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F IGURE 1 Consensus clustering andWGCNA of 50 SCLC cell lines reveals four subtypes differentiated by gene
modules.
A.Consensus clustering with k = 4 gives most consistent clusters. K = 3 and K=5 add complexity without a
corresponding increase in accuracy. LDA plot shows separation of 4 clusters, with non-SCLC cell lines falling near
non-NE cell lines.
B.Current biomarkers in the field of SCLC are able to distinguish between three of the subtypes; The fourth subtype,
NEv2, is not separable fromNE usingmarkers from SCLC literature.

F IGURE 2 SCLC subtypes can be distinguished by gene expression patterns.
A. Transcriptional patterns that distinguish the four subtypes are captured inWGCNA analysis. Genemodules by color
show patterns of expression that are consistent across the subtypes. Only modules that significantly distinguish
between the subtypes are shown (ANOVA, FDR-corrected p-value < 0.05).
B. SCLC heterogeneity biological process phenospace. A dissimilarity score between pairs of SCLC-enriched GO terms
was calculated using GoSemSim, and used to create a t-SNE projection grouping similar biological processes together.
Each blue dot is a GO term, with selected terms highlighted. Several distinct clusters of related processes can be seen.
C.Module-specific phenospace. A breakout of where some of the 11 statistically significantWGCNAmodules fall in the
GO space fromA. Of particular interest, the greenmodule, which is highly upregulated in the NEv2 phenotype, is
enriched inmetabolic ontologies, including drug catabolism andmetabolism and xenobotic metabolism. The yellow
module is enriched in canonical neuronal features.

F IGURE 3 Differential response of SCLC subtypes to a wide variety of oncology drugs and investigational agents.
A.
B.No significant differences can be seen in response to etoposide and platinum-based agents cisplatin and carboplatin,
the standard of care for SCLC.
C-F. Significantly differential response by ANOVA, p < 0.05, shown in drugs that targetC.mTOR,D.HSP90, E.BRD2,
and F.AURKA. NEv2 is significantly more resistant to all of these drugs.
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F IGURE 4 TF network simulations reproduce subtypes as attractors.
A. Regulatory network of differentially expressed TFs from each of the 11 co-expressed genemodules in Fig 2B. Colors
indicate which phenotype each TF is upregulated in. Red edges indicate inhibition (on average), and green activation (on
average).
B. Probabilistic Boolean rule fits for ASCL1. The target gene is a function of all the genes along the binary tree at the top,
while expression of the target is shown on the left. Each row represents one cell line, each column represents one
possible input state, and the bottom shows the inferred function F for every possible input state. Color ranges from
0=blue (highly confident the TF is off), to 0.5 =white, to 1=red (highly confident the TF is on). Rows are organized by
subtype (top to bottom: NE, NEv1, NEv2, non-NE).
C.Attractors foundwith asynchronous updates of Boolean network. 10 attractors were found, and each correlates
highly with one of the four subtypes (represented by stars). Specifics of the probabilistic simulation are described in
Results.

F IGURE 5 Destabilization of subtypes by perturbation to network.
A.Randomwalks starting from the attractors in Fig 4Cwill eventually leave the start state due to uncertainty in the
Boolean rules. Reference histogram shows howmany random steps are required for a distance greater than 4 TF
changes away from the start state under the network’s natural dynamics. The knockdowns and activations shown here
hold expression of the perturbed geneOFF or ON. The perturbation destabilizes the start state, such that the random
walk leaves the neighborhood sooner, shown for NE, NEv1, NEv2, and non-NE starting states. B. Stabilization of SCLC
phenotype NEv2 by TF activation and knockdown. The percent change of stability measures the percent change in the
average number of steps needed to leave the neighborhood of the stable states. Negative indicates destabilizing, while
positive indicates increasing stability. Results are shown for 1000 iterations starting fromNEv2. Similar plots for the
other subtypes can be found in Fig EV3.
C.AVenn diagram demonstrating overlap of destabilization strategies. A single activation (green text) or knockdown
(red text) can sometimes destabilize multiple phenotypes. TF perturbations that have a stabilization score of less than
-0.2 were considered destabilizing.

F IGURE 6 Computational evidence for existence of subtypes in both human andmouse tumors.
A.Absolute percentage of each subtype in 81 human tumors as determined by CIBERSORT. The 81 tumors can then be
sorted by hierarchical clustering, which finds four main groups of subtype patterns across tumors.
B. Similar analysis in mouse PDX/CDX tumors fromDrapkin et al. [36]. As shown, the tumors vary greatly in
composition, and hierarchical clustering of the patterns result in four clusters (clustering not shown).
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F IGURE 7

A. Similar analysis in mouse tumors. Ai. TKO (RB1, TP53, P130 floxed) mouse tumors showing a high proportion of NE
andNEv2 subtypes. Aii. As described in [20], thesemouse tumors were generated by crossing Rb1fl/fl Trp53fl/fl (RP)
animals to knockin Lox-Stop-Lox (LSL)-MycT58A-IRES-Luciferasemice. These Rb1fl/fl Trp53fl/flMycLSL/LSL (RPM)
mice have amplifiedMyc, and have been shown to be driven towards a variant phenotype, which is corroborated in this
CIBERSORT analysis. It is clear that RPMmice contain greater portions of NEv1 compared to the tumors in Ci., which
seems to correspond to the Aurora-Kinase-inhibitor-sensitive, Myc-high phenotype published byMollaoglu et al.
B. t-SNE plots of single cell RNA-seq from two triple knockout (RB1, TP53, P130) mouse tumors. The k-nearest
neighbors (kNN) with k=10was computed for eachmouse cell to predict subtypes of individual cell using signature
genes of each subtype. If at least 8 of the 10 nearest human cell line neighbors for amouse cell were of one subtype , the
cell was assigned that subtype. Large amounts of intratumoral and intertumoral heterogeneity are evident.

F IGURE EV1 Tracking plot and delta area plot for consensus clustering with different values of k.
A. Tracking plot shows slight inconsistency for cell lines with k=3. One of these is assigned to the “light green” cluster in
the k=3 clustering scheme, whereas when k=4, it returns to the “light blue” cluster. The others are in the “dark blue”
cluster when k=2 and “light blue” cluster when k = 3.
B. The delta area plot shows the relative change in the area under the CDF curve (Fig 1A). The largest changes in area
occur between k=2 and k=4, at which point the relative increase in area becomes noticeably smaller (from an increase
of 0.5 and 0.4 to 0.15). This suggests that k=4,5, or 6 are the best clustering that maximizes detail (more, smaller
clusters present a more detailed picture than a few large clusters) andminimizes noise (byminimizing average pairwise
consensus values andmaximizing extreme pairwise consensus values. Average cluster consensus scores (CCS) across
clusters show that k=4may be the best choice because it has the highest average (k = 4 average CCS: 0.848, k=5
average CCS: 0.814, k=6 average CCS: 0.762).
C.Consensus Cumulative Distribution Function. This CDF show that k=4 hasmore black cells and white cells than gray,
suggesting the consensus clusters aremore robust.

F IGURE EV2 Significantly mutated genes across 50 SCLC cell lines, as determined byMutSigCV, ordered by
significance. As expected, significant mutations were found in both the RB1 and P53 genes. Inspection by eye shows
that no significant mutations can distinguish completely between two ormore phenotypes. This suggests an alternate
source of heterogeneity, such as transcriptional regulation. Significance cut-off: q (p-value corrected for multiple
comparisons) < 0.25. q < 0.5 shown.

F IGURE EV3 Stabilization of SCLC phenotypes by TF knockdown and activation. The percent change of stability
measures the percent change in the average number of steps needed to leave the neighborhood of the stable states.
Negative indicates destabilizing, while positive indicates increasing stability. Results are shown for 1000 iterations
starting fromA.NE,B.NEv1, and C. non-NE.
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