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Abstract

Establishing causal relationships between genetic alterations of human cancers and the specific
phenotypes of malignancy remains a challenge. We sequentially introduced mutations into healthy
human melanocytes in up to five genes spanning six commonly disrupted melanoma pathways
forming nine genetically distinct cellular models of melanoma. We connected mutant melanocyte
genotypes to malignant cell expression programs in vitro and in vivo, replicative immortality,
malignancy, rapid tumor growth, pigmentation, metastasis, and histopathology. Mutations in
malignant cells also affected tumor microenvironment composition and cell states. Our melanoma
models shared genotype-associated expression programs with patient melanomas, and a deep
learning model showed they partially recapitulated genotype-associated histopathological features
as well. Thus, a progressive series of genome-edited, human cancer models can causally connect
genotypes carrying multiple mutations to phenotype.

One Sentence Summary:

Human genome editing links cancer-associated mutation combinations to specific tumor
characteristics

Healthy human cells become cancerous through the acquisition of genetic mutations. Efforts
to sequence the genomes of human cancer cells have illuminated the daunting array of
combinations of mutations that can cause life-threatening malignancies, even when they
arise from the same cell-type-of-origin (1, 2). In addition, a great phenotypic diversity,

both within and between patients, is caused in part by the somatic mutations observed

in these intricate genetic maps of cancer (1, 2). For example, certain genetic differences
might be why some cancer cells are more prone to metastasize than others (3, 4), others

are less susceptible to immune attack (5), and yet others have genomes that are more

likely to accumulate chromosomal alterations (6). Thus, linking maps of cancer mutations to
disease-relevant phenotypic consequences advances our understanding of cancer biology and
may inform the design of genetically-targeted therapies.

However, genotype-to-phenotype connections are not easily revealed by comparing human
cancers to one another, because any two patient tumors or cell lines typically differ
genetically in too many ways to distinguish the effect of a single mutation or a particular
combination of mutations (7-9). Furthermore, early stages in cancer development are rarely
represented in patient-derived tumors and cell lines (10, 11). One solution, made possible
by recent advances in mammalian genome editing (12, 13), is to use human cell models

to replicate, in an isogenic fashion, the precise multi-mutant genetics, cell lineage, and
stepwise progression of cancer. Such human models have been realized for colorectal
cancer using stem cells and timed withdrawal or addition of mutation-matched growth
factors or chemicals (14, 15). Still, what is needed is an approach that does not depend on
foreknowledge of selective pressures nor on single-cell cloning, thus enabling generalized
multi-mutation modeling of non-stem cells.
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Melanoma provides a prime case in point for multi-mutation cancer modeling. Its genetic
landscape is both well-charted and complex, due to sunlight-induced DNA damage (8, 16—
26). Despite the complexity, nearly all melanomas arising in hair-bearing skin have genetic
alterations in the RB pathway, the MAPK pathway, and telomerase regulation (20, 27).
These three molecular pathways are most commonly dysregulated by inactivating mutations
or loss of CDKNZA, an activating mutation in BRAF, and one of two point mutations in

the TERT promoter, respectively. Melanoma progression is further associated with mutations
in many different pathways, including the PI3K/Akt pathway (mutated in ~25% of thick
melanomas), the p53 pathway (~25% of thick melanomas), and the Wnt pathway (APC
alterations in ~2—-7% and CTNNBI mutations in ~5% of melanomas) (16, 27). Moreover,
melanoma’s cell-of-origin — the melanocyte, a pigment-producing skin cell — is known and
readily grown in culture; primary human melanocytes are amenable to genome editing; and a
single melanoma-associated mutation can undergo positive selection in standard melanocyte
culture conditions (28). Recently, pioneering work has taken the first steps toward genome-
engineered melanoma by introducing inactivating COKNZA and activating (V600E) BRAF
mutations into human melanocytes (28). Taken together, these features make melanoma a
compelling case study for the development of multi-mutation cell models.

Here, we took an engineering approach that leverages advances in genome editing and the
fitness benefit conferred by cancer-associated mutations to generate a collection of multi-
mutation primary cell models, which we characterized molecularly and phenotypically.

Mutation fitness advantage enables multi-step genome editing

We developed a strategy to sequentially introduce different series of cancer-associated
mutations into healthy, differentiated human cells in culture (Fig. 1A). Exploiting the fitness
advantage of cancer-associated mutations (29), we repeatedly selected for desired mutations
at the endogenous gene loci by waiting for the faster-growing mutant cell population to
out-compete non-mutant cells over time in culture, without selection markers or single-cell
cloning. To introduce each precise mutation, we delivered the necessary genome editing
machinery to cells in vitro by electroporation of Cas9 ribonucleoprotein (RNP) complex and
then monitored the mutant allele frequency in the cell population over time in standard cell
culture conditions (30). Once the mutant allele surpassed the non-mutant allele in frequency,
indicating that the mutant cells had outcompeted the non-mutant cells and had become the
predominant population, we introduced the next mutation. We repeated the entire process
multiple times to sequentially introduce up to five cancer-associated mutations per cell
model.

We created a melanocyte genome-editing tree guided by both human melanoma genetics and
technical complexity (Fig. 1B), by sequentially introducing mutations into the RB pathway,
then the MAPK pathway, and then the telomerase regulation pathway through precise
editing of healthy, human melanocytes. We knocked-out COKNZA (‘C’, RB pathway) by
electroporating a genome editing Cas9 RNP targeting the CDKNZ2A locus (exon 2; shared
by both of its protein products p16 and p14; (30). Small insertions and deletions (‘indels’) in
the gene underwent positive selection in culture, reaching 90-95% mutated allele frequency
at day 3 and 98-99% by day 42 (Fig. 1C; mutated allele frequency quantified as percent
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of alleles with an indel; the two top predominant alleles were a 79bp and 53bp deletion
between the guides of pair 1 and 2, respectively, at 88% and 75%). We next introduced the
BRAF V600E mutation (‘B’, MAPK pathway) into ‘C’-edited melanocytes by co-delivering
Cas9 RNP targeting BRAF exon 15 and a homologous DNA donor encoding the V600E
mutation (30). Recombinant adeno-associated virus (AAV) was used to deliver the DNA
donor, to overcome the low editing efficiency of single-stranded oligodeoxynucleotide
donors (<0.25% at day 6, table S1) (31). The BRAFV600E allele frequency increased

from 6% at day 3 to 97% at day 155 in culture (Fig. 1D, reflecting a homozygous population
and likely indicating that two V600E alleles provide a greater fitness advantage than one
allele in this context). Finally, we introduced the TERT —124C>T promoter mutation (‘T’,
telomerase regulation) into ‘CB’ melanocytes, co-delivering a Cas9 RNP targeting 7ERT
exon 1 and a homologous DNA donor encoding 7ERT —124C>T. The frequency of the
—-124C>T TERT mutated allele shifted from 3-5% in the first 30 days in culture to 45%

by day 75, and stayed at 41-50% for more than 300 days of continuous culture (Fig. 1E;
ascertained as predominantly heterozygous, with a small subpopulation of homozygous cells
(30)). Although the more common mutation trajectory in human melanoma may be ‘B’ —
“T" — “‘C’ (18, 27), we opted to engineer the path ‘C* — ‘B’ — ‘T’ to defer the more
difficult, precise genome edits to a stage when the cells would be more cancer-like and
therefore more amenable to editing (32) (the ‘B” — “T° — “C’ order was not attempted,
though prior work has demonstrated the feasibility of engineering ‘B’ as the first mutation
(28)). Engineering the 7ERT promoter mutation was the most technically difficult of the
three mutations, and required testing forty different Cas9 guide sequences to identify a
potent reagent for making double stranded breaks near the 7ERT promoter locus (table S2),
possibly due to the high G:C content or closed chromatin state at this locus (33). We termed
the resulting triple-mutation cells *CBT’ melanocytes.

This first progressive series of mutant melanocyte models addressed whether TERT
promoter mutations turn on 7ERT expression and confer replicative immortality in the
appropriate genetic and cellular context. Indeed, CBT melanocytes showed TERT expression
by gPCR, while CB melanocytes had none (Fig. 1F). Furthermore, CBT melanocytes

grew indefinitely in culture (>1.5 years), while CB cells exhibited morphological signs

of senescence (‘fried egg’ appearance, fig. S1) and stopped dividing by day 100 (Fig. 1E,
black curve and hash mark), by which point the cells had been in continuous culture for
approximately six months since the original thaw of the wildtype, parental melanocytes. We
observed comparable effects on 7TERT expression and replicative immortality with the other
common 7ERT promoter mutation, —146C>T (21, 22) (fig. S2). Thus, either —124C>T or
—-146C>T TERT promoter mutation is sufficient to activate 7ERT expression and confer
replicative immortality upon human melanocytes in the CB genetic context.

As melanoma progression is associated with mutations in many different pathways,
including the PI3K/Akt pathway, the p53 pathway, and the Wnt pathway (16, 27, 34), we
explored the effect of subsequent loss-of-function mutations in PTEN (‘P’), TP53(‘3’), or
APC (‘A), respectively (Fig. 1B). Indels in each of the fourth targeted genes underwent
positive selection in culture, reaching 94-99% mutant allele frequency by at most 70 days,
separately yielding CBTP, CBT3, and CBTA melanocytes (Fig. 1G-I).
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Finally, to explore combinations of melanoma progression mutations, we extended the ‘P’
branch of the editing tree by introducing either the ‘3’ or the ‘A’ mutation (Fig. 1B). Indels
in 7P53rose over time in culture to an allele frequency of 96-98%, to produce CBTP3
melanocytes (Fig. 1J). Indels in APC, to produce CBTPA melanocytes, stayed at a stable
allele fraction of ~75-85% (Fig. 1K) only to later increase to greater than 99% when grown
in vivo in xenograft studies (6 of 6 examined tumors, see below). Upon introduction of
each mutation throughout the editing tree, we observed the expected functional effect on the
relevant molecular pathway, confirming the activity of the genetic mutations (fig. S3).

Our genome-edited tree of human melanocytes demonstrates that the fitness advantage
of cancer-driver mutations can be leveraged to generate progressive multi-mutant models
from primary, differentiated human cells. Overall, we generated melanocytes with up to
five precise mutations in key melanoma pathways, opening the way to investigation of
genotype-to-phenotype relationships during cancer development.

Consecutive mutations produce ordered progression through expression

space in vitro

We related mutations to their expression consequences by profiling cells of each genotype
in the editing tree using single-cell RNA-Seq (sScCRNA-Seq; Fig. 2A, (30)), finding that as
cells harbored increasing numbers of mutations they continuously progressed in expression
space. We profiled cells in multiplex by labeling cells of each genotype with a unique,
DNA-barcoded, cell-surface-protein antibody (cell hashing (35)), followed by pooling all
genotypes to assay all cells in one batch. We retained 11,042 high-quality cell profiles,
with a median of 999 cells per genotype (range: 836-2,360) (30). Genotype-agnostic,
unsupervised embedding of the profiles into a two-dimensional space with uniform manifold
approximation and projection (UMAP) followed the topology of the melanocyte editing
tree (Fig. 2B). Wild-type (WT) cell profiles embedded next to C cell profiles, which were
in turn adjacent to CB cells — all forming one continuum, with partial overlap between
genotypes (Fig. 2B). The CBT cells, while still adjacent to the CB cells, were connected
through a narrow transition, and were primarily embedded in a separate cluster of cells that
included only genotypes with replicative immortality. While CBT3 and CBTP cells were
located on either side of CBT cells, the CBTA melanocytes largely diverged into their own
isolated cluster. Finally, CBTP3 and CBTPA cells mapped near their parental CBTP cells
(in an overlapping manner), rather than close to the CBT3 or CBTA cells with which they
share the 3 and A mutations. These results suggest that as melanocytes acquire sequential
cancer-associated mutations, they follow an ordered progression through expression space.

The progression of mutant melanocytes through expression space coincided with modulation
of expression programs associated with distinct biological processes. We decomposed the
expression profiles of all single cells jointly into expression programs, learned de novo,
using consensus non-negative matrix factorization (c(NMF) (Figs. 2C, S4, S5, (30)) (36). The
seven programs were used by cells across multiple genotypes, capturing both the continuity
of the transitions and shared features between distant genotypes (Fig. 2C). We annotated
each program by its top associated genes, through manual review and gene set enrichment,
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as “Melanocyte”, “Interferon / p53”, “EMT” (epithelial-mesenchymal transition), “Myc /
mTORC1”, “Myc / mTORC1 / Ox-Phos”, and cell-cycle related “S Phase” and “G2 /
Mitosis” (Fig. 2D, tables S3-4, (30)). The “Melanocyte” program was associated with
melanocyte lineage genes such as DCT, RAB32, TYRP1, TRPM1, MITF, and MLANA. It
was most highly enriched in the wildtype, gradually declined in the early mutant genotypes,
and was still expressed, albeit at lower levels and in fewer of the cells, in all of the
quadruple- and quintuple-mutant melanocytes except CBT3 melanocytes. The “Interferon /
p53” program was first activated in C melanocytes, reached its apogee in CB melanocytes,
and was turned off in CBT melanocytes, such that activation of telomerase through the T
mutation leads to a sharp decrease in the program usage. Both interferon and p53 have been
associated with senescence (37-39), which we observed in CB cells in vitro. This pattern

is consistent with cells undergoing stress and telomeric crisis as they age, with telomerase
activation reversing these stressors. The “EMT” program was associated with genes related
to invasive potential (for example, SERPINEZ, TIMP3, FN1, VIM, PMEPAIL, LGALSI) and
was strongly activated in CBT melanocytes, notable for the reported link between 7TERT and
EMT (40, 41). The program was also active in those CB cells that were at the phenotypic
transition, as well as some of the CBT3 and CBTP cells following CBT cells. EMT has
mostly been studied in epithelial cells, and it is unclear how it relates to cell motility and
metastatic capacity in tumors with neural-crest origins such as melanoma (42, 43). The
“Myc / mTORCL1” program was activated in CBTA cells (and in some of the CBT3 cells)
and the “Myc / mTORCL1 / Ox-Phos” program in PTEN mutant cells (CBTP, CBTP3, and
CBTPA). Both cell-cycle programs were used at a higher level in all the genotypes that
included the T mutation and thus possessed replicative immortality (fig. S6), while, among
the cells without the T mutation, “G0” C and CB cells gradually moved away from the more
distinct “G0” of WT cells (fig. S6D). Notably, many of the programs also matched programs
observed in scRNA-seq of human melanoma cell lines (44) (fig. S7). Overall, these results
demonstrate that melanoma-associated mutation combinations activate and repress specific
expression programs that are shared across genotypes and, in some cases, help explain the
overall cellular phenotypes.

Mutation combinations confer distinct, disease-relevant tumor phenotypes

in vivo

We next related multi-mutant genotypes to their tumor phenotypes in vivo by injecting each
immortalized melanoma model into the dermis of immunodeficient mice and assessing for
disease-relevant features (Fig. 3A). CBT melanocytes were malignant in vivo and formed
slowly-growing tumors in xenograft models. Over 67 to 111 days, no primary tumor growth
was detectable (Figs. 3B [n=4], 3C [7=4]: black curves; fig. S8 [7=8]); however, upon tissue
harvest, small nodules were visible at the injection sites. Histologic and immunophenotypic
evaluation confirmed the presence of melanoma cells in these nodules (6 of 6 tumors
examined; figs. S9-12, tables S5-7), with half of the nodules also displaying adjacent
features of a congenital nevus (3 of 6). Over a longer time-course of at least 150 days, a
small tumor (up to 14 mm3) occasionally became apparent at the injection site prior to tissue
harvest (7 of 12 injections, Fig. 3D [7=4], inset: slight uptick of black curve by day 151;
and fig. S13, no growth by day 189 [#7=4]). These small melanocytic tumors were malignant
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by dermatopathologic evaluation (4 of 4 tumors examined; fig. S14, table S8). Thus, in
line with observations in patient melanomas (18), melanocytes with common melanoma
mutations in the endogenous loci of CDKNZA, BRAF, and TERT displayed phenotypic
characteristics of early melanoma.

Three alternative quadruple-mutation branches of the editing tree — CBT3, CBTA, and
CBTP - each had distinct effects on melanoma phenotypes. CBT3 cells did not produce
visible tumors over a period of ~60 days, although by day 69, a few injection sites (3 of

16) began to show small tumors (up to 14 mm3, Fig. 3B: slight uptick of red curve by day
69). In contrast, CBTA cells formed darkly pigmented, macular (flat) growths by day 10 that
advanced to slowly growing, darkly pigmented tumors by day 29 (Fig. 3C). Finally, CBTP
melanocytes formed amelanotic tumors in mice that grew faster than CBT3 tumors but
slower than CBTA tumaors (compare Fig. 3D to Fig. 3B). In all examined quadruple-mutant
tumors, histologic and immunophenotypic features of the xenografted melanoma models
resembled those of patient melanomas (3 of 3, CBT3; 3 of 3 CBTA; 4 of 4, CBTP; figs.
S15-17, tables S6-8). Our findings suggest that, in the setting of mutant CDKNZ2A, BRAF,
and 7ERT, loss of APC causes more potent progression of human melanoma than does loss
of either of the more commonly mutated genes PTEN or TP53.

A fifth engineered mutation led to features of aggressive melanocytic disease. Tumors
formed by CBTP3 melanocytes showed a beyond-additive, increased growth rate compared
to both CBTP and CBT3 melanocytes, highlighting synergy between the PTEN and TP53
mutations (Fig. 3E and compare to Fig. 3B and D at days 67-70, A= 1x107% by two-

sided, modified Welch’s #test (30)). CBTP3 tumors also showed evidence of emerging
tumor heterogeneity with tumors that were mostly amelanotic (like CBTP tumors), but
frequently had contiguous sectors of dark pigmentation of varying size (fig. S18, see

below for an analysis of expression and genetic heterogeneity of these tumors). Tumors
formed by CBTPA melanocytes had the fastest growth rate of all the engineered melanoma
models (Fig. 3F), with mice that had received CBTPA melanocytes requiring euthanization
by day 36 due to primary tumor burden. Like CBTA tumors, and unlike CBTP tumors,
CBTPA tumors were uniformly darkly pigmented (Fig. 3F, fig. S18C). This is in line with
phenotypes of deep penetrating nevi (DPN) and DPN-like melanomas, where Wnt pathway
mutations have been associated with increased pigmentation ((34). Both quintuple-mutant
genotypes resembled patient melanomas by histologic and immunophenotypic features (4 of
4, CBTP3; 4 of 4, CBTPA, figs. S19-20, tables S9-10).

Metastatic propensity was also associated with tumor genetics. CBTP tumors yielded a
small number of lung metastases by day 151 (Fig. 3G), while CBTA cells metastasized

to both the lung and liver (two common sites of melanoma metastasis) by day 111 (Fig.
3G,H), as well as to other organs (fig. S21). Tumors formed by CBTPA melanocytes readily
metastasized to visceral organs, with numerous metastases visible in the lungs and liver

by day 36 (Figs. 3G,H and S22), and caused rapid-onset weight loss, apparent a few days
after xenograft injection (Fig. 3I), all characteristics of aggressive disease. Together with
our observations of metastasis in the CBTA model (Figs. 3G,H and S21), our findings point
to loss of APC as an important cause of metastatic disease in this genetic context. This is
likely attributable to Wnt pathway activation, whose role in melanoma metastasis has been
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an open question (26, 45-47). The CBTPA melanocyte model also shows that as few as five
mutant genes are sufficient to produce aggressive, metastatic, human melanoma, at least in
an immunodeficient host.

To test for the possibility that additional mutations had accrued during the process of
engineering and cellular proliferation, we sequenced the genome of a CBTPA tumor and
compared it to the parental, wildtype melanocyte genome to identify somatic events. We

did not find mutations of apparent in vivo phenotypic consequence beyond those we had
introduced. Notably, we did identify a clonal, two-fold tandem duplication of the melanocyte
lineage transcription factor M/TF (table S11, fig. S23, (30)) — a gene amplified in 5-10%

of melanomas (8, 24, 48) — but it had no major, observed phenotypic consequence (see

(30)). The spontaneous duplication of a gene frequently amplified in melanoma underscores
the similarity of our cell models to melanomas arising in humans. We identified no further
somatic alterations of known cancer association, with no additional chromosomal segment
amplifications or deletions (fig. S23), only 12 clonal, non-silent somatic point mutations (not
including engineered mutations; table S12, figs. S24-28), and only one structural variant
(deletion of R/C8B, table S11). These findings reduce the possibility that spontaneous,
unplanned mutations explain the phenotypic differences observed between our engineered
model genotypes; however, in the absence of deep sequencing of all model genotypes at the
time of their phenotypic characterization, contributions from such mutations cannot fully be
excluded.

Taken together, our results establish causal relationships between disease characteristics and
six different combinations of melanoma mutations in human melanocytes and demonstrate
that genome-edited melanocytes recapitulate important aspects of tumor development in
vivo.

Genotype-driven intrinsic tumor cell expression programs in vivo

To assess the in vivo cellular phenotypes caused by melanoma mutation combinations,

we next performed scRNA-Seq on tumors from our xenografts (Fig. 4A; (30)). Because
each tumor consists of an intricate ecosystem of melanocytic tumor cells (of human

origin) along with stromal and immune cells within the tumor microenvironment (of
mouse origin), we investigated the effects of mutations on different cell types separately.
We first computationally distinguished tumor cells as those cells whose sequencing reads
predominately mapped to the human genome (fig. S29, (30)). For tumor cell analysis, we
retained 26,964 high-quality tumor cells, with a median of 1,609 (range: 31-4,999) cells per
sample across three replicate tumor samples of each of CBTP, CBTA, CBTP3, and CBTPA
tumors grown in mice for approximately 1-2 months and two replicate tumors for CBTP
tumors grown for approximately 6 months (fig. S30, table S13; (30)).

The expression profiles of mutant melanocytes isolated from in vivo tumors grouped
predominantly by genotype. In a genotype-agnostic, unsupervised two-dimensional UMAP
embedding of the profiles, melanocytes from two-month-old CBTP, CBTA, and CBTPA
tumors formed one cluster per tumor (Fig. 4B). Melanocytes from CBTP3 tumors formed
two clusters per tumor, and melanocytes from the six-month-old CBTP tumors formed
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either two or three clusters per tumor (Fig. 4B). In addition, hierarchical clustering of the
UMAP cell clusters by the Pearson correlations of their mean expression profiles showed
that cell clusters from CBTA and CBTPA tumors were mostly grouped by genotype, while
six-month-old CBTP and CBTP3 tumors are partitioned into two clades, one of which

was particularly distinct (fig. S31). To assess whether spontaneous genetic changes could
be driving the emerging within-sample clusters, we inferred chromosomal copy humber
alterations (CNAs) from single-cell expression profiles, as previously demonstrated for
human tumors (49) (fig. S32). If CNA acquisition was the initiating event for formation of
supernumerary within-sample clusters, then each supernumerary cluster should demonstrate
unique and clonal CNAs. This was the case for CBTP3 tumor clusters (fig. S32), but not
for the within-sample clusters of six-month-old CBTP tumors, which did not show CNAs
(fig. S32). (Note that most of the CBTP3-specific CNAs were not common patient-derived
melanoma CNAs, though they could include genes often mutated in melanoma patients (16,
24, 27).) Thus, while engineered genotype was the main driver of expression differences
between models in vivo, sub-populations of expression states emerged either with time
(six-month-old CBTP tumors) or more rapidly as a consequence of additional genotype
changes (CBTP3 tumors).

We identified eight expression programs as active in mutant melanocytes in vivo and used
by cells across multiple genotypes (Figs. 4C and S33, (30), (36)), which we annotated as
“Ribosomal”, “Ox-Phos”, “Interferon / TGFB”, “EMT”, “p-catenin / M/TF’, “Interferon /
TNFa / Hypoxia”, “Protein secretion”, and “Cell cycle” based on the top genes and gene
sets associated with each (Fig. 4D, tables S14-15, (30)). The programs “Ox-Phos” and
“B-catenin / MITF’ (also associated with 7TRPM1, CCND1, TYRPI, MLANA, and CDH1
(E-cadherin)) were mostly used by tumors with Wnt pathway activation (APC mutation).
The “Interferon / TGFR”, the “Interferon / TNFa / Hypoxia™, and the “EMT” programs were
associated with tumors with p53 pathway inactivation (7253 mutation). Furthermore, the
“Interferon / TGFR” program predominantly characterized cells from a single within-sample
cluster in each of all the CBTP3 and six-month-old CBTP tumors (described earlier; with
only one CBTP3 cluster having the aforementioned clonal CNAs; Fig. 4B,C, “Program

3"), suggesting that these clusters reflect a shared inflammatory expression state, despite
their tumor and genotype differences. Most in vivo programs were similar to one or

a combination of programs observed during in vitro culture, as judged by overlap of

top associated genes (Figs. 2C,D and 4E), consistent with a largely cell-intrinsic origin;
however, incomplete overlaps and differences between program usages may also reflect
interactions with the microenvironment.

Genetically-linked, tumor expression programs are shared with patient

melanoma tumors with matching genetic associations

As shown above, expression programs identified in mutant melanocytes in vivo matched
known programs seen in patient melanomas with corresponding genetic associations.
Previous studies identified three cancer-cell gene expression programs in bulk mRNA
expression profiles of patient melanomas (16): (i) a MITF-low program (24, 50) associated
with low expression of M/TF, (ii) an OxPhos program associated with genes involved in
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oxidative phosphorylation and differentiated melanocytes and with low levels of hypoxia-
associated genes, and (iii) a less-well-defined Common program shared by MITF-low and
OxPhos tumors and associated with increased expression of M/TFand interferon signaling
genes. The “Ox-Phos” and “B-catenin / M/TF’ in vivo programs (highly used by the darkly
pigmented CBTA and CBTPA tumors) showed substantial overlap of top genes with the
OxPhos program from patient melanomas, which was itself enriched in patient tumors with
mutations in Wnt pathway genes and high levels of pigmentation (Fig. 4F, Fisher’s exact
test, top 50 associated genes, A= 1x10715 and 7x1077, respectively) (16), thus matching
the molecular program, its genetic association, and tumor phenotype. Similarly, the “EMT”,
“Interferon / TGFB”, and “Interferon / TNFa / Hypoxia” in vivo programs (highly used

by CBTP3 and six-month-old CBTP tumors) shared top genes with the patient melanoma
MITF-low program (P= 4x1078, 7x10~7, and 2x10~4), which was itself enriched in patient
tumors with 7P53 mutations (Fig. 4F) (16). Finally, the “Ribosomal” in vivo program,
mostly used by two-month-old CBTP tumors and not observed in vitro, overlapped with the
Common program from patient melanomas (2= 7x1077), suggesting it captures expression
features present in patient samples, but also shared top genes with “Interferon / TGFB” and
“Ox-Phos” (P= 1x107° and 2x10~%), two in vivo programs that overlapped both MITF-low
and OxPhos patient melanoma programs, respectively (Fig. 4F).

Moreover, in engineered melanocyte cells from in vivo tumors, the individual activities of
the patient melanoma programs OxPhos and MITF-low (derived from bulk tumors) closely
matched those of the combined in vivo single cell programs: (i) “Ox-Phos”, “B-catenin /
MITF’, and “Protein secretion”, and (ii) “EMT”, “Interferon / TGFB”, and “Interferon /
TNFa / Hypoxia”, respectively (Fig. 4G). Furthermore, usage of the OxPhos and MITF-low
programs in our models showed intratumoral heterogeneity (Fig. 4G, right column), as

has been observed in SCRNA-seq of patient melanomas (with programs comparable to
those identified here, fig. S34) and in cell lines (49). Overall, our engineered melanocyte
models recapitulate the expression states and genetic associations in patient melanomas and
suggest the expression programs described to-date in patient melanomas are a composite

of coincident, biologically-distinct programs that are not just associated with specific gene
mutations, but rather are caused by them, albeit with intratumoral variation.

Tumor genotypes shape the composition and expression state of

infiltrating stromal and immune cells

Next, we estimated the impact of malignant cell genotype on the tumor microenvironment
by analyzing the scRNA-seq profiles of 13,332 mouse cells (median cells per sample:

576, range: 88-4,043) across all tumors (Fig. 5A, (30)). The cells spanned immune cell
types (neutrophils, dendritic cells, plasmacytoid dendritic cells, M1 macrophages, and M2
macrophages), as well as endothelial cells, epithelial cells, pericytes, and cancer-associated
fibroblasts (Figs. 5B and S35), which we annotated by marker gene expression (fig. S36—
39, (30)). (T, B, and NK cells are absent, as expected in these immunodeficient NOD.Cg-
Prkdcsc@ [2rg"mIWjliSz) (NSG) mice.) As observed in patient tumors (49, 51), profiles
from profiles from cells of the microenvironment primarily grouped by cell type (Fig.

5B). We observed tumor age-related changes in cell composition among cancer-associated
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fibroblasts, which shift from more balanced ratios of ‘contractile’:”’immunomodulatory’
expression phenotype populations in two-month-old tumors to 97-98% of fibroblasts having
the contractile phenotype in six-month-old CBTP tumors (Fig. 5C), in line with prior
observations (52).

Melanocyte genotype altered the cellular composition of the tumor microenvironment (Fig.
5C), most notably neutrophils, known to be associated with poor early-stage melanoma
prognosis (53). Neutrophils comprised ~40% of the tumor microenvironment cells in
CBTA and CBTP3 tumors on average, but were nearly absent from CBTP tumors of any
age and comprised only ~2% of the microenvironment cells in CBTPA tumors (which

are also the tumors grown in mice for the shortest time, due to their fast growth rate)

(Fig. 5B,C and figs. S30, S35B, S40; family wise sign error rate [Bayesian proxy for
family-wise error rate controlled p-value] < 0.01 for comparisons of CBTA or CBTP3 vs.
CBTP (2mo. or 6mo.), hierarchical Bayesian multinomial logistic mixed effects model,
(30)). The differences in neutrophil infiltration between tumors sharing many of the same
mutant genes underscore the importance of mutation combinations in shaping the tumor
microenvironment. We hypothesize that neutrophil infiltration in individual tumors may be
due to differences in tumor-immune cell communication. Supporting this hypothesis, the
melanocytes from the two CBTA tumors and one CBTP3 tumor with highest neutrophil
infiltration (CBTA rep. 1 and 2, CBTP3 rep. 1, fig. S35B) expressed the chemoattractant
CCLZ known to attract and activate neutrophils (fig. S41A) (54). Notably, neutrophils

in CBTA and CBTP3 tumors also displayed shifts in distribution across different cell
states, partly tracking with genotype (Figs. 5D-F, S35). Neutrophils from the two CBTA
tumors with highest neutrophilic infiltrate were associated with an expression program
previously observed in tumor-infiltrating and tumor-promoting neutrophils (N5), while
CBTP3-infiltrating neutrophils in the most enriched replicate (rep. 1), expressed programs
that resembled the expression state of healthy-tissue neutrophils (N1, N3) (55) (Figs. 5D-F,
S35 and S41B).

Melanocyte genotype also influenced the cellular state of some of immune cells in the tumor
microenvironment. Examining each cell type for genotype-associated expression differences,
we observed that macrophages from different tumor genotypes grouped in genotype-related
patterns (Fig. 5G). While M2 macrophages, most prominent in CBTA tumors, did not show
clear tumor genotype-specific expression changes, M1 macrophages preferentially activated
three different expression programs depending on tumor genotype (Figs. 5H-I, S41C and
tables S16-17): (1) a “Complement / Ribosomal” program, enriched in ribosomal protein
genes and a subset of complement component genes (C1ga, C1gb, C1gc), reported to
increase in response to apoptotic cells and during macrophage polarization toward the M2
phenotype (56, 57); (2) a “S100 / Interferon” program, enriched in genes related to TNFa
response via NF-xB (for example, Cebpb, Atf3), interferon response (for example, /fitm1
and /fitm?3), and S100 calcium-binding cytosolic proteins (for example, S100a4/6/10/11);
and (3) a “Metabolism / Lgals” program enriched in genes involved in cellular metabolism
(for example, Aldoa, Ldha)and cell-cell interactions such as LgalsI or Lgals3, also involved
in immunoregulatory functions (58). CBTP tumor M1 macrophages primarily expressed

the “Complement / Ribosomal” program (Fig. 51), while M1 macrophages from CBTPA
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tumors mostly expressed the “Metabolism / Lgals” program. Lastly, CBTP3 tumors had
macrophage distributions matching either the CBTP (CBTP3 rep. 1 and 2) or CBTPA
(CBTP3 rep. 3) patterns (Fig. 51), perhaps due to the genetic heterogeneity (CNAs, fig.

S32, (30)) seen between CBTP3 tumors. Finally, M1 macrophages from CBTA tumors
predominantly expressed either the “S100 / Interferon” program or the “Metabolism /
Lgals” program. M2-scoring cells lie in proximity to M1-like cells scoring highly for

either the “Complement/Ribosomal” or “Metabolism / Lgals” programs, suggesting possible
alternative paths from M1 to M2 in tumors from different genotypes, based on which of
these two programs are used.

Overall, these results show that tumor mutation combinations shape not only the cellular
composition of the tumor microenvironment, but also the cellular state of individual cell
types that comprise it.

Tumor histological features are genotype-specific and coincide with

genotype-associated expression programs in patient melanomas

We examined the association between the genotype of mutant melanocytes and microscopic
tumor appearance by assessing if genotype can be predicted from histopathological images
alone, indicating a relation between the two. To this end, we trained a convolutional neural
network model (59) on hematoxylin and eosin (H&E) stained tumor sections of our mutant
melanocytes grown as in vivo mouse xenografts, supervised by genotype (Fig. 6A). We
then applied the model to predict the probability of each genotype on a per-tile (2048 x
2048 pixels) basis, and combined the predictions (summing per-tile probability vectors in

a tumor section and selecting the genotype with maximum probability) to call an overall
genotype (CBT, CBT3, CBTA, CBTP, CBTP3, or CBTPA), if there was sufficient prediction
certainty (Fig. 6B; entropy of probability vector < 0.2, (30)). We trained on 56 of the whole
microscope slide images (37%, corresponding to 5,533 tiles) and tested on 94 (63%, 16,118
tiles) (ensuring that no mouse contributed images to both the training and test sets).

The model classified 76% of sections and had high accuracy (Fig. 6C, area under the curve
(AUC) range 0.89-1.00, compared to an AUC of 0.50 resulting from the null model whose
predictions are random (30)), with perfect assignment for CBT, CBT3, CBTA, and CBTPA
tumor sections (Fig. 6D), possibly reflecting the within-genotype histological homogeneity
of these models. The most common misclassification was between CBTP and CBTP3
tumor sections (28% of CBTP sections were classified as CBTP3, and 3% of CBTP3
sections were classified as CBTP), suggesting overlap in histopathological features between
these tumor genotypes (Fig. 6D). This may be consistent with the observed expression
similarity between these malignant cells in vitro (Fig. 2B) and in vivo (fig. S31). Together,
these findings show that mutant melanocyte genotypes give rise to distinguishable tumor
histologies.

We then asked whether the distinguishable tumor histologies of our melanoma models

were reflected, to any extent, in patient melanomas. To this end, we tested whether the
neural network model trained on our genetically-distinct xenograft tumors (Fig. 6A) showed
any predictive signal on patient melanoma histology. We first used the model to classify
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histological slides of patient melanomas by our six genome-engineered genotype labels
(CBT, CBT3, CBTA, CBTP, CBTP3, or CBTPA) and then grouped all genotype labels
containing a given mutation to produce a proxy score (sum of probabilities of genotypes
containing the mutation) for loss-of-function mutation status of APC, TP53, or PTEN in
patient melanomas (24, 30). Inference of APC loss-of-function status resulted in an AUC
of 0.58 (APC or CTNNBI mutations, grouped together to increase number of tumors).
However, the 95% confidence interval (ClI, (30)) included random prediction: 0.49-0.66,
Fig. 6E), hence, the result was not statistically significant. Inference of 7P53or PTEN
mutations approached random prediction (AUC: 0.52, 0.53, close to random prediction,
and 95% C1 0.44-0.59, 0.44-0.61, respectively, Fig. 6E, mutation annotations as in (16)).
Despite lacking statistical significance, the AUC for predicting mutations in the Wnt
pathway was within the range of reported results from models trained and tested on patient
melanoma histopathology (APC AUC: 0.44-0.66, CTNNBI AUC: 0.52-0.64, 7TP53 AUC:
0.59-0.62, PTEN AUC: 0.44-0.66 (60, 61)).

Because not all patient melanomas with Wnt pathway or 7P53 mutations are readily
identifiable as such, we next used expression programs previously associated with Wnt
pathway or 7P53 mutations as biomarkers for the mutations themselves or their functional
effects (16). The model showed a statistically significant ability to predict expression
programs associated with either the Wnt pathway (OxPhos program, AUC: 0.74, 95% ClI
0.67-0.81) or 7P53 mutations (MITF-low and Common programs, AUC: 0.63, 95% ClI
0.56-0.70) (Fig. 6E). We corroborated these findings by verifying that our model did not
exhibit predictive power on “wrong”, genotype-mismatched, labels (for example, by using
APC loss-of-function predictions to predict which tumors express expression programs
associated with 7P53 mutations) (fig. S42A).

Our result of a model trained on histopathology of genome-engineered melanocytes

grown in mice that can at all predict genotype-associated expression programs of patient
melanomas, from histopathology alone, is striking given the genetic complexity and
heterogeneity of human melanomas. Our results suggest that genotype-associated expression
states are reflected in the histopathological features of human melanomas, and elements of
these features are shared between our engineered-melanocyte models and melanomas arising
in patients.

Discussion

We have shown that the same fitness advantage by which cancer mutations drive clonal
expansions in human tumorigenesis can be harnessed to generate multi-mutant models of
cancer from primary human cells in a stepwise manner. By avoiding single-cell cloning,

this model-building strategy is applicable to cancers arising from differentiated cells, which
may not have sufficient replication potential to grow to large populations from a single cell.
Because no selection markers are introduced, there is no exogenous DNA that could alter
gene regulation or function. As a result, the genome-edited cell models are amenable to
selection-marker-based experiments, including comparative molecular studies, genome-wide
genetic screens (62—65), and pooled genetic perturbations, including those with high content
readouts (66, 67). Applying such approaches in a human context with matched genetic
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controls may be of particular utility for discovery of therapeutic targets that could escape
identification in non-human models due to interspecies differences or in human cell lines or
patient-derived xenografts due to extensive inter-sample genetic differences. The phenotypes
we report are a product of one particular order of mutations; however, the editing strategy
lends itself to modeling alternative sequential ordering of mutation combinations in future
studies. Overall, the step-wise, multi-mutant, genetically-precise nature of these human cell
models enables study of genotype to phenotype relationships in a context that approximates
several defining features of human cancer pathogenesis.

The importance of studying combinations of mutations when linking cancer genotype to
phenotype is highlighted by our observation of how a given single mutation’s effect depends
on genetic context. For example, CBTPA and CBTP3 melanocytes in vitro were more
similar in expression to CBTP melanocytes than to CBTA or CBT3 melanocytes, suggesting
that PTEN loss modulates the effect of APCand 7P53loss on gene expression. In another
example, 7P53mutation produced different effects depending on which other mutations
were present: CBT3 melanocytes in vivo did not form sizable primary tumors, but CBTP3
tumors grew faster than CBTP tumors, reflecting an interaction between PTEN and 7P53
mutations (68) (though no significant association between these two mutations has been
noted in patient melanomas (16, 24, 69)). These non-additive effects also extend to the
tumor microenvironment. For example, the abundance of neutrophils in CBTA and CBTP3
tumors and their absence or near absence in CBTP and CBTPA tumors was not attributable
to a difference in a single mutation, since the two tumor groups shared many mutations.
Future studies can explore the impact on therapeutic response of the complex genetic
interactions apparent in these melanoma models in cell-intrinsic (tumor cell) and extrinsic
(microenvironment) ways, especially because resistance to targeted therapies often cannot
be explained by single gene mutations (70, 71). Genetic epistasis makes understanding the
mutational landscape of human cancer a combinatorial problem whose dissection requires
modeling strategies that can scale to multiple mutations, like the one presented in this study,
along with appropriate analytics.

Several challenges in melanoma research can be approached using our genetically-precise
human models. First, our models can help shed light on the molecular basis of metastasis
(71). No mutation has been conclusively linked to metastasis in melanoma (26, 27), and
the role of the Wnt pathway is debated (26, 45-47). Our human models establish a causal
link between an activating mutation in the Wnt pathway (through genetic inactivation of
APC) and metastasis, markedly bolstering complementary lines of evidence for the role

of Wnt in melanoma metastasis, most notably two mouse models (43, 72) and genetic
evidence from a single patient (4). Our observations that APC mutations undergo positive
selection in culture suggests metastasis-driving mutations may confer a fitness advantage
even within the primary tumor, which would explain why metastasis-specific mutations
have not been seen in melanoma (26, 27). Moreover, our metastatic melanoma models
reproducibly develop spontaneous metastases with short latency, addressing a recognized
challenge in animal models where rapid growth of primary tumors might not allow for time
to develop metastases (71). This growth pattern makes CBTA and CBTPA cells tractable
systems for studying key intrinsic and extrinsic factors in metastasis, in addition to allowing
direct comparison of primary tumor and paired metastases. While efforts to drug the Wnt
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pathway in cancer have yet to enjoy marked clinical success, our well-characterized and
genetically precise human metastatic melanoma models may motivate and equip efforts to
reveal melanoma-specific Wnt vulnerabilities amenable to therapeutic intervention against
metastasis, the most lethal aspect of malignancy (73).

Another major challenge in melanoma is understanding response and resistance to
targeted therapies (71, 74), such as BRAF and MEK inhibitors (75), where known
genetic mechanisms explain approximately 60% of resistance (70). While tumor cell gene
expression programs are also thought to drive resistance (76), models of these programs
are needed (71, 74). Our human melanoma models recapitulate the MITF-low expression
signature that is associated with drug resistance (77), demonstrate varying degrees of its
presence across different genetic backgrounds (all sharing the BRAF V600E activating
mutation), and link it in part to 7P53inactivation. The models may therefore be useful

to examine the effect of combinations of mutations and their expression states on drug
response and resistance. Additionally, precise isogenic models allow for well-controlled
chemical and genomic knock-out screens that may reveal approaches for disfavoring the
resistance-associated gene expression program.

In the context of understanding the immune response and the role of age or environmental
exposures (71), while our models do not capture the adaptive immune system, we have
linked precise melanoma mutations to changes in innate immune cells within the tumor and
provide a genetically-controlled system for further study. Future studies may explore the
integration of our models into systems that recapitulate human tissue interactions, such as
three-dimensional skin (78) or skin organoids (79), the implantation of our cells in mice of
different ages, or their exposure to UV radiation.

Lastly, the approach we present here opens the door to the creation of a broader set of
human cellular cancer models for melanoma research. For example, the editing tree can be
expanded to characterize the molecular and phenotypic consequences of other mutations
commonly identified in patients but still poorly understood, such as those in AR/DZ2in

the SWI/SNF pathway (8, 23). Furthermore, melanocytes from different bodily locations
and developmental stages (known to impact melanocytes’ expression states (80)), and from
donors of both sexes, different genetic backgrounds or skin tones can be used as alternative
starting points. While we opted to engineer neonatal, foreskin-derived melanocytes as they
are the most commonly used experimental human melanocytes, these can be compared in
the future to models generated from different types of melanocytes. Finally, the same editing
approach can be applied to generate human models of uveal, acral, and mucosal melanoma,
diseases for which precise cellular models are still lacking and targeted therapies are still not
available (71). Though precisely engineering the chromosomal amplifications and deletions
that typify the latter two subtypes may be more challenging (81), an editing approach such
as the one described here enables efficient testing of candidate driver genes both individually
and in combinations, a known need (71).

Step-wise genome editing of human primary differentiated cells can convert genetic
maps of cancer into genotype-phenotype understanding, as we demonstrated here using
a series of progressive human models of melanoma development. The isogenic cellular
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models and their associated in vitro and in vivo single-cell expression profiles and
histopathology images are a resource of multiple melanoma genotypes, including early
melanoma precursors that are notoriously difficult to obtain from patient-derived sources
(26). Genome-edited human models advance knowledge of the genetic basis of human
malignancy by ascribing causation of malignant phenotypes to defined sets of genetic
alterations and allowing for their further study in isogenic human models of disease.

Materials and methods summary

Engineered melanocytes

Genome engineering was performed on primary human epidermal melanocytes derived from
the foreskin of a neonatal, lightly pigmented male (ThermoFisher Scientific, Cat. C0025C,
donor 1583283; classified as non-human subjects research by Broad Institute Office of
Research Subject Protection (ORSP-1487)), which were cultured at 37°C, 5% CO», and

5% O in M254 medium supplemented with HMGS-2 melanocyte growth supplement, with
medium and cells from ThermoFisher Scientific. Cas9 protein, tracrRNA, and guides were
purchased from IDT and prepared according to manufacturer instructions. Electroporation
was performed using the P3 Primary Cell Nucleofector Kit and Nucleofector 4D System
from Lonza. Recombinant adeno-associated virus (AAV) was used to deliver a donor DNA
template for precision editing.

Mouse xenografts

Female NSG mice (4-6 weeks old) received two intradermal injections, one in each
flank. Tumor size and body weight were assessed twice per week. All procedures were
performed under Massachusetts Institute of Technology Committee for Animal Care
protocol 0036-01-15.

Single-cell RNA-seq

Cells grown in vitro were processed with 10x Genomics Single Cell 3’ v3, with hashing
generated as described previously (82). For in vivo expression profiles, single cells were
dissociated from a cube excised from the center of each xenograft tumor, and cells were
processed with 10x Genomics 3’ v2. Expression programs were identified using consensus
non-negative matrix factorization (c(NMF) as implemented in the cNMF package from (36).

Histopathology and machine learning

Paraffin-embedded tumors were sectioned multiple times, H&E stained, and imaged,
yielding 150 whole-slide images (WSI) from 52 blocks. WSI were processed to obtain

tissue patches, a fraction of which were used as input for a two-stage convolutional neural
network based on previous work (59). Testing was performed on non-training patches and on
melanoma patient samples from TCGA, processed with the same pipeline.

Additional and more detailed materials and methods are available in the supplementary
material (30).
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Fitness advantage of cancer-driving mutations enables the creation of a progressive
series of genome-edited, human cancer models.

(A) Experimental approach for introducing sequential melanoma mutations into the
genomes of primary human melanocytes using CRISPR/Cas9. RNP: ribonucleoprotein.
AAV: adeno-associated virus. (B) Editing tree. The nine isogenic models of melanoma
generated (boxes), the perturbed genes in each model (inside box), the genotype
abbreviation (beige boxes), and the molecular pathway dysregulated by the most recent
genome edit (red text). (C-E) Sequential introduction of first three mutations by CRISPR/
Cas9 genome editing of wild-type (“WT’) melanocytes. (C) First mutation: CDKNZA (‘C’).
(D) Second mutation: BRAF (‘B’). (E) Third mutation: 7TERT (‘T’). TERT editing confers
replicative immortality to CB melanocytes. Allele frequencies of each engineered mutation
(v axis) shown over time (x axis). #: measurement of allele frequency discontinued due to
cell senescence. (F) Addition of the —124C>T TERT promoter mutation activates TERT
expression. Mean of log 10 number of 7ERT and p-actin (ACTB) transcripts () axis)
measured by gPCR in CB (black) and CBT (red) cells. Error bars: SD. n=3. *: p < 0.01,
one-tailed, one-sample Student’s #test. (G-I) Introduction of fourth mutation into CBT
melanocytes. (G) Allele frequencies of knockout of PTEN (‘P’), (H) knockout of 7P53
(“3%), and (1) knockout of APC (‘A”). (3-K) Introduction of fifth mutations into CBTP
melanocytes (J) Allele frequency of knockout of PTEN and (K) knockout of 7P53. Allele
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frequencies () axis) shown over time (x axis), as assessed by indels in the respective loci in
genomic DNA.
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Figure 2. Consecutive mutations produce ordered progression through expression space and
activate shared expression programs.

(A) Experimental overview to profile gene expression in parallel from cells from nine
engineered genotypes with hashed sScRNA-seq. (B) Gradual progression of cell states with
genotype. UMAP embedding of melanocyte scRNA-seq profiles (dots) colored and labeled
(boxes) by genotype (legend). Arrows follow the editing tree (as in Fig. 1B). (C) Expression
programs. UMAP embedding as in (B) colored by per-cell relative usage (color bar) of

each of seven expression programs identified by consensus non-negative matrix factorization
(cNMF). (D) Programs reflect key processes and vary across genotypes. Top: Distribution
of relative program usages () axis) in single cells of each genotype (x axis, color legend).
Middle: Aggregate (pseudo-bulk) expression (Z-score of expression (/og. of transcripts per
10,000 reads, TP10K), color bar) and percent of expressing single cells (white circles) of the
15 top program-associated genes (rows) per genotype (columns). Bottom: Ranked lists of
gene sets (MSigDB Hallmark (83)) enriched in each program (Mann-Whitney U test, False
Discovery Rate (FDR) < 5x1074, * FDR < 1075, ** FDR < 10712),
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Figure 3. Mutation combinations confer diverse, disease-relevant phenotypesin vivo.
(A) Experimental approach to identify disease-relevant phenotypes caused by engineered

mutations in vivo. (B-F) Primary tumor growth of xenografted mutant melanocytes in

NSG mice compared to CBT or CBTP control parental cells, as shown, that received non-
targeting Cas9 RNP: (B) CBT3, (C) CBTA, (D) CBTP, (E) CBTP3, and (F) CBTPA cells.
Top panels: tumor size (mm3, yaxis) over time (days, x axis) following two intradermal
injections, one in each flank. /z number of tumors. Bottom panels: representative images

of (shaved) mice harboring mutant cells as marked. Ruler with large, numbered marks in
centimeters for scale. (G, H) Loss of APC promotes frequent distant metastases. Average
number of individual metastatic foci per section (symbols) of lung (G) or liver (H) tissue

in a histologic slide () axis, counted manually) obtained from a single mouse injected with
a mutant cell line (genotype indicated by color) and collected after the indicated number

of days (xaxis). Each slide had an average of three lung sections and two liver sections,
each from a different lobe. (1) Injected CBTPA melanocytes cause rapid weight loss in mice.
Percent of initial mouse weight () axis, determined after subtracting primary tumor weights
(estimated at 1g/cm3) from measured mouse weights) over time (x axis, days). 7z number

of mice. Data in (G, H) are from the four independent experiments in (C-F). # two CBTA
mice, one from each guide group, were sacrificed for histological inspection. ## one CBTPA
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mouse was euthanized due to primary tumor ulceration. * p< 0.01, NS not significant,
two-tailed, two-sample Student’s £test.
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Figure 4. Genome edited melanocytic tumors share expression programs with patient

melanomas, with matching genetic associations.

(A) Experimental approach to profile gene expression from tumor cells from xenografts
with scRNA-seq. (B) Intra- and inter-genotype variation of cancer cell states in vivo.

UMAP embedding of engineered melanocyte sScRNA-seq profiles (dots) colored and labeled

(boxes) by genotype and replicate (legend). #: CBTP rep. 3 is a mixture of four tumors
from two mice; all other replicates are from a single tumor. (C) Expression programs.
UMAP embedding as in (B) colored by per-cell relative usages (color bar) of each of
seven expression programs identified by cNMF. (D) Programs reflect key cellular processes
that vary in usage across genotypes. Top: Distribution of relative program usage () axis)
in single cells of each genotype (xaxis, color legend). Middle: Aggregate (pseudo-bulk)
expression level (Z-score of expression level (logy(TP10K)), color bar) and percent of
expressing single cells (white circles) of the 15 top program-associated genes (rows) per
genotype (columns). Bottom: Ranked lists of gene sets (MSigDB Hallmark (83)) enriched
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in each program (Mann-Whitney U test, FDR< 1073, * FDR < 10710, ** FDR < 10729). (E)
Correspondence of in vivo and in vitro programs. Significance of overlap (—-log;g(o-value),
Fisher’s exact test, colorbar) of top 50 associated genes between in vivo (rows) and in vitro
(columns, as in Fig. 2) programs. Only overlaps with p-value < 1072 are shown to account
for multiple hypothesis testing. (F) Correspondence of in vivo programs and programs

in patient melanomas (16). Significance of overlap (-logio(p-value), Fisher’s exact test,
colorbar) of top 50 associated genes between in vivo (rows) and patient (column) programs.
Only overlaps with p-value < 1073 are shown to account for multiple hypothesis testing.
Associations of expression programs with either p53 or Wnt pathway gene mutations are
noted. (G) Similar usage of melanoma (16) and in vivo model programs across in vivo
melanoma model single-cell profiles. UMAP embedding (as in B), colored by per-cell
relative usage of patient melanoma expression programs (right) or sums of relative usages of
in vivo melanocyte expression programs (left).
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Figure 5. Tumor genotype shapestumor microenvironment composition.
(A) Experimental approach to profile gene expression from mouse cells in tumor xenografts

with scRNA-seq. (B,C) Remodeling of the tumor microenvironment cellular composition
by cancer cell genotype and duration in mouse. (B) UMAP embedding of tumor
microenvironment sScCRNA-seq profiles (dots) colored by genotype and replicate (legend),
and labeled by cell type. #: CBTP rep. 3 is a mixture of four tumors from two mice, whereas
all other replicates are from a single tumor. (C) Mean (bar) and individual (dots) percent
(yaxis) of tumor microenvironment cells of each type (xaxis) in each genotype (color).
(D-F) Diversity of neutrophil expression programs in tumors of different genotypes. (D)
UMAP embedding of neutrophil single cell profiles (dots) from specific tumor genotypes
(color) and all other genotypes (gray). (E) UMAP embedding of neutrophil profiles (as in
D) highlighting only the neutrophils in CBTA and CBPT3 tumors colored by per-cell score
of neutrophil expression signatures, N5 (associated with tumor growth) and N1IN3 (more
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similar to circulating and healthy-tissue neutrophils); signatures previously described (55).
(F) Distribution of per-cell neutrophil expression program score () axis) in neutrophils from
CBTA (green) and CBTP3 (blue) tumors. p-value < 0.001 (N5), p-value < 0.001 (N1N3),
Kruskal-Wallis rank sum test, df = 5. (G-I) Impact of tumor genotype on macrophages
expression programs. (G,H) UMAP embedding of M1 and M2 macrophage single-cell
profiles (dots), colored by specific tumor genotypes (G), or by per-cell relative usage of
macrophage gene expression cNMF programs (H). (I) Fraction of cells (xaxis) with the
highest score in each of four cNMF programs (colors) among M1 cells (defined as cells with
M2-related program score <0.45) in each replicate () axis).
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Figure 6. Tumor genotype leadsto distinct histological featuresthat also associate with genotype-
linked expression statesin patient melanomas.

(A) Computational approach to classify histological slides into engineered genotypes. (B)
Test set classification examples. Classification of individual tiles (colored squares overlying
tissue images), the aggregated classification for the entire section (“Prediction”), and the
true genotype (“Genotype™) for three examples. (C,D) Successful prediction of genotype
from histology in held-out mutant melanocyte in vivo tumor section images. (C) Receiver
operating characteristic (ROC) curves of the prediction false positive rate (x axis) and true
positive rate () axis) at each probability threshold, for each genotype (color). Area under
the curve (AUC) is indicated for each genotype in the legend. (D) Percentage (color bar) of
samples from a given genotype () axis) that received each genotype classification (x axis).
The percentage and number of such predictions are displayed within each cell. (E) Inferring
genotype and genotype-associated expression states in patient melanomas (from TCGA)
based on images of H&E stained tumor sections. ROC curves obtained by predicting, left:
APC loss-of-function genotype (a Wnt pathway gene) and setting true positive labels to

be either Wnt pathway mutants or a Wnt-associated expression program; middle: 7P53

Science. Author manuscript; available in PMC 2022 August 30.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Hodis et al.

Page 34

and 7P53-associated expression programs; or right: PTEN (no PTEN-associated expression
program available).
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