. CTCs
with less than 50 expressed genes and genes that were expressed in less than 1% cells were
also filtered out. We observed significantly lower number of expressed genes and total cells
in the CTC samples compared with CDX samples. This is due to CTC cells being somewhat
rare and more difficult to isolate than tumor cells from an established CDX. Therefore we
chose to apply a lower cutoff for CTC cells. After filtering, the treatment naive, treatment
responding and treatment relapsed samples have 637, 1108, 974 cells remaining,
respectively, with number of genes expressed ranging from 50 to 2153. The UMI count were
transformed and normalized using the SEURAT package v2.3.180, Cell cycle effects were
adjusted by regressing out the G2M and S phase gene expression scores using “ScaleData”
function in SEURAT. PCA was performed using 47 highly variable genes that were
identified by SEURAT function “FindVariableGenes”. First 5 principal components were
selected based on the elbow plot of cumulative explained variances and used for clustering
and tSNE transformation, representing 74.4% total variance. Cell populations were
identified using the SEURAT “FindClusters” function with resolution set to 0.6. We applied
hierarchical clustering based on the Euclidean distance of the first two t-SNE components.
We calculated the Silhouette scores for different numbers of clusters, ranging from 2 clusters
to 10 clusters. The Silhouette score is calculated using the “silhouette()” function in R
package “cluster”. The optimal number of clusters for each CDXs was determined by
maximizing the Silhouette score. This optimal cluster number was applied to the hierarchical
clustering tree using the “cutree()” function to obtain the cluster population information.

For each cluster, the marker genes were identified by comparing the cluster with the other
clusters using Wilcoxon rank sum test, and the p-values were adjusted for multiple testing.
The cutoff were set to adjusted p-values less than 0.01 and fold change greater than 2. The
enriched pathways and hallmarks were identified by pre-ranked gene set enrichment analysis
(GSEA)82 using the gene list ranked by log transformed p-values with signs set to positive/
negative for fold change greater or less than 1, respectively. The ITH score was defined as
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the average Euclidean distance between the individual cells and all other cells, in terms of
the first 20 principal components derived from the normalized expression levels of highly
variable genes. The highly variable gene was identified using the “FindVariableGenes()”
function in SEURAT package with default parameters.

An alternative ITH metric was also calculated using the estimated dispersion of gene
expression. The dispersion measures the biological coefficients of variations in RNAseq
expressions83, For each CDX model, the dispersion is computed by applying the
“estimateDisp()” function in the EdgeR®* package, using the normalized expression values
of all expressed genes.

True copy number analysis is not possible with single-cell RNAseq data. However, the copy
number variation (CNV) estimation is similar to a method described previously®3. The gene
expression was sorted according to their genomic locations and a sliding window of 50
genes were applied to compute the moving average of relative expression levels. These
moving averages were truncated to the range of —3 to +3 to generate the “inferred” CNV
values.

Statistics and Reproducibility

The Student t-test and Wilcoxon rank sum test was used to assess the association between a
binary variable (such as response group and tissue type) and a continuous variable. For gene
expression differential analysis, the two-sided Wilcoxon rank sum test was performed. For
multiple testing, p values were adjusted using Bonferroni correction. Bimodal expression
was assessed using the Bimodality Index, an algorithm developed in house®:86. EMT score
was calculated based on the EMT signature as described previously®’. P values were
calculated using two-sided tests or Wilcoxon rank sum test. All statistical analyses were
performed using the R software program®. The correlations of expression profiles between
tumors from the same CDX model were examined for reproducibility. No statistical method
was used to predetermine the sample size. No data were excluded from the analyses. The
experiments were not randomized. The investigators were not blinded to allocation during
experiments and outcome assessment. Further information on research design is available in
the Nature Research Reporting Summary linked to this article.

Data Availability

The single cell RNA-seq and Bulk RNA-seq data have been deposited into the NCBI Gene
Expression Omnibus (GEO) database (https://www.nvbi.nIm.nih.gov/geo/) with accession
number GSE138474. Source data for Figures 1-6 and Extended Data Figures 1-6 have been
provided as individual Source Data Files. All other data supporting the findings of this study
are available from the corresponding author on reasonable request.

Code Availability

The bioinformatics analyses were performed using open-source software, including BWA
MEM v0.7.9a8%, VARSCAN2 v2.3.9%0, TOPHAT?2 v2.0.13°1, HTSEQ v0.9.1%2, EdgeR
v3.793 GSEA v3.082, ANNOVAR v2018Apr16%, Seuratv2.3%, Cell Ranger v2.0, as well as
in-house R script that is available upon request.
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Extended Data Figure 1.
CDXs exhibit common SCLC markers and mutations that are maintained over multiple

generations. a, Histological analysis of CDX tumors are consistent with SCLC. Scale bar =
100 pM. b, Expression of NCAM and TTF1 in patient biopsy by staff pathologist review of
diagnostic sample matches CDXs. c, Presence of parenchymal brain metastasis, confirmed
by staff neuroradiologist and treating physician review, in the cerebellum (indicated by
dashed circle) of the patient from which MDA-SC39 was derived. d, Genomic alterations in
CDXs. Top panel: mutation load; middle panel: somatic mutations and genomic gain/loss
status; lower panel: type of base-pair substitution. e, Mutational status of common SCLC
genes and others unique to each CDX are maintained over multiple CDX passages in three
separate models. f, Expression heatmap for ASCL I- and NEUROD1-associated genes. g,
CDX and PDX models derived from patient SC49 exhibit similar patterns of expression for
common SCLC markers, including loss of TTF1 expression. These experiments were
repeated in three independent tumors from each model. Scale bar = 100 uM.
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Extended Data Figure 2.
ITH among SCLC molecular subtypes. a, t-SNE visualization of NE gene expression status

in all CDXs (n=2,000 cells each). b, t-SNE visualization of cell populations from biological
replicates of MDA-SC39s and MDA-SC16r obtained from tumors grown in the same
passage, but different mice. Note mixing of cell populations indicate that clustering is not
due to variations in replicate (n=2,000 cells each). ¢, Heatmap analysis of NE gene
expression indicating that all CDXs are considered high neuroendocrine subtypes. d,
Expression of ASCL1and NEURODI in all CDXs by both violin plot to indicate range in
expression and feature plot to show abundance (n=2,000 cells each). e, Violin plots
indicating expression of MY C family members in the CDXs (n=2,000 cells each). Each dot
represents one cell and the violin curve represent the density of the cells at different
expression levels. f, EMT score is elevated within MDA-SC39s and MDA-SC49r, which
corresponds with increased expression of V/Mand decreased EPCAM (n=2,000 cells each).
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Extended Data Figure 3.
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Validation of cluster calls and visualization. a, Silhouette analysis to determine cluster

number in each of the eight CDXs. b, UMAP visualization of the clusters in all CDXs. c,

Barplot of variations of absolute normalized enrichment scores (NES) for hallmark

pathways in GSEA analysis in sensitive clusters (blue) and resistant clusters (red). The
variation of pathway enrichment is higher in resistant clusters than sensitive clusters by one-
sided Wilcoxon rank sum test (P-value=2.9e-6; n=21 pathways).
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Extended Data Figure 4.

clusters.

clusters

lusters

CDX copy number and expression of DNA repair genes between clusters. a,b, Inferred copy
number between clusters in MDA-SC16r (a) and MDA-SC49r (b). ¢, Expression heatmap of
genes associated with DNA repair in all CDX clusters. d, Violin plots indicating range of
expression of several therapeutic targets within individual clusters. AURKA, AURKB and
DL L 3were relatively unchanged between clusters. MDA-SC4s: n=978, 1022 cells for
clusters 1-2; MDA-SC39s: n=1172, 828 cells for clusters 1-2; MDA-SC68s: n=733, 704,
563 cells for clusters 1-3; HCI-008s: n=596, 1,404 cells for clusters 1-2; MDA-SC49r:
n=683, 317, 652, 348 cells for clusters 1-4. Each dot represents one cell and the violin curve
represent the density of the cells at different expression levels.
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CHGA) or SCLC lineage-specific genes (e.g., ASCL1, NEURODI, etc.) in the CTC
population and non-CTC populations. Validation of CTC identification within a patient
liquid biopsy by positive expression of epithelial, NE and SCLC genes.
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Extended Data Figure 6.
Emergence of a mesenchymal cell cluster following cisplatin-treatment. Violin plot of VIM
(@) and EXPCAM (b) expression in the clusters of MDA-SC68s vehicle and cisplatin-treated
CDXs. MDA-SC68 vehicle: n=733, 704, 563 cells for clusters 1-3; MDA-SC68 cisplatin:
n=635, 489, 71, 467, 338 cells for clusters 1-5. Each dot represents one cell and the violin
curve represent the density of the cells at different expression levels.
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Figure 1.

SCLC CDXs mimic patient disease at the single-cell transcriptional level and by platinum-
response. a, Representation of patient clinical course including the time point at which blood
was collected for CDX generation (red circles). Arrows indicate treatment and are drawn to
scale. b, Histological images of leptomeningeal disease detected in MDA-SC39, including
characterization of standard SCLC markers. The presence of leptomeningeal disease was
detected in one of five mice whose brains were examined. Scale bars = 1Imm, 100 um, or 10
um. ¢, Waterfall plot of maximal baseline change from treatment of CDXs with cisplatin.
MDA-SC4s, MDA-SC39s, MDA-SC68s and HCI-008s are platinum-sensitive, while MDA-
SC16r, MDA-SC49r, MDA-SC55r, and MDA-SC75r are platinum-resistant. d, Schematic
describing method for performing single-cell RNAseq on CDXs. e, Cells from each CDX
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are more similar to themselves than to other models. t-SNE analysis of eight CDXs. f, Violin
plots indicating range of expression of NCAM1, SYP, CHGA, and NKX2-1 (TTF1) in
single cells from each CDX. Each dot represents one cell and the violin curve represent the
density of the cells at different expression levels. g, Expression pattern of ASCL1/
NEUROD1/POUZF3/YAPI genes within each CDX. h, t-SNE feature plots showing
heterogeneity of expression of MYC, MYCL, and MYCNin all CDXs. Ine, f,and g
n=2,000 cells.
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Figure 2.

Platinum-resistant disease is associated with increased ITH. a, Platinum-resistant CDXs
exhibit a higher ITH score than platinum-sensitive CDXs, as determined by two-sided
Wilcoxon rank sum test. No adjustments were made for multiple comparisons (P<2.2e-16;
n=2,000 cells per CDX). b, Gene expression dispersion for platinum-sensitive and platinum-
resistant CDXs by two-sided Wilcoxon rank sum test (P=0.05; n=8 CDX models). ¢, t-SNE
visualization of cell subpopulations from individual CDXs (n=2,000 per CDX. d, Expression
heatmap of common and model specific differential genes for ASCL I-driven sensitive
CDXs (MDA-SC4s, MDA-SC39s, MDA-SC68s) and resistant CDXs (MDA-SC16r, MDA-
SC55r, MDA-SC75r). The differential genes were identified by intersection of up-regulated
genes in resistant CDX compared with each sensitive CDXs. Genes were identified that
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were commonly upregulated in at least two resistant CDXs (GRFR, TCF4, HES®6), or
specifically in MDA-SC16r (CDKNZA, NKX2-1, STAT1, TOP2A, NFIB, NEATI), MDA-
SC55r (ASCLZ2, KDM1A, MALATI), or MDA-SCT75r (PGAMZ, NBLI). The statistical
cutoffs are set to adjusted p-value <0.05 (two-sided Wilcoxon rank sum test) and log2 fold
change > 0.7 (n=6 CDX maodels). e, Gene set enrichment analysis with NES and FDR g-
values for hallmark gene sets associated with clusters in all eight CDXs. No statistical
method was used to predetermine sample size. GSEA Kolmogorov-Smirnov test. P-values
were adjusted for multiple comparisons. In a, b center lines show the medians; box limits
indicate the 25th and 75th percentiles; whiskers extend 1.5 times the interquartile range from
the 25th and 75th percentiles.
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Platinum-resistance is associated with heterogeneous expression of therapeutic targets or
EMT-related genes within specific clusters. a, Expression of specific therapeutic targets,
EMT-related genes, or EMT score in the clusters from all eight CDXs. Little variation was
detected in clusters from platinum-sensitive CDXs. b, Violin plots of expression of several
therapeutic targets (AURKA, AURKB and DLL3)within clusters from three platinum
resistant CDXs (MDA-SC16r, MDA-SC55r and MDA-SC75r). MDA-SC16r: n=438, 557,
554, 451 cells for clusters 1-4; MDA-SC55r: n=271, 216, 360, 365, 384, 190, 148, 66 cells
for clusters 1-8; MDA-SC75r: n=109, 69, 228, 453, 233, 187, 296, 207, 218 cells for
clusters 1-9. ¢, Violin plots of V/IMand NFIB expression within individual clusters from
MDA-SC49r. Each dot represents one cell and the violin curve represent the density of the
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cells at different expression levels. MDA-SC49r: n=683, 317, 652, 348 cells for clusters 1-4.
d, Schematic indicating that changes in gene expression in the platinum-sensitive cells gives
rise to variation in either therapeutic targets or EMT-related genes.
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Figure 4.

Serial single-cell RNAseq analysis of patient CTCs revealed similar transcriptional
heterogeneity to a paired CDX. a, Representation of patient MDA-SC55 clinical course at
the time blood was collected for CTC analysis and CDX generation. Patient MDA-SC55
body scans performed at the time blood was collected (red indicates lung primary tumor;
yellow indicates liver metastases) and CTC numbers at the time of collection. These samples
were collected from one patient along the course of treatment and represent an isolated
collection at a specific time point. b, t-SNE plot of pooled MDA-SC55 cells at diagnosis,
responding and relapsed time points revealed eight separate clusters, cluster 2 and 7 were
identified as CTCs (circled). c, t-SNE plot of cells expressing NE genes to identify CTCs. d,
t-SNE plots of all CTCs by time point (at diagnosis [green], and at relapse [brown]; left) and
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t-SNE visualization of CTC cell clusters from all time points (n=712 cells). e, Contribution
of cells from the diagnosis or relapsed time points within each of the CTC clusters. f, CTCs
and CDX cells from the relapsed time point have a higher ITH score by Kruskal-Wallis test
than CTCs collected at diagnosis (diagnosis CTCs vs. relapsed CTCs and diagnosis CTCs
vs. relapsed CDX, P=3.0e-17; diagnosis CTCs: n=84 cells). Center lines show the medians;
box limits indicate the 25th and 75th percentiles; whiskers extend 1.5 times the interquartile
range from the 25th and 75th percentiles. g, Violin plots of CHGA and ASCL 1 expression in
the relapsed CTCs and CDX cells. h, Violin plots depicting decreased expression of MYCL
and NVFIBin the CDX cells compared to CTCs at relapse by two-sided Wilcoxon rank-sum
test (P<2.2e-16 for both). Each dot represents one cell and the violin curve represent the
density of the cells at different expression levels. i, Expression patterns of therapeutic targets
in clusters from the CTCs and CDX following relapse. CTCs were normalized separately
from CDX cells. Inb and ¢, n=2,719 cells. In f, g and h relapsed CTCs: n=627 cells,
relapsed CDX: n=2,000 cells.
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Figureb.

Increased ITH and emergence of cell populations with EMT signatures occur following
cisplatin relapse. a, Tumor growth for MDA-SC68s vehicle or cisplatin-treated mice (n=1
per treatment). Tumors were collected when tumor volume reached approximately 1,000
mm?2. b, Pooled t-SNE plot of the MDA-SC68s vehicle and cisplatin-treated tumors in
combination with the seven other CDXs. ¢, t-SNE visualization of the MDA-SC68s vehicle
and cisplatin-treated CDXs. d, t-SNE plot of cell clusters in cisplatin-relapsed MDA-SC68s
cells. e, Cisplatin-treated cells have an increased ITH score compared to vehicle cells by
two-sided Wilcoxon rank sum test (P<2.2e-16). Center lines show the medians; box limits
indicate the 25th and 75th percentiles; whiskers extend 1.5 times the interquartile range from
the 25th and 75th percentiles. f, Expression of specific therapeutic targets and EMT-related
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genes the clusters from vehicle or cisplatin-relapsed MDA-SC68s cells. g, Left panel:
principal component analysis of MDA-SC68s cisplatin-treated cells identified the first
component to be associated with EMT score in MDA-SC68s cisplatin-treated cells, but not
in vehicle-treated cells. Violin plot of the EMT score of individual cells within each cluster
indicate that cells with the highest EMT score were located in cluster 3 of the MDA-SC68s
cisplatin-treated tumor. MDA-SC68 vehicle: n=733, 704, 563 cells for clusters 1-3; MDA-
SC68 cisplatin: n=635, 489, 71, 467, 338 cells for clusters 1-5. h, Right panel: Violin plots
of ASCL1, NEURODI, and DL L3 expressions within the clusters from MDA-SC68s vehicle
and cisplatin-treated tumors. ASCL 1 and DL/ 3were expressed at lower levels in the
cisplatin-treated sample (P<0.0001 for each). MDA-SC68 vehicle: n=733, 704, 563 cells for
clusters 1-3; MDA-SCB68 cisplatin: n=635, 489, 71, 467, 338 cells for clusters 1-5. Each dot
represents one cell and the violin curve represent the density of the cells at different
expression levels. i, t-SNE visualization of DLL3expression in vehicle and cisplatin-treated
cells. Inb, ¢, d, e, and i, n=2,000 cells each.
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Figure®6.

Treatment-resistance to DNA damaging targeted therapies resulted in the emergence of new,
therapy-specific clusters. a, Tumor growth for MDA-SC4s vehicle, PARPi-treated
(talazoparib), and CHKi-treated (prexasertib) mice (n=3 mice per treatment). Tumors were
collected when tumor volume doubled from onset of treatment. b, Pooled t-SNE plot of the
MDA-SC4 vehicle, PARPi-relapsed and CHKi-relapsed cells in combination with all seven
other CDXs (MDA-SC39s, MDA-SC68s, HCI-008s, MDA-SC16r, MDA-SC49r, MDA-
SC55r and MDA-SC75r; n=2,000 cells each). Emergence of unique clusters were detected
following relapse to PARPi or CHKI. t-SNE visualization of cell populations from MDA.-
SC4 vehicle, PARPi- and CHKi-relapsed tumors form three clusters. c, Percentage of cells
from MDA-SC4 vehicle, PARPi-relapsed and CHKi-relapsed samples within the clusters. d,
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ITH score was higher in CHKi-relapsed (P=4.4e-65) or PARPi-relapsed (P=7.5e-132)
samples compared to vehicle samples by two-sided Wilcoxon rank sum test (n=2,000 cells
each). Center lines show the medians; box limits indicate the 25th and 75th percentiles;
whiskers extend 1.5 times the interquartile range from the 25th and 75th percentiles.
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