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Abstract
Background

SCLC is a heterogeneous disease, consisting of intra-tumoral and inter-tumoral neuroendocrine
(ASCL1/NEUROD1), mesenchymal-like, and YAP-driven transcriptional states. Lysine-speci�c
demethylase 1 (LSD1/KDM1A) inhibitors have recently been progressed to clinical trials in small cell lung
cancer (SCLC) based on a promising pre-clinical anti-tumor activity. Potential clinical limitation of LSD1
inhibitors are the heterogeneous drug responses that have been observed in SCLC cell lines and patient-
derived models. Based on these observations, we studied molecular and transcriptional signatures that
predict patient response to this class of drugs.

Methods

LSD1 inhibitors, GSK690 and OG-86, were screened in a panel of SCLC cell line models facilitating the
computational analysis of differentially expressed gene signatures correlated with intrinsic drug
resistance, which were further evaluated experimentally in a SCLC mesenchymal variant form of NCI-H69
cells, NCI-H69V.  Adaptive drug resistance was elucidated through bulk RNA-seq, ATAC-seq and single-cell
RNA-seq, allowing study of transcriptional reprogramming in response to the drug treatment.

Results

Employing SCLC patient-derived transcriptional signatures, we de�ne that SCLC cell lines sensitive to
LSD1 inhibitors are enriched in neuroendocrine transcriptional markers while cell lines enriched in a
mesenchymal-like transcriptional program demonstrate intrinsic resistance to LSD1 inhibitors. We have
identi�ed a reversible, adaptive resistance mechanism to LSD1 inhibitors through epigenetic
reprogramming to a TEAD4-driven mesenchymal-like state.

Conclusions

Our data suggests that only a segment of SCLC patients, with a de�ned neuroendocrine differentiation
state, will likely bene�t from LSD1 inhibitors. It provides novel evidence for the selection of a TEAD4-
driven mesenchymal-like subpopulation resistant to LSD1 inhibitors in SCLC patients that may require
effective drug combinations to sustain effective clinical responses. 

Background
Small cell lung cancer (SCLC) is a neuroendocrine carcinoma that exhibits aggressive malignancy and a
high propensity for early metastasis. In addition to common mutations in RB1 and TP53, molecular
pro�ling studies have identi�ed an epigenetic-basis for SCLC disease initiation and progression featuring
frequent mutations in chromatin modifying genes including CREBBP, EP300 and MLL1/2 as well as
alterations in the distribution of DNA methylation [1]. Based on these observations, epigenetic drugs have
been explored for therapeutic intervention to target tumor-speci�c epigenetic vulnerabilities and reverse
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acquired epigenetic changes driving tumor growth and survival. Promising in vitro and in vivo preclinical
data led to clinical trials exploring the use of histone deacetylase inhibitors including romidepsin or
panobinostat in relapsed SCLC. Although both agents were well-tolerated and demonstrated some
evidence of tumor shrinkage and sustained stable disease both clinical studies failed to demonstrate a
signi�cant bene�t warranting continued development [2].

The emergence of a new generation of epigenetic drugs targeting speci�c transcriptional regulators of
SCLC oncogenesis including BRD4, LSD1, and EZH2, has renewed interest in exploring epigenetic
therapies in SCLC [3–5]. Among this class of new epigenetic drugs, inhibitors of the histone lysine
demethylase LSD1 (KDM1A) have gained signi�cant attention [6]. LSD1 is a member of the BRAF-HDAC
(BHC) co-repressor complex shown to regulate expression of neuronal gene programs through interaction
with REST [7–12]. In addition to the previously reported anti-tumor activity in acute myeloid leukemia,
LSD1 inhibitors have shown lineage-speci�c activity in SCLC cell lines and patient-derived xenograft
models [5, 6, 13–15]. Although the mechanism of growth arrest conferred by these drugs is unclear, LSD1
has been shown to regulate neuroendocrine transcriptional programs critical for SCLC growth [5, 13].
Several recent reports have suggested that the primary mechanism of action of LSD1 inhibitors in both
AML and SCLC occurs not only through catalytic inhibition of LSD1 enzymatic function but also through
inhibition of the interaction of LSD1 with SNAG-domain transcriptional factors such as INSM and GFI1B
[14, 15]. Through these inhibitory mechanisms, LSD1 inhibitors can impact the expression of
neuroendocrine lineage-speci�c regulators such as ASCL1, required for SCLC lineage speci�cation.

Recent studies have characterized SCLC as heterogeneous population, consisting of intra-tumoral and
inter-tumoral neuroendocrine (ASCL1/NEUROD1), mesenchymal-like, and YAP-driven transcriptional
states and subtypes [16, 17]. The particular SCLC subtypes may de�ne vulnerabilities to therapeutic
targets. In a breadth of e�cacy screen, Mohammad et al. identi�ed only a subset of SCLC cell lines and
primary samples with a DNA hypomethylation signature undergoing growth inhibition in response to
GSK2879552 [5]. Similarly, in a panel of SCLC PDX tumors, Augert et al. identi�ed selective activity of
ORY-1001 only in models capable of NOTCH pathway activation [13]. Moreover, many sensitive SCLC cell
lines and primary tumor models display only partial responses to LSD1 inhibition even after long
durations of treatment. The recent advancement of both irreversible and reversible LSD1 inhibitors into
SCLC clinical trials warrants the study of potential drug resistance mechanisms that may prevent patients
from responding to this class of drugs.

In this study, we have addressed potential intrinsic and acquired drug resistance mechanisms to LSD1
inhibitors in SCLC. Utilizing a recently identi�ed gene co-expression network de�ning SCLC
neuroendocrine and mesenchymal states [18, 19] we have identi�ed that sensitivity to LSD1 inhibitors in
SCLC is con�ned primarily to cell lines that express neuroendocrine transcriptional programs.
Heterogeneous drug responses in SCLC cell lines re�ect a pre-existing cell intrinsic drug resistance
mechanism enriched in cell lines expressing mesenchymal-like transcriptional programs. Using single cell
RNA-seq and ATAC-seq we demonstrate that continuous treatment with LSD1 inhibitors results in the
emergence of drug tolerant subclones with a de novo mesenchymal-like transcriptional state driven



Page 4/28

through a TEAD4 transcription factor program. We also highlight that acquired resistance to LSD1
inhibitors appears as an “epi-stable” state. Under drug withdrawal, drug tolerant SCLC cells transition
between mesenchymal and neuroendocrine phenotypes and regain sensitivity to the drug. Collectively our
data provide novel insight in the mechanism contributing to heterogeneous responsiveness of SCLC to
LSD1 inhibitors and selection of mesenchymal-like enriched subclones are likely to present a barrier to
effective single-agent responses in the clinic.

Materials And Methods

Cell lines and reagents
Human SCLC cell lines used in this study were obtained from the American Type Culture Collection
(ATCC), Sigma-Aldrich, or Deutsche Sammlung von Mikroorganismen und Zellkulturen (DSMZ) and
grown in manufacturer’s speci�ed growth medium and environmental conditions. Cell growth medium
was purchased from Life Technologies or Lonza.

GSK690 [20] and OG-86 [21] were synthesized by WuXi AppTec using previously disclosed structures.
Structures were con�rmed using NMR (Nuclear magnetic resonance spectroscopy) and LCMS (Liquid
chromatography–mass spectrometry). Compounds were solvated in DMSO (Sigma) at 30mM for use in
in vitro experiments.

Preparation of cell extracts and western blot analysis
Adherent and suspension cell populations were collected and washed in PBS prior to lysis in RIPA buffer
(Sigma) with protease inhibitor cocktails (Roche) plus PMSF. Cell lysates were brie�y sonicated prior and
pre-cleared by centrifugation. 30 µg of protein was loaded on 4–12% SDS-PAGE gels and transferred to
nitrocellulose membranes. Samples were incubated overnight at 4OC in primary antibodies and 1 hr at
room temperature in secondary antibodies. Imaging was performed using LiCor imaging system.

Antibodies used in this study are KDM1A (Millipore cs207350, Bethyl A300-215A), NSE (CST 9536), SYP
(CST 12270), GRP (Sigma HPA007314), NCAM (CST 3576), CHGA (Abcam 45179), FOXA2 (CST 3143),
OVOL2 (Abcam 129161), LEF1 (CST 2286), ASCL1 (Abnova H0429-M02), SOX2 (CST 4900), INSM1
(Abcam 170876), NEUROD1 (117562), SMAD3 (CST 9513), NFKB2 (CST 3017), CMYC (CST 9402), MITF
(Abcam 140606), SNAIL (CST 3895), VIM (CST 5741), CDH2 (CST 14215), CDH1 (CST 3195P), ZEB1
(CST 3396P)

Long-term cell proliferation assays
For drug sensitivity studies, cell lines were plated in triplicate 10cm2 dishes at drug concentrations of
1000, 300, 100, 30, 10, 3 and 1 nM in DMSO. Every 3 or 4 days, adherent and suspension cells were
collected and 2 ml of cells was transferred to a new 10cm2 dishes for subsequent culture. 8 ml of fresh
cell culture medium was added to each plate and drug was added at proper concentrations to each dish.
Three aliquots of 1 ml of cells was collected in 1.5 ml microcentrifuge tube, concentrated by
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centrifugation to a 100 µl volume and added to a 96 well plate. Relative cell numbers were determined
either by cell counting of three independent aliquots using a hemocytometer or by CellTiter-Glo reagent
(Promega).

Tissue Microarray
Lung cancer tumor microarray (14–140) was purchased from US Biomax, Inc. Immunohistochemical
staining and evaluation was performed on a single TMA slide containing 200 microarray dot tissue
samples representing a broad array of human lung cancer histologic subtypes as well the inclusion of 20
normal lung tissue samples for comparison. Immunohistochemical procedure and staining was
developed and optimized with known LSD1 positive control tissues to ensure proper speci�city.
Pathologist scoring method for all evaluated TMA cores was semi-quantitative and based on a range of
tumor cell positivity corresponding to each score, with a score of 1 indicating rare positivity, 2 showing 3–
10% positivity, 3 showing 11–30% positivity and 4 for everything greater than 30.

Immunohistochemical stained slides were prepared using a Leica Bond automated staining system.
Brie�y, slides underwent antigen retrieval (Leica ER2) for 20 minutes followed by incubation with rabbit
anti-LSD1 1:100 (Cell Signaling Technology #2139) for 40 minutes at room temperature. Bond Polymer
Re�ne (Bond #DS9800) kit with Poly-HRP and 3,3-Diaminobenzidine tetrahyrochloride (DAB substrate
chromogen) was used to detect and visualize the LSD1 staining. Finally, the slides were counterstained
with Hematoxylin, dehydrated and mounted.

RNA-seq and expression pro�ling experiments
RNA-seq was accomplished on SCLC cell lines treated in triplicate with DMSO or 0.3 µM GSK690 for
either 3 days or 10 days. RNAseq libraries were generated following manufacture’s protocols and
sequenced paired-end on the HiSeq 2000 at read length 50nt or 100nt (only for COR-L88). FastQ data
generated by HiSeq was QCed and trimmed before being aligned to the HG19 human reference genome
and then quanti�ed using the RSEM package [22] The RNAseq DE (Differential expression) analysis was
done by using the DESeq R package after RSEM [23]. For this analysis, the program used raw counts as
input and ran its normalization method using a scaling factor computed as the median of the ratio, for
each gene, of its read count over its geometric mean across all lanes.

The SCLC cell line mRNA expression data was downloaded from CCLE 19Q1 [24]. For differential
expression analysis, genes that are not expressed (TPM < 3 in all cell lines) are �rst removed, and
moderated t test was conducted using Limma package with Empirical Bayes shrinkage [25] in sensitive
(n = 10) vs resistant (n = 12) cell lines using log2-TPM values with FDR multiple testing correction.
Differential expression cutoff is set at FDR < 5% and FC > 2. The heatmaps were generated using the
Complex Heatmap package in R [26]. To identify enriched pathways associated with LSD1 sensitivity, we
calculated a signi�cance score de�ned as: -log2(FDR) X (difference in mean TPM between sensitive and
resistant lines) and loaded this score into GSEA pre-rank for pathway analysis [27]. The neuroendocrine
(NE) and mesenchymal-like (ML) network signature genes for 53 SCLC CCLE cell lines were de�ned as
previously described [19, 28]. For overlapping analysis between differential genes and NE/ML network
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genes, hypergeometric test was performed between each gene set, and the median TPM value of NE or
ML module genes were plotted with boxplot with two-sample t test on sensitive and resistant cell lines.

For TCGA SCLC tumors gene expression analysis, the 2015 UCologne RNA-seq z score data was
downloaded from cBio portal (https://www.cbioportal.org/). Genes containing NA readings were removed,
and duplicated gene names were merged by their mean expression z score. This resulted in a total of
18598 genes in 81 patient tumors. To calculate gene signature scores, the median expression z score
from each signature was calculated for each tumor. The gene expression heatmap was generated using
the Complex Heatmap package in R [26].

Single cell isolation and scRNA-seq
NCI-H69 cells were treated in duplicate with DMSO or 0.3 µM GSK690 for 21 days. The single cell
suspension was isolated by passing the harvested cells through a 40-µm Flowmi™ tip strainer followed by
incubation with 0.25% Trypsin-EDTA in ice for 10 min and at 37oC for 10 min to get a �nal concentration
of 3 x 105 cells/ml. The single cells were then processed through the Chromium 3’ Single Cell Platform
using v2 reagents (10X Genomics, Pleasanton) per the manufacturer’s protocol. In brief, a total of 6536
single cells were detected with 3603 cells analyzed in the DMSO vehicle group and 2903 in LSD1
inhibitor-treated group. The cells were partitioned into Gel Beads in Emulsion in the Chromium instrument,
where cell lysis and barcoded reverse transcription of RNA occurred, followed by ampli�cation, shearing
and 5′ adaptor and sample index attachment. Libraries were sequenced on an Illumina HiSeq 4000.

For single cell RNA-seq analysis, gene-cell count matrix was generated with Cellranger pipeline (10X
Genomics). All downstream analyses, including cell �ltering, data normalization and cell clustering were
performed using the R Seurat V3 package [29]. In brief, to remove low quality data, cells that have unique
gene counts between 200–6000 and mitochondrial reads < 10% were kept for further analysis. Read
counts were then normalized for total counts in each cell, scaled to 10000, and then log transformed. To
remove confounding factors associated with assay quality and cell cycle stages, we used SCTransform
[30] to regress out percent mitochondrial reads, percent ribosomal reads, and cell cycle S/G2M score in
each single cell. Top 3000 variable genes were selected for downstream analysis. To facilitate single cell
comparison between control and LSD1 inhibitor treatment, we used Harmony package [31] with default
settings to integrate single cell data, and used UMAP [32] for two dimensional data embedding.
Differentially expressed genes between each cluster or control vs drug treated cells were called using the
Seurat “FindMarkers” function with these parameters: min.pct = 0.2, logfc. threshold = 0.25, with a cutoff
of FDR < 5%. Gene expression values or scores in UMAP were capped at 5% and 95% quantile to eliminate
outlier bias during data representation.

ATAC-seq and Data Analysis
NCI-H69 cells were treated in triplicate with DMSO or 0.3 µM GSK690 for 21 days. The transposition
assay was performed. Brie�y, 50,000 nuclei from each sample were used in each reaction with 20 µl of
transposition mix and incubated at 37oC for 60 minutes. qPCR was performed and 8 cycles were
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performed. The library was puri�ed with Ampure XP beads (A63880, Beckman Coulter), quanti�ed using
Qubit (Qubit dsDNA HS Assay Kit, Q32851, Thermo Fisher Scienti�c) and checked for size distribution
using 4200 TapeStation (High Sensitivity D1000 ScreenTape, 5067–5584, Agilent Technologies).
Sequencing was performed with Illumina HiSeq4000 (50 bp PE, Nextera v2 libraries).

For ATAC-seq data analysis, paired-end sequencing reads for each sample were mapped to hg38 human
reference genome with Bowtie2 [33] using the following parameters: -t -X 2000 --no-mixed --no-discordant.
Sam �les were converted into Bam with Samtools. Peak calling was performed with MACS2 [34] using
these parameters: callpeak -g hs --nolambda --nomodel --shift − 100 --extsize 200 --bdg --SPMR -q 5e-2.
Peaks overlap with ENCODE black list regions were removed from downstream analysis using Bedtools.
Bedgraph �les were converted to Bigwig using bedGraphToBigWig [35] and signal tracks were visualized
with IGV [36]. To correct for ATAC-seq bias, we extracted genome wide signal at 100 bp resolution using
DeepTools [37], and performed quantile normalization on the signal data using the R package
preprocessCore (https://rdrr.io/bioc/preprocessCore/). Differential peak calling between the control and
drug treated samples was performed with DESeq2 [38], using merged peaks between all samples (total
250646 peaks). Signi�cant differential peaks were de�ned as: FDR < 0.01 & fold change > 2.5, and the
mean read count for each peak is > 40% quantile of all mean read count (to remove low signal regions).
This results in 548 open peaks and 838 closed peaks after drug treatment. GREAT analysis [39] was
performed on the differential peaks to identify pathways associated with the drug treatment. To predict
transcription factor (TF) binding perturbed by the drug treatment, we employed chromVar package [40]
with the “human_pwms_v2 motif” database to identify TF binging DNA motifs that are signi�cantly open
or closed upon treatment. T test with FDR correction was performed on all TF z scores to identify
signi�cant TF motifs.

Results

LSD1 is highly expressed in small cell lung cancer relative
to other lung cancer subtypes
Over-expression of chromatin modi�ers has been shown to in�uence their function in cancer [41]. In lung
cancer, LSD1 mRNA expression is highly expressed in SCLC relative to other lung cancer cell lines
(Fig. 1A). Expression datasets from Clinical Lung Cancer Genome Project (CLCGP) [42] con�rms LSD1 is
also expressed highly relative to other lung cancer subtypes in primary patient samples (Fig. 1B). To
further con�rm LSD1 expression levels at the protein level, we conducted immunohistochemistry (IHC) on
a lung cancer tissue microarray. IHC staining con�rmed a statistically signi�cantly higher staining
intensity in SCLC specimens relative to that of squamous cell carcinoma, adenocarcinoma, and large cell
carcinoma (1-way ANOVA Fig. 1C, 1D).

SCLC cell lines show heterogeneous responses to LSD1
inhibitors
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Resulting from the observation of high expression of LSD1 in SCLC, we assessed whether SCLC cell lines
were dependent on LSD1 activity for their growth. Using two shRNAs targeting LSD1 we observed growth
inhibition in the NCI-H526 cell line that became strongest after 14 days of target knockdown (Figure S1A).
Interestingly, DMS-114 cells did not appear sensitive to LSD1 knockdown over 14 days even though there
was a signi�cant loss of LSD1 protein level by western blot (Figure S1B).

Several reports have recently described sensitivity in SCLC cell lines to LSD1 inhibitors. To study this
further, we pro�led drug sensitivity to the FAD reversible inhibitor GSK690 (Ki = 4nM) [20] as well as the
FAD irreversible compound OG-86 (IC50 = 47nM) [21] in a panel of SCLC cell lines (Figure S2). Due to the
delayed onset of proliferation changes observed in shRNA experiments we tested the effects of GSK690
and OG-86 on SCLC cell line growth in long-term proliferation assays of 17–21 days. Consistent with
shRNA results, we observed differential responses in many SCLC cell lines. In NCI-H1417, NCI-H187, NCI-
H889 cells, dose-dependent growth inhibition was initially observed at 7-to-10 days of both GSK690 and
OG-86 treatment with continued effects observed until day 17–21 (Figure S3A-C). DMS-114 cells, which
were insensitive to LSD1 shRNA knockdown, were also insensitive to both GSK690 and OG-86 up to 17
days of treatment at concentrations up to 1.0µM OG-86 and 1.0µM GSK690 (Figure S3D). Interestingly,
the anti-proliferative effects of LSD1 inhibitors plateau in their percent inhibition even after 17–21 days
of continuous drug treatment due to the emergence of a subpopulation of slowly proliferative persister
cells in NCI-H1417 and NCI-H187 cells (Figure S3). These data suggest that SCLC cell lines possess both
intrinsic and acquired resistance mechanisms to LSD1 inhibitors.

Neuroendocrine and mesenchymal expression signatures
stratify sensitivity to LSD1 inhibition
Across the SCLC cell line panel, 12 out of 29 tested SCLC cell lines showed greater than 50% growth
inhibition in response to 0.3µM GSK690 treatment at day 17 (Fig. 2A). A non-enzymatic mechanism of
action has recently been proposed to account for the anti-tumor activity of LSD1 inhibitors in SCLC [15].
In our cell panel we identi�ed that all SCLC cell lines sensitive to GSK690 express SNAG domain proteins
INSM1 or GFI1B, however we also observed examples of INSM1 or GFI1B-expressing cell lines that were
also resistant to the drug (Fig. 2C). Thus, expression of SNAG-domain proteins alone is insu�cient to
de�ne cell lines that will respond to GSK690.

To identify additional biomarkers that predict sensitivity to GSK690 we explored both mutational and
gene expression features of SCLC cell lines from available CCLE data [24] LSD1 expression level alone
did not correlate with drug sensitivity (Fig. 2B, 2C). Additionally, using both univariate and multivariate
association methods, no mutation signi�cantly correlated with cell line sensitivity (data not shown).
Analysis of the cell line gene expression by principal component analysis suggests that cell lines
sensitive to GSK690 stratify in a group with distinct transcriptional state compared to insensitive cell
lines with exception of NCI-H526 and NCI-H1963 cells that appear to be outliers (Figure S5A). SCLC cell
lines can be strati�ed by neuroendocrine/epithelial (NE) and mesenchymal-like (ML) features. Using
established gene expression markers of these SCLC cell states [16, 17] we found enrichment in GSK690
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sensitive cell lines in expression of epithelial genes, MYCL and EPCAM, and neuroendocrine genes, GRP,
DDC, ASCL1 (Fig. 2B-C, S4). SCLC cell lines resistant to GSK690 featured higher expression of
mesenchymal genes MYC, ZEB1, and VIM (Fig. 2B, 2C, S4). These data suggest that neuroendocrine-like
SCLC cell lines maybe more sensitive to LSD1 inhibition while mesenchymal-like SCLC states may confer
resistance to LSD1 inhibitors.

To experimentally address the intrinsic drug resistance of mesenchymal-shifted SCLC cells to LSD1
inhibitors, we treated a mesenchymal variant form of NCI-H69 cells, NCI-H69V [43] with GSK690. NCI-H69
cells grow in suspension and show enrichment in NE transcription factors FOXA2, SOX2, LEF1, NCAM, E-
cadherin (Fig. 2D). In contrast, NCI-H69V cells grow as adherent cells and express a ML signature
enriched transcription factors SMAD3, MYC, ZEB1, VIM [19] (Fig. 2D). In line with our hypothesis,
mesenchymal-shifted NCI-H69V appeared to be resistant to GSK690 treatment, showing only 22% growth
inhibition compared to 85% growth inhibition observed in parental NCI-H69 cells (Fig. 2D).

To further re�ne the gene expression signature associated with LSD1 inhibitor resistance, we performed
differential expression analysis between LSD1 inhibition sensitive and resistant SCLC cells from CCLE
cell line data. Using this approach, we identi�ed a differential gene expression signature (FDR < 5% and
FC > 2) stratifying cell lines sensitive and resistant to LSD1 inhibitors (Fig. 3A). By performing Gene Set
Enrichment Analysis (GSEA) [27] on these differential genes, we found that gene sets of ASCL1 targets,
epithelial differentiation, and ZEB1 repressive sites are up-regulated in the sensitive cells, whereas EMT,
TGF beta and MYC pathway gene sets are signi�cantly up-regulated in the resistant cells (Fig. 3B).

Since sensitivity to LSD1 inhibition was associated with presence or absence of expression of canonical
neuroendocrine and mesenchymal markers in our previous analysis, we compared the GSK690
differentially expressed gene signature to an established gene co-expression network that delineates
tumor heterogeneity observed in SCLC tumor samples as Neuroendocrine (NE) and Mesenchymal-Like
(ML) [18, 19]. Aligning the LSD1 inhibition differential expression signature to genes de�ning the NE (n = 
1102) or ML (n = 2663) co-expression networks [19], we found that sensitive cell lines signi�cantly up-
regulated NE network genes, while resistant lines signi�cantly up-regulated ML network genes (Fig. 3C). In
addition, genes up-regulated in LSD1 inhibitor sensitive cell lines signi�cantly overlapped with NE network
genes while genes up-regulated in LSD1 inhibitor resistant cell lines signi�cantly overlapped with the ML
network genes. (Figure S5B). Overall, these data highlight the context speci�city of GSK690 activity in
neuroendocrine SCLC subtypes and explain the heterogenous drug responses observed in SCLC cell lines.

We next assessed the potential of the LSD1 sensitivity signature in identi�cation of SCLC patients that
might be sensitive or resistant to LSD1 inhibition. Using the differential gene expression signatures that
stratify cell lines sensitive and resistant to LSD1 inhibitors (Fig. 3A), TCGA 2015 UCologne SCLC patient
dataset was analyzed. Patients with high expression of NE genes correlated with genes increased in
expression in the LSD1 sensitivity signature score. Conversely, patients enriched in ML signature
overlapped with LSD1 inhibitor resistance gene expression (Fig. 3D). Thus the LSD1 inhibitor gene
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expression signature de�ned distinct subsets of SCLC patients that are predicted to be either sensitive or
resistant to LSD1 inhibitors.

Drug tolerant cells with mesenchymal-like states emerge
after LSD1 inhibitor treatment
SCLC cell lines grow in �oating cell aggregates however a subset of cell lines will grow attached to tissue
culture plastic [44, 45]. Cell lines which grow in suspension tend to express neuroendocrine markers while
adherently growing cell lines are enriched in mesenchymal biomarkers [19]. SCLC cells that persist after
day 10 of 0.3µM GSK690 treatment show profound morphologic changes. NCI-H526 cells changed from
loose �oating aggregates to tightly adherent spheres (Fig. 4A). COR-L88 cells changed morphologically
and gained adherence to tissue culture treated plates at day 12 of GSK690 treatment (Fig. 4A).

Since morphological changes are known to occur in SCLC cells that transition to a mesenchymal state
[46], we assessed if LSD1 inhibitor persister populations shift to a mesenchymal differentiation state. We
performed bulk RNA-seq on 4 sensitive cell lines (NCI-H889, NCI-H1417, NCI-H69 and COR-L88) and 2
insensitive cell lines (NCI-H82 and NCI-H1694). At day 10 of GSK690 treatment, a larger number of genes
show changes in all four sensitive cell lines, with the majority of genes showing up-regulation (FDR < 0.05,
fold change > = 2) (Fig. 4B). Interestingly, only 5 genes and 43 genes were signi�cantly altered after 10
days of GSK690 treatment in 2 GSK690 insensitive models, NCI-H82 and NCI-H1694, respectively
(Fig. 4B). Evaluation of common transcriptional changes occurring in sensitive models revealed only
seven genes as consistently altered (FDR < 0.05, fold change > = 2) in expression at day 10 in all four cells
lines (Fig. 4C). However, the data showed more convergence at a pathway level with several common
pathways identi�ed showing consistent changes due to GSK690 treatment in the four sensitive cell lines.
Pathways associated with genes up-regulated by GSK690 treatment are enrichment in epithelial-
mesenchymal transition pathway, TGF beta signaling, NOTCH signaling as well as focal adhesion related
signaling consistent with the observed changes in adhesion (Fig. 4D, S5C). Conversely, pathways
enriched in genes down-regulated by GSK690 treatment did not show overlap between different cell lines
and include various signaling pathways (Fig. 4D, S5C).

Changes in neuroendocrine and mesenchymal markers were also observed at the protein level in GSK690
sensitive cell models (Figure S6). COR-L88 cells showed the strongest shift into a mesenchymal-like state
showing down-regulation of neuroendocrine proteins NSE, GRP, NCAM, and CHGA and neuroendocrine
transcription factors FOXA2, ASCL1, and SOX2. COR-L88 cells also showed strong up-regulation of the
mesenchymal protein VIM. Other GSK690 sensitive cell models showed only small changes in protein
levels across our panel with GRP reduction and ZEB1 and CDH2 up-regulation being the most consistent
markers of response (Figure S6). We observed no consistent changes in the protein levels of any
neuroendocrine and mesenchymal markers in GSK690 insensitive cell lines. Importantly, the extent of
mesenchymal gene induction in GSK690 treated SCLC cells does appear comparatively lower relative to
what we observed in mesenchymal-shifted NCI-H69V cells and thus may represent a ‘partial EMT’ [47].
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LSD1 inhibitor persister cells evolve from epigenetically
distinct subpopulations
To de�ne the origin of mesenchymal-like persister cells, we conducted single cell RNA-seq analysis on
NCI-H69 cells treated with DMSO or 0.3 µM GSK690 for 21 days. Harmony [31] was applied to integrate
DMSO and treatment groups so that gene expression within each single cell subpopulation can be
directly compared to obtain subpopulation speci�c differentially expressed (DE) genes after treatment
(Fig. 5A). To identify distinct cell subpopulations, unsupervised cell clustering was performed and �ve
clusters were selected manually after visualization using uniform manifold approximation and projection
(UMAP) (Fig. 5B and S7A). Cell subpopulations in Cluster 0 and 3 were increased in 0.3 µM GSK690
treated group relative to the DMSO group (Figure S7A). In contrast, cell subpopulations in Cluster 1 and 2
in DMSO group were reduced after 21 days of LSD1 inhibitor treatment (Figure S7A). There was no
signi�cant difference in the Cluster 4 cell subpopulation between DMSO and treated groups. Cluster 2
was identi�ed as a neuroendocrine-like subpopulation, as neuroendocrine transcriptional factors GRP and
ASCL1 were speci�cally up-regulated in this subpopulation (Fig. 5B, S8A). Both GRP and ASCL1
expression were strongly reduced in Cluster 2 after treatment (Figure S7B). In addition, the mean
expression of neuroendocrine markers (NE score) including ASCL1, CHGA, GRP, INSM1, NCAM1, FOXA2
and SOX2 were signi�cantly reduced in Cluster 2 after treatment (Fig. 5C, left), suggesting cells in this
cluster are losing NE features. On the other hand, the mean expression of 76 EMT marker genes from the
Broad MSigDB Hallmark Signatures (EMT score) was up-regulated in multiple cell clusters after
treatment, but most signi�cantly increased in Cluster 0 (Fig. 5C, right). This observation is supported by
the signi�cant up-regulation of EMT and lung cancer survival pathways in Cluster 0 after treatment
(Figure S8B). Altogether, these results highlight the loss of NE cell subpopulation, and the emergence of
several transcriptionally distinct, mesenchymal-like populations in NCI-H69 cells resistant to LSD1
inhibitors.

In an attempt to assess the reversibility of the mesenchymal shift observed in LSD1 inhibitor persister
cells we performed drug washout experiments. After 14 days of GSK690 treatment in NCI-H526 and NCI-
H69 cells, anti-proliferative effects occurred concomitant with the up-regulation of mesenchymal markers
CDH2, SNA1, MYC, VIM, and ZEB1 and the down-regulation of neuroendocrine markers GRP, ASCL1, and
CHGA (Figure S9). After 7 days of drug washout, gene expression signatures recovered in both cell lines
to levels similar to that observed in DMSO controls. Moreover, after 7 days of drug wash-out, cells
regained sensitivity to LSD1 inhibition to a similar extent as untreated cell lines (Figure S9). These data
suggest that the mesenchymal shift in SCLC cells treated with LSD1 inhibitors is reversible and caused by
an “epi-stable” mesenchymal-like differentiation state.

LSD1 inhibitor resistance occurs through chromatin accessibility changes for genes associated with
neuroendocrine and mesenchymal like programs

We next sought to de�ne the extent of epigenetic reprogramming in LSD1 inhibitor drug tolerant cells by
employing an assay for transposase-accessible chromatin using sequencing (ATAC-seq). ATAC-seq data
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in NCI-H69 cells treated with 0.3 µM GSK690 for 21 days was highly reproducible between biological
replicates and showed clear enrichment at speci�c genomic regions (Figure S10A). Consistent with
observed changes in gene expression, differentially open or closed chromatin accessibility peaks were
primarily identi�ed at distal regulatory regions of genes after 21 days of GSK690 treatment compared to
controls (Fig. 6A, S10B). GREAT gene ontology analysis [39] for genes acquiring open chromatin
accessibility peaks near regulatory regions suggests enrichment in pathways involved in mesenchyme
morphogenesis and regulation of epithelial cell differentiation (Fig. 6B). In contrast, genes that acquire
closed chromatin do not show any signi�cant pathway enrichment.

To study the transcription factor programs regulating drug resistant SCLC cells, we identi�ed the
transcription factor motifs represented in differentially accessible, closed or open, chromatin regions after
GSK690 treatment. We used ChromVar [40], a package designed for inferring transcription factor activity
from ATAC-seq based on chromatin accessibility levels at TF binding motifs genome-wide (Fig. 6C). Our
analysis demonstrated that NEUROD1/NEUROD2 and ASCL1 DNA binding motifs were signi�cantly
closed following GSK690 treatment. The DNA binding motif for TEAD4 is the only signi�cantly opened
region with the treatment. TEAD4 is a downstream mediator of YAP1 activity, which has been previously
identi�ed as a possible phenotypic modulator in a subset of non-neuroendocrine SCLC cell lines [48].
These data indicate that mesenchymal-like drug tolerance in SCLC cell lines occurs through epigenetic
reprogramming mediated through changes in transcription factor programs and chromatin accessibility
changes that alter gene expression.

Discussion
In this study we have identi�ed common features of intrinsic and acquired drug resistance to LSD1
inhibitors through epigenetic changes in SCLC neuroendocrine transcriptional programs. Epigenetic
plasticity is known to contribute to the poor durability of responses of SCLC to current therapies as
selection of mesenchymal enriched clones become enriched in refractory disease found in relapse [49,
50]. Many SCLC cell lines analyzed in this study show either no response or only partial response to LSD1
inhibitors even after 21 days of treatment, suggesting many SCLC cell lines have either a pre-existing drug
resistant population or are capable of transitioning to a drug resistant state. Experimentally
neuroendocrine SCLC cell lines can transition from neuroendocrine into mesenchymal phenotypes when
treated with targeted or chemotherapies [19, 44, 45, 49]. This observation is clinically relevant as SCLC
tumors are often composed of epigenetically heterogeneous cells with either a neuroendocrine or a
mesenchymal pro�le [18, 19, 49].

Despite early literature suggesting LSD1 inhibitors would be broadly active in numerous cancers
including colon, prostate and breast cancer [12, 51, 52] the generation of more selective LSD1 inhibitors
has clari�ed the extent of LSD1 inhibitor activity primarily in AML and SCLC [5, 53]. One possible
explanation for this discrepancy is suggested from the recent reports identifying non-catalytic
mechanisms of action of current LSD1 inhibitors being explored in the clinic. Inhibition of the interaction
of LSD1 with SNAG domain-containing proteins INSM1 or GFI1B impacts expression of key
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neuroendocrine lineage transcriptional regulators in SCLC including ASCL1 [15]. Our data demonstrates
that all cell lines sensitive to LSD1 inhibitors express either INSM1 or GFI1B, however a subset of cell
lines resistant to the drug also express these genes. Thus, expression of these SNAG domain-containing
proteins alone does not predict sensitivity to LSD1 inhibitors. Interestingly, LSD1 has been found to
interact with the SNAG domain of SNAIL and implicated in the transcriptional repression of epithelial
markers during EMT transition in breast cancer cells [54]. The role of LSD1 in the SNAG domain of
targeted proteins appears to be context and lineage speci�c.

Our results demonstrate that SCLC cells which have evolved non-neuroendocrine, mesenchymal-like
transcriptional programs are resistant to LSD1 inhibition. These �ndings are consistent with Mohammad
et al., who identi�ed TGF-beta pathway signatures negatively correlate with LSD1 inhibitor sensitivity in
SCLC [5]. The TGF-beta pathway is known to regulate EMT pathways in cancer as well as in normal
development [46]. In cell lines sensitive to LSD1 inhibitors we did observe enrichment for TGF beta
pathway genes as well as genes involved in axonal and EMT pathways after LSD1 inhibitor treatment.
Therefore, these data are potentially consistent with our observation that neuroendocrine and
mesenchymal differentiation markers stratify sensitivity of SCLC cell lines to LSD1 inhibitors. Augert et. al
also identi�ed heterogenous responses to the LSD1 inhibitor ORY-1001 in a screen of SCLC patient-
derived xenograft (PDX) models [13]. In their study, PDX models capable of NOTCH activation and
concomitant ASCL1 downregulation were enriched in response to LSD1 inhibition. In gene expression
studies following GSK690 treatment we did observe induction of NOTCH pathway genes in COR-L88 and
NCI-H1417 cells but not to the same extent in NCI-H69 or NCI-H889 cells. This suggests that NOTCH
pathway independent mechanisms of LSD1 inhibitor response exist in SCLC.

This study highlights the remarkable plasticity of SCLC to evolve into drug resistant mesenchymal-like
states. Along these lines, we found expression of the neuroendocrine transcription factor ASCL1 was
down-regulated after GSK690 treatment in most models with the exception of NCI-H526 cells which
shows a very low expression level of ASCL1 and is reported that the interaction between LSD1 and SNAG
domain protein GFI1B plays a key role in this cell line [15].The extent of mesenchymal gene induction in
GSK690 treated SCLC cells does appear comparatively lower relative to what we observed in
mesenchymal-shifted NCI-H69V cells and thus may represent a ‘partial EMT’ [47]. In support of this
model, drug wash out experiments suggest these changes are “epistable” as cells revert to
neuroendocrine phenotypes within 7 days of drug removal. Additionally, we found many SCLC cell lines
analyzed in this study show only partial response to LSD1 inhibitors even after 21 days of treatment,
suggesting many SCLC cell lines are capable of transitioning to a drug resistant state. Single cell RNA-seq
suggests that this resistant population likely represents an acquired drug tolerant state represented by
transcriptional reprogramming that is maintained under drug selection. Consistent with this �nding,
ATAC-seq data in NCI-H69 cells highlighted a shift in the utilization of transcription factors from ASCL1 to
TEAD4 in drug resistant cells. Interestingly, expression of TEAD4 and downstream YAP and TAZ have
recently been highlighted to represent a unique subtype of non-ASCL1 driven SCLC [48].
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A recent phase I study of GSK2879552 in relapsed or refractory SCLC found a disease control rate of 14%
(four of 29 patients) [55]. High rates of adverse events, including thrombocytopenia and encephalopathy,
lead to the termination of the study. Our data suggests that only a segment of SCLC patients, with a
de�ned neuroendocrine differentiation state, will likely bene�t from LSD1 inhibitors. In LSD1 inhibitor
treated patients, a mesenchymal-like resistant population is likely to persist. Thus, emphasis should
focus on drug combination approaches that can sustain clinical responses by eliminating cells that
maintain residual disease. Experimentally, it has been demonstrated that SCLC cells treated with
chemotherapy [49] or radiotherapy [56] obtain mesenchymal characteristics that confer drug resistance.
Thus, the e�cacy of LSD1 inhibitors in SCLC patients heavily pre-treated with chemotherapy will be an
important consideration. The recent disclosures of additional LSD1 inhibitors, IMG-7289, INCB059872,
CC-90011, under clinical development for SCLC highlights the importance of clarifying the mechanism of
action as well as further de�ning the clinical application of these drugs [6].

Conclusions
We discovered that epigenetic plasticity contributes to heterogeneous responsiveness of SCLC to LSD1
inhibitors. Sensitivity to LSD1 inhibitors in SCLC is con�ned primarily to cells that express neuroendocrine
transcriptional programs. Selection of a TEAD4-driven mesenchymal-like subpopulation is likely to
present a barrier to effective single-agent responses in the clinic. Drug combinations speci�cally targeting
intrinsic and adaptive mesenchymal-like resistant populations to sustain effective clinical response will
be of high interest for future clinical development.
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Figure 1

LSD1 is highly expressed in small cell lung cancer relative to other lung cancer subtypes. (A) Expression
of LSD1 (KDM1A) mRNA from lung cancer cell lines derived from the CCLE dataset at the Broad Institute.
(B) LSD1 expression data in 261 primary lung tumors from Clinical Lung Cancer Genome Project
(CLCGP). (C) Representative images of LSD1 expression by immunohistochemistry (IHC) in lung cancer
tissue microarray. (D) Quantitation of LSD1 expression in 200 microarray dot tissue samples all from a
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broad array of human lung cancer histologic subtypes and including 20 normal lung samples for
comparison. LSD1 IHC immunoreactivity was given a histologic semi-quantitative score (0-4; 4 being
highest intensity staining) for each sample. Data presented represent mean +/- 1 standard deviation (SD).
Statistical signi�cance was determined by one-way ANOVA with Tukey HSD post-hoc test for (A), (B) and
(D).

Figure 2
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Differential sensitivity of SCLC cell lines to LSD1 inhibitors strati�es with expression of neuroendocrine
markers. (A) SCLC cell sensitivity to 0.3 μM GSK690 at day 17 based on the percentage of remaining cells
relative to DMSO control. Long-term proliferation assays were run in 3 technical replicates. Sensitive cell
lines are re�ected by greater than 50% growth inhibition, resistant cell lines at less than 20% growth
inhibition. (B) Expression of GRP, ASCL1, VIM, and ZEB1 in GSK690 sensitive and resistant cell lines
based of CCLE mRNA expression data. Two sample t-test p-values < 0.05 are shown. (C) Heatmap of
CCLE mRNA expression of speci�c marker genes de�ning SCLC subtypes. Gene expression values are
shown as row normalized z scores from log2(TPM+1). (D) GSK690 dose response in NCI-H69 compared
to NCI-H69V cells at day 17. Western blot using indicated antibodies demonstrating protein expression of
neuroendocrine (NE) and mesenchymal (ML) markers in NCI-H69 and NCI-H69V cells.
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Figure 3

Connection of LSD1 sensitivity signature with neuroendocrine and mesenchymal-like network signatures.
(A) CCLE gene expression heatmap with hierarchical clustering of differentially expressed (DE) genes
between sensitive (n=10) and resistant (n=12) cell lines. Gene expression values are shown as row z-
score. DE gene cutoff is FDR < 5% and FC > 2. (B) Gene Set Enrichment Analysis (GSEA) of differential
gene expression between sensitive and resistant cell lines from (A). (C) Boxplot depicting the CCLE
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median expression values (TPM) of previously published Neuroendocrine (NE) and Mesenchymal-like
(ML) signatures [19] in sensitive and resistant cell lines from (A). Two sample t-test p-values are shown.
(D) Heatmap representation of RNA-seq Z score for TCGA 2015 UCologne SCLC data. The column
represents 81 SCLC patient tumors, and the row represents LSD1i signature genes generated from (A).
Genes captured for each signature from the TCGA samples were as follows (captured genes/total
signature genes): 3426/3471 for NE signature; 1169/1179 for ML signature; 533/568 for LSD1i
sensitivity signature; 90/94 for resistance signature. The NE-ML score was calculated by subtracting the
NE score from the ML score for each tumor. Hypergeometric test p-values are shown.
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Figure 4

LSD1 inhibitor treatment results in gene expression changes in axonal and EMT pathways (A)
Microscope images of NCI-H526 and COR-L88 cell clusters grown in tissue culture following treatment
with DMSO or 0.3 μM GSK690 for indicated times. (B) RNA-seq analysis of genes signi�cantly altered
(FDR < 0.05, fold change >=2) in expression in GSK690 sensitive cell lines NCI-H69, NCI-H1417, NCI-H889,
and COR-L88 and GSK690 insensitive cell lines NCI-H82 and NCI-H1694 treated with vehicle (DMSO) or
0.3 μM GSK690 for 10 days. (C) Venn diagrams re�ecting overlap of genes signi�cantly up-regulated or
down-regulated by GSK690 treatment between SCLC cell lines. (D) Pathway analysis of genes altered in
expression (FDR < 0.05, fold change >=2) by GSK690 treatment utilizing MSigDB pathway databases.
Top 10 enriched pathways are shown with the p-value cutoff of 0.05.
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Figure 5

Single Cell RNA-seq reveals emergence of cell subpopulations enriched in EMT pathways following LSD1
inhibitor treatment (A) Uniform Manifold Approximation and Projection (UMAP) representation of pre- and
post-Harmony integrated single cell RNA-seq data following treatment with vehicle (DMSO) or 0.3 μM
GSK690 for 21 days. (B) UMAP representation of cell clustering and GRP and ASCL1 expression violin
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plot in each cluster. (C) Mean expression of NE or ML gene sets in UMAP or as violin plots in each cluster.
Two sample t-test p-values are shown.

Figure 6

Chromatin accessibility changes for genes associated with neuroendocrine and mesenchymal expression
signatures (A) ATAC-seq signal at differentially open or closed regions (FDR < 1% and fold change > 2.5)
between vehicle (DMSO day 0 and day 21) or 0.3 μM GSK690n (day 21) in NCI-H69 cells (n = 3). (B) GO
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Biological Process using GREAT analysis with open genes associated with 0.3 μM GSK690 treatment. (C)
Volcano plot (left) showing the signi�cantly open or closed TF DNA binding motifs (FDR < 1% and
difference in mean z-score > 20) with 0.3 μM GSK690 using chromVar analysis. Heatmap (right)
representing TF z scores of signi�cantly open or closed TF DNA binding motifs (n = 3).
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