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The Curated Cancer Cell Atlas providesa
comprehensive characterization of tumors
atsingle-cellresolution
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Recent years have seen arapid proliferation of single-cell cancer studies, yet
most of these studies profiled few tumors, limiting their statistical power.

Combining data and results across studies holds great promise but also
involves various challenges. We recently began to address these challenges
by curating alarge collection of cancer single-cell RNA-sequencing datasets,
leveraging it for systematic analyses of tumor heterogeneity. Here we greatly
extend this repository to 124 datasets for over 40 cancer types, together
comprising 2,836 samples, with improved data annotations, visualizations
and exploration. Using this vast cohort, we generate an updated map

of recurrent expression programs in malignant cells and systematically
quantify context-dependent gene expression and cell-cycle patterns across
celltypes and cancer types. These data, annotations and analysis results

are allfreely available for exploration and download through the Curated
Cancer Cell Atlas, a central community resource that opens new avenues in

cancer research.

Atumorisacomplex ecosystem of different cell types, genetic clones
and dynamic cellular states. This intratumor heterogeneity (ITH) is
central to tumor development and poses a major barrier to cancer
therapy, withresistant tumor subpopulations driving continued disease
progression’. Single-cell RNA sequencing (scRNA-seq) has recently
emerged as a powerful tool to study ITH, paving the way toamore com-
plete understanding of cancer progression and treatment effects. Early
studies applying scRNA-seq to tumor samplesidentified, for example,
aneuronal progenitor cell (NPC) state in oligodendroglioma?, a par-
tial epithelial-mesenchymal transition (EMT) state in head and neck
cancer’ and an antigen-presenting population of cancer-associated
fibroblasts in pancreatic cancer®. Such discoveries were possible only
with the high resolution and whole-genome coverage of scRNA-seq.

The generation of tumor scRNA-seq data has accelerated dramati-
cally, with hundreds of recent publications. Collectively, the global can-
cer research community has generated a vast pool of high-resolution
tumor transcriptomic profiles* that have the potential to transform
our understanding of cancer and drive the development of new treat-
ment strategies. These datasets could ultimately define afoundational
resource, replacing widely used bulk cohorts, such as The Cancer
Genome Atlas (TCGA), with single-cell compendia that will be used
routinely in cancer studies. However, because of cost and various
technical constraints, individual scRNA-seq studies are only able to
profile relatively few tumor samples, typically 5-20. Each dataset is,
therefore, severely underpowered to identify robust and clinically
important expression patterns. At the same time, the ability to compare
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databetweenstudiesis hindered by batch effects and inconsistencies
inmethods, formats and annotations.

We address these problems by curating a large number of pub-
lished scRNA-seq datasets for combined analysis. We previously pub-
lished a repository of 71 such datasets, in a pan-cancer scRNA-seq
study characterizing recurrent programs of transcriptional ITH’. We
now considerably expand this cohort, almost doubling its size to 124
datasets, 2,836 samples and over 5.6 million single cells, enabling an
even deeper exploration of ITH. We use this extended compendium
to systematically identify context-dependent gene expression pro-
files, characterize cell type markers and identify genes that distin-
guish malignant cells in various contexts. Furthermore, we present
a comprehensive quantification of cell cycle patterns, revealing high
variability in proliferation rates across cell types and cancer types
and uncovering biases in cell-cycle phases that are associated with
driver mutations, most notably TP53. These data, analyses and tools to
explorethemtogether constitute the Curated Cancer Cell Atlas (3CA),
anupdatedresourcethatis available to the entire cancer research com-
munity through a website (https://www.weizmann.ac.il/sites/3CA/)
and enables comprehensive characterization of tumors at single-cell
resolution.

Results

Curating acomprehensive scRNA-seq dataresource

To build 3CA, we conducted a thorough literature search to identify
scRNA-seq cancer studies representing a wide range of cancer types,
prioritizing those having a relatively high number of samples, as well
as smaller datasets for understudied cancer types. While the major-
ity of these datasets were generated from patient samples, they also
include cancer cell lines, organoids and mouse models. Following
thiscomprehensive search, we downloaded these datasets from their
respective repositories, standardized their format and verified their cell
annotations (Fig. 1a, top). To ensure flexibility and preserve biological
variability, we retain the expression datain as raw aformatas possible
(unique molecular identifier counts or transcripts per million (TPM))
and do not apply batch correction or integration methods. An initial
version of 3CA consisting of datasets from 71 studies was reported
previously” and the updated version presented here consists of 124
datasets for over 40 cancer types, together comprising 2,836 samples
and 5,658,705 cells. This new version greatly improves the statistical
power of 3CA, more than doubling the number of cells of each of the
most common cell types, with the highest proportional gain occur-
ringinnonmalignant cell types (Fig. 1b). It also better captures normal
samples (from both tumor-adjacent tissue and healthy individuals)
and samples away from the primary tumor location, including blood
and distant metastases (Fig. 1c). Lastly, the expansion includes new
cancer types such as skin basal cell carcinoma and diffuse large B cell
lymphoma, alongside substantially increased representation of major
cancer types such as hepatocellular carcinoma and head and neck
squamous cell carcinoma (Fig. 1d).

Ensuring consistent annotationsis especially crucial to data cura-
tion and enables combined analysis of this large cohort. Where pos-
sible, we obtained cell type annotations from the original studies; for
12studies, we defined cell types ourselves de novo and, for afurther9,
we obtained annotations from TISCH2 (ref. 8). We then standardized
the cell type annotations and validated them in two ways. Firstly, we
inferred copy-number alterations (CNAs), using a method described
previously*’ (Methods), to confirm the annotation of malignant cells.
Some studies presented additional evidence for cell malignancy, such
aswhole-exome sequencing, whichreduced our reliance on CNA infer-
ence.Secondly, we verified the identities of nonmalignant cell types by
analyzing the expression of canonical marker genes (Supplementary
Datal).Inaminority of cases, we amended the annotations to resolve
discrepancies evident from these validation measures. Along with these
cell annotations, for the new 3CA version, we invested great effort in

curating additional clinical annotations, where available, including
patient age and sex, tumor stage and disease extent, treatment history
and response and status of relevant driver mutations.

Anonline portal for openaccess to 3CA

With its unparalleled size and rich annotations, 3CA is a valuable
data resource for the entire cancer research community. To make it
accessibletoallresearchers, we builtand recently extended a website
(https://www.weizmann.ac.il/sites/3CA/) through which the curated
datasets are freely available to download, without the need for user
registration or permissions. The home page summarizes all datasets,
organizing them into 15 categories of cancer types (Fig. 1e). Separate
category-specific pages contain links to download the expression
matrices and/or cell and sample metadata (Fig. 1f).

We further sought to enrich 3CA with detailed data visualizations,
functionality to explore the datasets and new pan-cancer analyses
(Fig. 1a, bottom). The category-specific pages of the website contain
summary statistics for each dataset, including disease name, sequenc-
ingtechnology and cell and sample numbers, along with various visuali-
zations for each dataset, including cell type composition, expression of
canonical cell type marker genes, CNA matrices and uniform manifold
approximation and projection (UMAP) plots colored by cell type and
sample (Fig.1g,h and Extended Data Fig. 1a-c). Additional website fea-
tures are described below. Through this online portal, 3CA serves asa
central source of dataand analyses for all cancer researchers, which will
continue to expand as the tumor scRNA-seq literature grows further.

Exploring transcriptional tumor heterogeneity with 3CA
To enhance the functionality of the website beyond visualization of
the cell and sample composition of individual 3CA datasets, for the
latest version, we included new features that enable exploration of ITH
across datasets (Fig.1a, bottom). We previously used 713CA datasetsin
apan-cancer characterization of ITH”. In particular, we identified recur-
rent programs of transcriptional ITH, which we term ‘metaprograms’
(MPs). We defined atotal of 149 MPs across eight cell types, which col-
lectively explain the majority of expression ITH. Thus, a given tumor
sample may be described by quantifying the extent to which these
MPs are variable across the cells in the tumor. We, therefore, added to
3CAasummary, for each dataset, of the expression of MPs across cells
of each typein each sample (Fig. 2a,b) and a feature for users to enter
their own gene sets and view their overlap with these MPs (Fig. 2c).
We also added functionality to address a common question in
cancerresearch: Givenagene of interest, what s its typical expression
in each cell type and cancer type? Because of the resolution and com-
prehensiveness of 3CA, it offers the possibility to query the expression
of any gene across many contexts. We, thus, added to the 3CA website
asearch tool that returns, for any gene, a visualization of its average
expression and the proportion of cells expressing it, per cell type and
cancer type (Fig. 2d). Thisis further broken down per dataset to enable
the examination of study-specific effects. This tool also returns plots
showing the correlation of the query gene with the different MPs per
cell type and cancer type (Fig. 2e).

Anupdated map of recurrent ITH programs

While the MPs we defined previously’ explain the majority of expression
variability intumors, the larger data collectionin the new 3CA version
could enable the detection of new MPs that capture even more ITH.
We, therefore, regenerated MPs for malignant cells (Methods). We
defined 67 recurrent expression programs, most of which directly cor-
responded to MPs that we defined previously; indeed, all 41 of the earlier
malignant MPs were captured in the updated list (Fig. 3a,b and Sup-
plementary Data 2 and 3). Many other MPs reflected variations of the
earlier MPs, including, for example, two new variations of EMT and one
new program related to interferon response and major histocompat-
ibility complex (MHC) class Il. Interestingly, some MPs were composed
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Fig.1| Overview of 3CA and data summary features. a, Scheme outlining

the construction of 3CA and the features it contains. ‘Visualization’ features

were included in theinitial version of the 3CA website” but all ‘exploration’ and
‘analysis’ features are new to this extended version. b, Stacked bar chart showing,
for aselection of the most common cell types, the number of cells per cell type in
each 3CA version. ¢, Stacked bar chart showing the number of datasets containing
different sample types in each 3CA version. d, Stacked bar chart showing the
number of samples per cancer type in each 3CA version. Cancer types with fewer
than ten samplesin total are not shown. HCC, hepatocellular carcinoma; PDAC,
pancreatic ductal adenocarcinoma; MM, multiple myeloma; HNSCC, head and

-20 0 20
UMAP 1

neck squamous cell carcinoma; GBM, glioblastoma multiforme; AML, acute
myeloid leukemia; ccRCC, clear cell renal cell carcinoma; CML, chronic myeloid
leukemia; SCLC, small cell lung cancer; NET, neuroendocrine tumor; BCC, basal
cell carcinoma; CLL, chronic lymphocytic leukemia; DLBCL, diffuse large B cell
lymphoma; ALL, acute lymphocytic leukemia. e, Screenshot of the 3CA website
home page, summarizing the available datasets. f, Screenshot of the 3CA web
page for pancreas, showing the available pancreatic cancer datasets with links and
summary statistics. g, Pie chart showing the percentage of cells in the Raghavan
etal. dataset* assigned to each cell type. h,UMAP plot of all cells (points) in the
Raghavan et al. dataset*®, colored by cell type.
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Fig.2|Data query features on the 3CA website. a, Pie chart showing the MP
composition of malignant cells in the Kiirten et al. dataset*’. Each cell was
assigned to at most one MP, with ambiguous cells classified as unassigned.
Percentages denote the proportion of cellsin each category. b, Heat map
showing relative expression levels (color, quantified as log, ratio) of MP genes
(rows) in malignant cells (columns) in sample GSM5017068_HN17_CD45n of the

Kiirten et al. dataset*. Each cell was assigned to at most one MP, with ambiguous

cells classified as unassigned. Top: the color bar shows the classification of each

cell and percentages denote the proportion of cells in each category. ¢, Example

output from the MP gene set query tool. The table shows, for each malignant

cell MP having at least two genes in common with the input gene set, the size of
its overlap with the input gene set and the genes residing in this overlap. The bar
plot shows the size of the overlap (x axis) of each MP from the table (y axis) with
theinput gene set.d, Dot plot showing the average log, expression level (color)
and percentage expressing cells (point size) of CRYABin each cell type (columns)
and cancer type (rows; top) and averaged across cancer types (bottom). e, Heat
map showing the average correlation (color) between the expression of TFF1
and scores for MPs (x axis) in malignant cells in each cancer type (y axis).

Gray indicates insufficient data (NA, not available). OPC, oligodendrocyte

progenitor cell.
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red) representing MPs. b, Heat map showing the similarity (color, asina) between  respective signatures and genes are ordered by correlation with these scores.
MPs generated from the current (x axis) and previous (y axis) 3CA versions. e, Heat map as in d showing expression of genes from single-cell-derived and

¢, Scatter plot showing the number of samples profiled by snRNA-seq (yaxis) versus  single-nucleus-derived cilia MPs in two representative PDAC samples®®*. f, Heat
scRNA-seq (x axis) that contributed NMF programs to each MP (points). Selected map showing relative expression levels (color, asind,e) of genesin the CRC

MPs are labeled. d, Heat map showing relative expression levels (color) of cell- stemness MP (rows) inindividual cells (columns) from a representative CRC
cycle MP genes (rows) inindividual cells (columns) from two representative sample’. Cells are ordered by scores for the CRC stemness gene signature and
breast cancer samples, one profiled by scRNA-seq and the other profiled by genes are ordered by correlation with these scores.

snRNA-seq**°. Genes are partitioned according to their MPs of origin: ‘single-cell
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predominantly of programs from samples profiled by single-nucleus
RNA-seq (snRNA-seq) (Fig. 3¢c). Thisreflects theincreased representa-
tion of snRNA-seq among datasets in the new 3CA version and may also
reflect biological differences in the distribution of RNA transcripts
between the nucleus and cytosol'. For example, we detected alargely
snRNA-seq-specific cell-cycle MP that correlates and partially overlaps
with the G1/S and G2/M MPs derived from scRNA-seq samples (Fig. 3d).
We also observed asecond ciliaMP mostly in snRNA-seq samples, exhib-
iting some correlation with the cilia program we defined previously
(Fig. 3e). This new cilia variant contains multiple key cilia-associated
genesthatwerenot detected in the previous version, including HYDIN,
RFX3, CFAP44 and DNAH?.

A handful of entirely new MPs were detected, including choles-
terol homeostasis, complement and coagulation and NRF2 targets.
Notably, we also observed an MP capturing a ‘stemness’ phenotype
in colorectal cancer (CRC), including genes such as LGRS, PROMI and
ASCL2 (Fig. 3f), possibly enabled by the large increase in CRC samples
inthe new 3CA version (Fig.1d). Overall, the updated MPs are consist-
ent with the hallmarks of ITH that we defined previously, supporting
the robustness of thismodel. However, they indeed capture additional
biological processes and future iterations on further expanded 3CA
versions may warrant the introduction of new hallmarks.

Characterizing context-dependent gene expression patterns

The ability to resolve gene expression per cell type and cancer type,
along with the increase in data quantity with the new 3CA version
(Fig.1b,d), enables an unbiased search across genes to identify cases
of highly context-dependent gene expression. Thisincludes the char-
acterization of cell type markers, which we undertook for each of the
most common cell types. First, for agiven cell type, we identified those
genes whose average expression (across cancer types) was highest in
this celltype. For each of these genes, we then defined measures of their
specificity and sensitivity as a marker of this cell type (Methods and
Supplementary Data 4 and 5). Specificity reflects the extent to which
agene’s expression is unique to a cell type, while sensitivity reflects
the likelihood of detecting expression of a gene in a cell of this type.
Marker genes can be identified as those with unusually high specific-
ity and/or sensitivity (Fig. 4a). While this analysisis partially biased by
the prior annotation of cell types in 3CA datasets, these annotations
were generally determined at the level of clusters of cells and, thus,
donot fully reflect marker performance at the level of individual cells.

Applying this approach to all cell types illuminated the distribu-
tion of markers across contexts (Fig. 4b,c). Markers were strongest
for mast cells, with multiple genes scoring exceptionally highly for
bothspecificity and sensitivity (TPSB2/AB1, CPA3and MS4A2).In other
cell types, however, the choice of markers represents a compromise
between these two measures. For example, NKG7 is a highly sensitive
marker for natural killer (NK) cells but is not highly specific because
of its expression in T cells. Conversely, KLRFI is highly specific to NK
cellsbutis detected in only 60% of NK cells. Meanwhile, markers were
unreliable for nonmalignant epithelial and plasma cells and all but
absent for malignant and dendritic cells. The paucity of markers thatare
simultaneously sensitive and specific may be because of high context
specificity or high heterogeneity within a cell type. Malignant and epi-
thelial cells are expected to have highly context-specific gene expres-
sion such that there is no universal epithelial or malignant marker.
Dendritic cells divide into conventional and plasmacytoid, precluding
the existence of universal dendritic cell markers. Moreover, because of
high expression similarities between certain cell types, such as between
Tcellsand NK cells, some classical cell type markers have low specificity
inscRNA-seq data (Fig. 4b,c).

As no pan-cancer markers were found for malignant cells, we
instead focused on identifying cancer-type-specific malignant cell
markers. We found substantial heterogeneity in the strength and
abundance of malignant markers between cancer types (Fig. 4d and

Extended Data Fig. 2a). Some markers were consistent with prior
knowledge, including PMEL in melanoma, CDKN2A (encoding p16)
in human-papillomavirus-positive (HPV*) head and neck cancer
and ESRI in breast cancer (reflecting the high representation of
estrogen-receptor-positive breast tumorsin our cohort).

In addition to malignant cell markers, we further characterized
those genes whose expression in malignant cells was most variable
between cancer types (regardless of their cell type specificity). This
analysis identified many highly context-dependent genes, with one of
the most prominent being KLK3, encoding prostate-specific antigen,
whichis highly specific to prostate cancer (Fig. 4e and Extended Data
Fig.2b). Other examples of cancer-type-specific genesincluded APOA2
in liver cancer and ANKRD30A in breast cancer. We added an interac-
tive feature to the 3CA website that allows the exploration of gene
specificity and sensitivity in different contexts (Extended Data Fig. 3;
https://www.weizmann.ac.il/sites/3CA/marker-genes).

Cancer type specificity is highest in malignant cells
While we could find many genes with robust cancer-type-specific
expression among malignant cells (Fig. 4e), we found far fewer for
tumor microenvironment (TME) cell types (Extended DataFig. 4a-c).
To better characterize the context specificity of gene expression in
different celltypes, we aggregated the cells of each cell type fromeach
tumor into a pseudobulk profile and then compared these pseudobulk
profilesacross all tumors. This analysis revealed extensive diversity for
eachcelltype, reflecting the combined effects of cancer type, subtype,
genetics, TME composition, spatial location, technical batch effects and
possibly other variables. This complexity may be explored further in
future work; our focus here was only on quantifying the effect of cancer
type while controlling for technical batch effects. We defined an overall
expression similarity between every pair of pseudobulk samples and
then quantified the effect of cancer type by the average similarity of
pairs fromthe same cancer type versus from different cancer types. To
control for batch effects, both measures were calculated only for pairs
from different studies (Extended Data Fig. 5a and Methods).
Surprisingly, for most cell types, we observed comparable simi-
larity of pairs of pseudobulk samples from the same or from different
cancer types, indicating aminimal effect of cancer type (Fig. 4f). Malig-
nant cells exhibited by far the highest cancer type specificity, followed
by nonmalignant epithelial cells. Malignant cells from different cancer
types are associated with distinct sets of common genetic events and,
thus, are expected to be highly distinct. Nonmalignant epithelial cells
reflect parenchymal cells that are also expected to vary considerably
between tissues. Yet all the other TME immune and stromal cell types
appeared to have very limited cancer type specificity. A similar albeit
weaker effect was observed for the patient specificity of cell types,
although this analysis did not control for batch effects (Extended Data
Fig.5a,b). Thus, whileimmune and stromal cell types exhibit substan-
tial diversity within tumors, their average expression profiles are only
minimally dependent on the cancer type. This observation supports
the pan-cancer approach previously used for the discovery of cellular
states inimmune and stromal cell types™ ™.

Pan-cancer comparison of proliferation rates

Proliferation is a defining feature of cancer but the cell-cycle behav-
ior of different tumor types remains poorly characterized. Dozens
of canonical cell-cycle genes are highly upregulated during the cell
cycle in a phase-dependent manner®”. Hence, scRNA-seq provides
an efficient means to detect cycling cells and assign them to specific
phases. Accordingly, 3CA offers an unprecedented opportunity to
systematically compare cell-cycle patterns across contexts. Moreover,
because of the substantial increase in data quantity with the new 3CA
version (Fig. 1b,d), we now have the power and resolution needed for
robust estimates of cell cycle, distinguishing G1/S and G2/M phases,
withineach celltype and cancer type, which was not possible previously.
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Fig. 4| Context dependency of gene expression. a, Scheme illustrating the
selection of cell type marker genes. Middle: scatter plot illustrating the sensitivity
(yaxis) and specificity (x axis) of genes (points) for agiven cell type. Top and
bottom: dot plots illustrating the expression levels (color) and percentage
expressing cells (point size) of example marker genes across cell types (columns)
and cancer types (rows). b, Scatter plots per cell type showing the sensitivity
(yaxis) and specificity (x axis) of genes (points) for each cell type. Selected genes
with unusually high sensitivity or specificity are labeled. ¢, Dot plot showing

the average log, expression level (color) and percentage expressing cells (point
size) in each cell type (columns) of marker genes labeled in b (rows). d, Dot plot
showing the average log, expression level (color) and percentage expressing cells
(pointsize) in each cell type (columns) of selected malignant cell markers in each
cancer type (rows). e, Dot plot showing the average log, expression level (color)
and percentage expressing cells (point size) of selected cancer-type-specific

genes (x axis) in malignant cells in each cancer type (rows). f, Box plot showing
the cancer type specificity (y axis) of each cell type (x axis) in each cancer type
(points and color). Pvalues for the differences between cell types were computed
by pairwise paired, two-sided ¢-tests and adjusted to FDR < 0.05. Brackets

are labeled with the maximal P values among pairwise comparisons between
malignant cells, respectively epithelial cells, and all nonepithelial TME cell types
(max(P) = 0.0051 and max(P) = 0.015, respectively). Pairwise differences between
nonepithelial TME cell types and between malignant and epithelial cells were not
significant. Boxes indicate the median and first and third quartiles; upper and
lower whiskers extend to the maximal and minimal values no further than 1.5 x
the IQR from the third and first quartiles. Groups (cell types) consist of n =11,15,
10,9, 9,8 and 16 data points (from left to right), corresponding to averages across
pairwise correlations between biologically distinct samples.

We quantified cell cycle patterns across datasets by scoring cells
for G1/Sand G2/M gene signatures and learning appropriate thresholds
from the distributions of these scores (Fig. 5a, Methods and Supple-
mentary Data 6). Summary plots of these cell-cycle measurements
areavailable for each published dataset onthe 3CA website. The gene

signatures were adapted for each dataset but highly similar results
were obtained when using the same consensus signatures for all data-
sets (Extended Data Fig. 6a). The sequencing technology, number of
detected genes and number of captured cells also had a negligible
effect onthe results (Extended Data Fig. 6b-i).
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Fig. 5| Quantification and comparison of cell-cycle patterns. a, Scatter

plot showing scores for gene signatures of G1/S (x axis) and G2/M (y axis) for
malignant cells (points) in the Venteicher et al. dataset™, colored by cell-cycle
phase. b, Bar plot showing the average percentage of cycling cells (y axis) per
cell type (xaxis; n=75,70,38,77,10, 30, 24,36, 52, 55,23 and 54, from left to
right). Error bars denote the standard error. Full distributions are shown in
dand Extended Data Fig. 8. ¢, Heat map showing the Spearman correlation
between cell types (color) of percentages of cycling cells. Significant correlations
arelabeled with Pvalues (4.1x1072,6.5x107°,8.5%x1073,1.8x102,1.9x1072,
7.5%x1078,6.5x10™,2.0x1073,2.0x1073,4.7x1072,6.0 x107%,2.3x1075,8.5x 1075,
2.3x107%,1.0x1072,1.9%x10722.4%x1072,53x107%,1.5x107%4.3x107%8.5x107*,
1.4 x107%,1.3 x10**and 2.8 x 107, from left to right and top to bottom), which
were computed using a two-tailed test of zero correlation with algorithm AS

89 (ref. 53) and adjusted to FDR < 0.05.d, Bar plot showing the percentage of
cycling malignant cells (y axis) in each study (bars), grouped by cancer type (x
axis). Crosses denote the average for each cancer type, weighted by the number
of samples containing at least ten malignant cells. The bar color categorizes
studies by the number of such samples and values above the plot denote the
total number of such samples per cancer type. e, Heat map showing the average
percentage of cycling cells (color, defined as for the crosses ind) per cancer

type (xaxis) and cell type (y axis). Gray squares indicate insufficient data. Cell
types are ordered by average, while cancer types are ordered by the values for
malignant cells. f, Bar plot showing the phase bias (y axis) of malignant cellsin
eachstudy (bars), grouped by cancer type (x axis). Crosses, bar color and the
number of samples per cancer type are defined asind. g, Box plot showing the
phase bias (y axis) of TCGA tumor samples (points; n =334, 530, 52, 284,161,127,
73,37,241,238,191,197,20, 220,101,189, 56 and 177, from left to right), colored
by TP53 mutation status, for cancer types with asignificant difference between
mutant and wild type. Brackets are labeled with Pvalues (6.1x107,2.2x 1075,
8.3x107%,7.6 x107%,3.5x107°,0.0054, 0.039,0.019 and 0.019, from left to right),
which were computed using a two-sided ¢-test and adjusted to FDR < 0.05. Boxes
indicate the median and first and third quartiles; upper and lower whiskers
extend to the maximal and minimal values no further than 1.5 x the IQR from

the third and first quartiles. All points represent distinct samples. BRCA, breast
cancer; SKCM, skin cutaneous melanoma; STAD, stomach adenocarcinoma; MSS,
microsatellite stable; UCEC, uterine corpus endometrial carcinoma; LUAD, lung
adenocarcinoma; BLCA, bladder urothelial carcinoma; CESC, cervical squamous
cell carcinoma and endocervical adenocarcinoma; LIHC, liver hepatocellular
carcinoma; PRAD, prostate adenocarcinoma.
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A comparison of proliferation rates across cell types confirmed
malignant cells as the most proliferative on average (Fig. 5b), withmore
than15% of malignant cells typically observed cycling. However, all cell
types showed some cycling activity, with surprisingly high proliferation
in nonmalignant cells, especially T cells and normal epithelial cells.
Moreover, we observed an overall positive correlation of proliferation
rates between cell types across tumors (Fig. 5c and Extended Data
Fig. 7), consistent with recent findings’. This suggests that the cell
cycle may be stimulated in multiple cell types at once by TME factors
and intercellular communication. An especially high correlation was
observed between the proliferation of fibroblasts and the proliferation
of endothelial cells.

Proliferation rates were highly variable across cancer types, espe-
cially for malignant cells (Fig. 5d,e and Extended Data Fig. 8a-j). The
proliferation of malignant cells was lowest in clear cell kidney cancer
(-5% cycling cells), consistent with the slow growth of kidney tumors
and their resistance to chemotherapy'®. At the opposite extreme, HPV*
head and neck cancer was the most highly proliferative cancer type
(>45% cycling cells). This may be explained by the mechanism of action
of HPV, which silences p53 and pRb activity to promote progression
through the cell cycle”. However, HPV™ head and neck cancer was
also among the most highly proliferative cancer types (-35% cycling
cells), suggesting that high proliferation is a general feature of head
and neck cancer.

Variability in phase bias explained by genomic alterations

As our method for measuring cell-cycle state distinguishes G1/S and
G2/M phases, we were able to explore patterns of phase bias, that is,
the relative proportion of cycling cells detected in G1/S versus G2/M.
The expanded 3CA versionis crucial for these comparisons because the
proportion of cycling cells may be small (Fig. 5b,d,e); accordingly, many
cellsarerequired to accurately estimate this relative fraction within the
population of cycling cells. Technical factors, including the choice of
gene signatures, sequencing technology, number of detected genes
and number of captured cells, had a negligible effect on our estimates
of phase bias and downstream results (Extended Data Fig. 6).

Aswith overall proliferation, we observed high variability in phase
bias across cancer types, especially in malignant cells, with acute and
chronic myeloid leukemias being the most strongly biased toward G1/S
and pancreatic and HPV™ head and neck cancers having the strongest
relative biastoward G2/M (Fig. 5f and Extended DataFig. 9a-c). Interest-
ingly, while HPV*and HPV~head and neck cancers were both among the
most proliferative cancer types overall (Fig. 5d,e), they had opposite
patterns of phase bias, with HPV* exhibiting a strong bias toward G1/S.

To test whether genomic alterations may explain the variationin
phasebias across cancer types, we also computed phase bias scoresin
bulk RNA-seq profiles from TCGA for a variety of cancer types (Methods
and Supplementary Data 7). Using these scores, we observed astrong
association between G2/M bias and TP53 mutations in multiple can-
cer types, consistent with the role of p53 as a gatekeeper of the G1/S
transition (Fig. 5g and Extended Data Fig.10a). Moreover, an unbiased
analysis of many genes commonly mutated in cancer'®identified TP53
mutations as the most consistently associated with G2/M bias across
cancer types (Extended Data Fig.10b). Interestingly, this analysis sug-
gested RBI mutations as the most consistently associated with G1/S bias
(Extended Data Fig. 10b,c). As HPV acts in part through the degrada-
tion of pRb'’, which is not mutated in HPV-head and neck tumors, this
association could explain the opposite phase bias patterns observed
in HPV" and HPV™ head and neck tumors. Various other driver muta-
tions had strong context-specific associations with phase bias, such
as SMARCA4 and EGFR in lung adenocarcinoma, PIK3CA and CDH1
in breast and stomach cancers and CTNNBI in endometrial cancer.
Together, this analysis indicates that phase bias in cycling malignant
cellsisinfluenced by various cancer driver alterations, including those
affecting TP53and RBI.

Discussion

3CA brings together many individual scRNA-seq efforts from across
the cancer research community to unlock their combined potential.
Theincreased volume and variety of curated datain this updated 3CA
version, along with the enhanced website, confers heightened acces-
sibility and statistical power to cancer scRNA-seq. This data resource
willbeimmensely valuable to many research groups for various tasks,
suchas (1) tosearch for and download individual datasets most suited
to a particular question; (2) to examine expression of genes or gene
signatures of interest across cell types and cancer types; (3) to conduct
pan-cancer analyses and uncover relationships between diseases; and
(4) tofine-tune statistical models and algorithms. 3CAfills the role of a
central source of scRNA-seq dataforall cancer researchers, who mayin
turn contribute new datasets to further enrich this resource.

While other studies have presented repositories for processed
scRNA-seq data®*°**, these have limited size, lack a cancer focus or are
centered around TME factors such as immune cells. 3CA prioritizes
malignant cells and contains extensive data visualizations and analyses
detailing their diversity within and between cancer types. Our efforts also
included careful curation of tumor clinical annotations, which are typi-
cally sparseinindividual scRNA-seq datasets. As 3CA continues to grow,
these clinical annotations will enrich future research efforts by uncover-
ing single-cell expression patterns that correlate with clinical outcomes.

In our processing and analysis of 3CA datasets, we avoided using
dataintegration methods, such as those offered by scANVI*, Harmony*
and Seurat”. These methods apply certain assumptions to identify
and remove technical effects in scRNA-seq data but there is currently
no widely agreed standard and they likely remove some biological
signal®®. This is especially true in cancer, where much of the transcrip-
tional variation between tumors arises from their unique genetic and
epigenetic profiles rather than from batch effects. Importantly, our
analysis either focused on ITH or reported only average values across
many samples. The high sample sizein3CA allows confidencein these
averages and their accuracy willimprove further with the inclusion of
more datasets. However, there would be clear advantages to a fully
integrated scRNA-seq data resource of this size in which expression
levels may be directly compared between any two samples. Further
researchis needed to establish optimal methods tointegrate 3CA data
while preserving biological signal.

We anticipate the further extension of 3CA in at least three ways.
Firstly, sequencing efforts are becoming larger, with individual studies
sequencing upward of 50 samples. Including more such studies will
greatly boost 3CA’s statistical power. Secondly, we expect new studies
toinclude cancer types currently underrepresented in 3CA, as well as
rare sample types such as post-treatment tumors, metastatic lesions
and circulating tumor cells. Thirdly, snRNA-seq from frozen tumor
samples is quickly becoming common?®’~** and methods also exist for
profiling fixed tissue® . These technologies open up many new pos-
sibilities by lifting the restriction to sequencing fresh tissue; hence,
we expect 3CA to grow and diversify substantially in the coming years.

Methods

Allanalysesinthis study were performed using R version 4.1.1. Analyses
for Figs.3-5Sincorporated additional unpublished datasets onglioma,
Schwannoma and head and neck cancer.

Data preprocessing

Datasets were filtered to remove cells with few detected genes. The
minimum threshold was usually 1,000 and never lower than the cutoff
usedinthe original studies. Following this, expression levels were con-
verted tolog,(TPM/10 +1), where the factor 1/10 reflects an estimated
upper bound of 100,000 for the number of transcripts in single-cell
libraries. An exception to this was Fig. 3d-f where, to ensure visually
similar color scales, expression levels were divided by the median of
the cell totals instead 0f 100,000.
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Data visualizations on the 3CA website

To generate UMAP plots for each dataset, we removed samples having
fewer than ten cells and then restricted the data to genes for which
log,(mean(TPM) +1) > 4. A partial singular value decomposition was
computed using the IRLBA algorithm*® and a UMAP was computed
using the first 50 of the resulting principal components. Visualizations
of celltype marker expressionin each dataset were made using amanu-
ally curated list of canonical cell type markers and restricting the data
to cell types having at least ten cells in the given dataset.

CNAs were inferred from the scRNA-seq data using a method
described previously*’. Briefly, in each dataset, we ordered the genes
by chromosomal position and then computed the running average of
their centered expression levels. After median centering per cell, we
adjusted these valuesrelative to those of aselection of reference cells.
These reference cells were chosen to be confidently nonmalignant
and to have expression profiles as similar as possible to those of the
presumed malignant cells. The exact choice of reference cells was
specificto each dataset, depending onthe cell types detected therein.

MP exploration features of the 3CA website

To measure the distribution of MP expression among cells of a given
typeineachsample or dataset, we computed MP scores using amethod
described previously?, which measures the expression of signature
genesrelative to aset of control genes. These control genes are chosen
to have comparable expression levels to the signature genes but no
coherent association with any biological process. Briefly, genes were
ranked by average expression and divided into a number of discrete
bins. Then, for each signature gene g, we sampled a set of control genes
from the corresponding expression binand computed the difference
between the expression of gand the average expression of these control
genes. The signature score was then defined as the average of these
relative expression levels across all genes in the signature.

Having scored the cells for each of the MPs for the corresponding
cell type, we assigned each cell to an MP as follows. If none of a cell’s
MP scores was greater than 1, this cell was classified as ‘unassigned’,
whereas, if at least one score was greater than 1, the cell was assigned to
the MP with maximal score. Amongthe cells given an assignment, rare
MPs (with ‘rarity’ depending on whether this analysis was per sample
or per dataset) were considered spurious and cells assigned to them
were reclassified as unassigned.

Defining MPs

Definition of MPs in malignant cells closely followed the approachused
previously’. Expression levels were centered per gene and negative val-
ues were set to zero. We then applied non-negative matrix factorization
(NMF),withK=4,...,9,tothemalignant cellsin each sample separately.
Summarizing each of the resulting NMF programs by its top 50 genes
(according to the NMF coefficients), we filtered these according to
the following scheme. First, we identified NMF programs that were
(1) robust within a tumor, defined as having an overlap of at least
35 genes with other NMF programs derived from the same sample
with different K values and (2) robust across tumors, defined as having
an overlap of at least ten genes with an NMF program from a differ-
ent sample. We then filtered these robust NMF programs to remove
redundancy by ranking programsin each tumor in decreasing order of
similarity with programs in different tumors and, iterating along this
list, removing each program with an overlap of more than ten genes
with the one preceding it.

We then applied a custom algorithm to cluster these NMF pro-
grams, in which the program with the highest number of considerable
overlaps (at least ten genes) with other programs was selected as the
founder of a cluster and the programs with strongest considerable
overlap with this cluster were successively added and a consensus gene
listupdated until no considerably overlapping programs remained and
anew cluster was initiated. Each cluster then defined an MP. Genes in

each MP wereranked by the number of datasets whose NMF programs
contributed each gene to this MP. For downstream analysis, we used
thetop 50 genesineach MP.

This process yielded 111 initial MPs. We further filtered these to
remove (1) MPs deriving from a single study; (2) MPs deriving from
two studies, one of which contributed only a single NMF program; (3)
MPs defined by fewer than five NMF programs; (4) MPs enriched in
genes that likely reflected poor data quality or technical artifacts (for
example, ribosomal or mitochondrial genes); and (5) MPs that were sus-
pected toreflect doublets orerrorsincell type annotation because of a
high similarity with signatures of nonmalignant cell types. This filtering
yielded afinallist of 67 MPs. When counting the number of snRNA-seq
versus sScCRNA-seq samples that contributed NMF programs to each MP
(Fig. 3¢), studies that contained both single-cell and single-nucleus
samples were excluded* ™,

Average gene expression per cell type, study and cancer type

For a given gene, and for each of expression level and percentage
expressing cells, the average for a given cell type and study or cancer
type was computed as follows. First, we computed the average across
allcells of that type fromagiven study that were profiled with the same
sequencing technology. If a study used more than one sequencing
technology, these values were further averaged across technologies
within the study. We then calculated the weighted average of these
values across datasets for each cancer type, with weights equal to the
number of samples in each dataset having at least ten cells of that type.

Sensitivity and specificity of gene expression

Weincludedinthis analysis only those cancer types having at least two
studies and 10 samples in total or one study with at least 20 samples.
Weincluded genes that were detected in datasets for at least 20 cancer
types. Then, for eachgene, we conducted three comparisons of its aver-
age expression levels (average per cell type and cancer type, defined
above) to define sensitivity and specificity to three different contexts:

(i) Forthe first comparison, we first computed the median of the
given gene’s averages for each cell type (median across cancer
types) and then compared these medians between cell types.
The values of interest are, therefore, the cell type medians and
the contexts for comparison are the different cell types, with
the context of interest being a single chosen cell type.

(ii) Forthe second comparison, we first fixed a cancer type and then
compared the given gene’s averages between malignant cells
and all other cell types within this cancer type. The values of
interest are the gene averages and the contexts for comparison
are the cell types within this cancer type, with the context of in-
terest being the malignant cells. This comparison was repeated
with each cancer type, excluding carcinomas with insufficient
data for nonmalignant epithelial cells.

(iii) For the third comparison, we first fixed a cell type (namely ma-
lignant cells) and then compared the given gene’s averages be-
tween malignant cells from different cancer types. The values of
interest are the gene averages and the contexts for comparison
are malignant cells in different cancer types, with the context of
interest being malignant cells in a single chosen cancer type.

In each case, if the relevant value was highest in the context of
interest, its sensitivity to this context was defined as this value (the
highest value across contexts) and its specificity was defined as
1/(x +1), where xis the second highest value across contexts. The sen-
sitivity measures were then scaled to the interval [0, 1] by dividing by
the maximum across genes.

Number of cancer-type-specific genes per cell type
For each cell type, we quantified the number of cancer-type-specific
genes for this cell type as follows. For each gene whose average
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expression was highest in this cell type, we defined a value y to be this
average value (corresponding to the sensitivity described above) and
avalue x to be its highest average expression level among all other
cell types (corresponding to the value x described above). Then, for
each value c from a manually selected set of thresholds, we defined
the number of cancer-type-specific genes for this cell type to be the
number of genes with y > x + c. As expression levels were defined in
log space, c =1,2and 3 denote genes with >2-fold, >4-fold and >8-fold
higher expressionin this cell type thanin other cell types.

Cancer type and patient specificity of cell types

Pseudobulk profiles were computed for each cell type in each dis-
tinct tumor sample by averaging the expression levels (transcripts
per100,000) for each gene across cells of this cell type in this sample.
Then, after excluding ribosomal genes, we restricted the datato the top
5,000 genes with highest variance across pseudobulk profiles. We then
log-transformed these profiles and computed their pairwise Pearson
correlations. Cancer type specificity was then defined, for each cell type
and cancer type, by the average correlation between pseudobulks of
this cell type and cancer type from different studies minus the average
correlation between pseudobulks of this cell type from different cancer
types. Patient specificity was defined as1 minus the average correlation
between pseudobulks of this cell type from the same study. Differences
between cell types were assessed using pairwise paired t-tests. Pvalues
were adjusted to a false discovery rate (FDR) < 0.05.

Cell-cycle quantification and phase assignment

To analyze the expression of cell-cycle genes in each dataset, we con-
structed initial G1/S and G2/M gene signatures by taking the unions
of published G1/S and G2/M signatures from the Scandal R package
(https://github.com/dravishays/scandal) and four other sources>”***,
We thenremoved genes in the overlap of the resulting G1/S and G2/M
genesets. G1/S and G2/M scores were defined similarly to the MP scores
described above, with slight differences. For a given signature gene g
and corresponding set of control genes, we assigned two values to g.
First, we computed the difference between the expression level of g
and the average expression level of the sampled control genes, cap-
ping these differences at 3 to lessen the influence of extreme values.
Second, we assigned 1if the expression level of gwas greater than the
binaverage and O otherwise. We then defined two scores for each gene
signature by averaging each of these sets of values across all genes
in the signature. We refer to these two scores as ‘mean-based’ and
‘count-based’, respectively.

In each dataset, we then filtered the G1/S and G2/M signatures to
maximize orthogonality. To do this, we computed the correlation of
each gene with the mean-based G1/S and G2/M scores and excluded
genes for which the difference between these correlations was 0.1
or less. If, after this step, there were fewer than 20 genes remaining
in either signature, this dataset was excluded from further analysis.
If there were more than 50 genes remaining in a given signature, we
ranked them by their correlation values for the same signature and by
the differences between their G1/S and G2/M correlations. Weretained
thetop 50 genes according to the average of these ranks. Note that this
procedure meant that we obtained different filtered signatures for each
dataset. We further defined consensus signatures by ranking all G1/S
and G2/M genes by their occurrence in the dataset-specific signatures,
retaining the top 50. We compared the cell-cycle estimates yielded by
the consensus and dataset-specific signatures (Extended Data Fig. 6a)
but all downstream scRNA-seq analysis used the dataset-specific
signatures.

After recalculating the G1/S and G2/M scores using these filtered
signatures, we defined thresholds to distinguish cycling from non-
cycling cells using a bootstrapping approach. For each cell type, we
generated 1,000 null distributions consisting of mean-based and
count-based scores for100 ‘pseudocells’. These scores were computed

as above except that, for each signature gene, expression levels were
taken fromadifferent set of 100 cells that were randomly sampled (with
replacement) from the expression matrix. This approach removed the
correlation between signature genes while preserving each gene’s
distribution of expression levels. Then, for each cell cand each score
type, aPvalue was obtained by one-sided binomial test on the number
of null distributions containing the score for c (that is, in which the
highest-scoring pseudocell scored higher than c¢). After adjustment to
FDR < 0.05, cells were classified as cycling if, for both score types, the
Pvalue for either G1/S or G2/M score was less than 0.05. To correct for
biases in the thresholds because of a high proportion of cycling cells,
for cell types of which more than 10% were classified as cycling, we
reassigned each signature gene to acontrol gene set on the basis of its
average expression in the noncycling cells. Scores, null distributions,
Pvalues and cycling assignments were then recomputed for these cell
types as before.

For each of the G1/S and G2/M signatures, we next defined a con-
sensus significance variable, taking the value 1if adjusted P values for
both mean-based and count-based scores were less than 0.05 and O
otherwise. We then defined new mean-based score thresholds ineach
cell type by fitting a binomial regression model of the mean-based
score against this consensus significance. Cells were reclassified as
cycling if their mean-based scores for either G1/S or G2/M passed the
corresponding regression threshold. Scores were then recentered per
cell type relative to the average mean-based scores of the noncycling
cells. Final mean-based score thresholds for each of G1/S and G2/M
signatures were defined by manually examining the distribution of the
regression thresholds across all cell types and datasets and choosing
anappropriately conservative consensus value. Cells were reclassified
as cycling according to these consensus thresholds. Lastly, cells were
assigned to G1/S and G2/M phases using a fold change threshold of 2
onrecentered mean-based scores. Cells assigned to neither phase were
classified asintermediates.

Estimates of cell-cycle proportion and phase bias

Estimates of proportion of cycling cells and phase bias were computed
per study, sequencing technology, cancer type and cell type only for
those combinations having at least 100 cells. For each such combina-
tion, to avoid bias arising from samples with exceptionally many or
few cycling cells, we defined outlier samples as those with the number
of cells outside the bounds [25th percentile — 1.5 x the IQR (interquar-
tile range), 75th percentile + 1.5 x the IQR]. Samples below the lower
bound were excluded from further analysis, while those above the
upper bound were downsampled to this bound. The proportion of
cycling cells across these samples was then defined as the number of
cells classified as cycling (of any phase) divided by the total number of
cells. If there were at least 100 cycling cells across these samples, the
phase bias was defined as the difference between the number of cells
assigned to G1/S and the number assigned to G2/M, divided by the
total number of cycling cells. If a study contained data generated by
multiple sequencing technologies, the estimates for this study were
averaged across sequencing technologies, weighted by the number of
samples containing atleast ten cells, to obtain one estimate per study,
cancer type and cell type for each of cycling proportion and phase
bias. To obtain pan-cancer cell-type-level estimates, these study-level
estimates were averaged across all studies. To obtain cancer-type-level
estimates for each cell type, the study-level estimates were averaged
across studies for that cancer type, weighted by the number of samples
with =10 cells. Cycling proportions were also calculated per sample
onlyinthose samples having at least 100 cells.

These computations were also performed after restricting to10x
datasets. To measure the correlation of cycling proportion and phase
bias with number of detected genes and number of captured cells for
each cell type and sequencing platform, we identified outliers manu-
allyand computed regression lines and Pearson correlation both with
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and without outliers. This analysis included only those cancer types
represented by both sequencing platforms and cell types represented
inatleast five datasets of each sequencing platform.

Correlation of cell cycle between cell types

To compute the correlation of cell cycle between cell types across all
cancer types, we first centered the per-sample estimates of cycling pro-
portionwithin each study and cell type. Then, for each pair of cell types
having such estimates in at least ten of the same samples, Spearman
correlation was computed between cycling proportions across these
commonsamples. We computed the correlation of cell cycle between
celltypeswithin each cancer type and the significance of these correla-
tions, using the same procedure per cancer type, before filtering out
cell types with fewer than 20 such correlation values across all cancer
types and cell type pairs.

TCGA mutations analysis
TCGA expression and mutation data were obtained from the Broad
Genome Data Analysis Center Firehose (gdac.broadinstitute.org).
The expression data were downloaded in the form of RSEM** ‘scaled
estimates’, multiplied by 10° (giving a measure similar to TPM) and
log-transformed. For CRC and stomach cancer, tumors with microsatel-
lite instability (MSI) were defined as those with more than 500 mutations
in total; similarly, MSI endometrial tumors were defined as those with
more than 400 mutations. Following this, we restricted our attention
toapreviously defined list of genes commonly mutated in cancer®and,
amongthese, we focused on nonsense, nonstop, frame shift and splice
or translation start site mutations, along with missense mutations and
in-frameinsertions and deletions occurring in at least two tumors.
Cell-cycle scores were computed per cancer type using the con-
sensus cell-cycle gene signatures, via the method described above,
with bulk profiles in place of individual cells. We then defined the
phase bias as the difference between G1/S and G2/M scores. In each
cancer type having at least 100 tumors and for each gene from the
above list that was mutated in at least ten tumors and at least 5% of
tumors and wild type in at least ten tumors, we compared phase bias
scores between mutant and wild-type tumors using two-sample ¢-tests.
Pvalues were adjusted to FDR < 0.05 separately for TP53 and RBI.

Statistics and reproducibility

This study used only external datasets. Our analysis used all available
samples; we did not perform any analysis to predetermine sample
size and we did not choose samples, patients or groups ourselves. In
particular, norandomization or blinding was performed. We excluded
data from specific analyses based on insufficient number of samples
or cells. Two datasets were excluded from several analyses because of
high technical noise. Where t-tests were used to calculate statistical
significance, datadistribution was assumed to be normal but this was
not formally tested. All analyses may be reproduced using the code
available on GitHub (https://github.com/tiroshlab/3ca).

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

This study used only external datasets and did not involve the genera-
tion of new data. All published single-cell datasets are available on the
3CAwebsite (https://www.weizmann.ac.il/sites/3CA/), with the excep-
tion of one dataset”, for which permission for sharing through 3CA was
not granted; this dataset is available through the European Genome-
Phenome Archive under accessionnumber EGAS00001002543. Addi-
tional unpublished datasets used will be added to the 3CA website
when possible. TCGA data were obtained online (http://gdac.broa-
dinstitute.org/). Data for reproducing the figures in this article are

provided in the Supplementary Information. Source data are provided
with this paper.

Code availability

Source code forall analysesin this study and for generating the figures
available on the 3CA website is available on GitHub (https://github.
com/tiroshlab/3ca).
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Extended DataFig. 1| See next page for caption.
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Extended DataFig. 1| Overview of 3CA cell annotation and datasummary
features. a. Dot plot showing the average expression level (colour) and percentage
expressing cells (point size) of a selection of cell type marker genes (rows) in

each cell type (columns) in the Raghavan et al. dataset*. b. Heatmap showing
inferred copy number alteration (CNA) values (colour, quantified as log, ratio,

with blue indicating depletion and red amplification) at each chromosomal
position (columns) for arepresentative subset of cells (rows) in the Raghavan et al.
dataset*®, with colour bar (left) showing the sample each cell belongs to. c. UMAP
plotofall cells (points) in the Raghavan et al. dataset*®, coloured by sample, with
thesamecoloursasinb.
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Extended Data Fig. 2| Cancer-type-dependent gene expression patterns.
a.Scatter plots per cancer type showing sensitivity (y axis) and specificity
(x axis) of genes (points) to malignant cells, relative to other cell types, within
each cancer type. Selected genes with unusually high sensitivity or specificity

arelabelled.b. Scatter plots per cancer type showing sensitivity (y axis) and
specificity (x axis) of genes (points) to malignant cells in each cancer type,
relative to malignant cells in other cancer types. Selected genes with unusually
high sensitivity or specificity are labelled.
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Extended DataFig. 3 | Interactive web tool for exploring gene specificity

and sensitivity in different contexts. Screenshot of 3CA web page enabling
exploration of gene specificity and sensitivity valuesin sortable table format.
Tabs distinguish analyses of global cell type markers, cancer-type-specific
malignant cell markers and genes with highly variable expression between cancer
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typesin malignant cells. In each tab, the user can select a cell type or cancer type
and view the specificity and sensitivity values in a table, with the option to sort
by either value or by a‘Combined’ score reflecting overall marker performance.
The corresponding summary scatter plot from Fig. 4b or Extended Data Fig. 2 is
shown alongside.
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Extended Data Fig. 4| Number of cancer-type-specific genes per cell type.
a.Scatter plot to illustrate the definition of cancer-type-specific gene expression
atdifferent thresholds. Points correspond to genes whose mean expression in
malignant cells is highestin HCC thanin all other cancer types. A point’s y axis
value denotes the average expression of this gene in malignant cells in HCC,
while its x axis value corresponds to the maximum of its mean expression levels
in malignant cells across all non-HCC cancer types. Each dashed line denotes
achoice of threshold, whereby the number of genes whose expressionin
malignant cells is specific to HCC is defined as the number of points above this
dashed line. b. Line plot showing the median number of cancer-type-specific
genes (y axis, median across cancer types) for each cell type (x axis) for different

choices of threshold (colour). Cell types are ordered by their average y values.
c.Boxplots showing, for each choice of threshold (panels), the log-transformed
number of cancer-type-specific genes (y axis) per cancer type (points/colour) for
each cell type (x axis). Cell types are ordered as in b. Each pointin b corresponds
to the median of points for the corresponding box in ¢, after reversing the log
transformation. Boxes indicate the median and 1st and 3rd quartiles, while the
upper, respectively the lower whiskers extend to the maximal, resp. minimal
values no further than 1.5 times the interquartile range from the 3rd, resp. Ist
quartiles. Groups (cell types) consist of n =20, 18, 21,15,17,10, 11, 22 data points
(in order from left to right), corresponding to differences in average expression
levels across biologically distinct samples.
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b. Box plot showing the patient specificity (y axis) of each cell type (x axis) in
each cancer type (points/colour). Brackets indicate significant differences and
arelabelled with p values (0.0091and 0.017), which were computed by pairwise
paired, two-sided t tests and adjusted to FDR < 0.05 (all p values are provided
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in the Source Data). Unmarked pairwise differences are not significant. Boxes
indicate the median and 1st and 3rd quartiles, while the upper, respectively the
lower whiskers extend to the maximal, resp. minimal values no further than
1.5times the interquartile range from the 3rd, resp. 1st quartiles. Groups (cell
types) consist of n=15,11,11,11, 10, 8,16 data points (in order from left to right),
corresponding to averages across pairwise correlations between biologically

distinct samples.

Nature Cancer


http://www.nature.com/natcancer

Resource

https://doi.org/10.1038/s43018-025-00957-8

a b c
Cell cycle quantification with bespoke and consensus gene signatures Mean percentage of cycling cells per Correlation of proliferation rates between cell types
Cell cycle proportion Phase bias cell type across all 10x datasets in 10x datasets
06 & 6\ 6 O A %o,.
0, ()
r=0.99 r=0.88 " s NN @»oﬁoé 1,70, %, & M, 75
° 05 2 %y ,«s@s@//’b 7 7 AN
2 o : ° 39008 51001
® 0.4 © =)
I3 o £ 1o-
S S
(0] 0! o o
2 R 5
] 0.0 °
g BDMHDDED
[
@ ® o N D NoN0 S S
. 2 2 > . "
<~’§ SFS S S °®§v§‘?§§ P
0.0 05 $° F& SFFLI S
00 02 04 06 05 00 05 ¥ ¢S KA (f
Consensus signature S Endothelial
d e
Mean percentage of cycling malignant cells per cancer type in 10x datasets Mean phase bias of malignant cells per cancer type in 10x datasets
Number of samples per cancer type Number of samples per cancer type
45 17 43 173 9% 30 30 44 28 44 10 89 35 23 36 17 44 89 9 44 173 35 28 28 30 10 30 21 23 36
S0 2 os6-
S
© 40- Number of < 04
D ?
8 samples per =
o 30- study =
£ 0s<5 § 02
S 20- 15
3 06-20 oo
R Jo- 1>20 o
o
, g oz
O o5 3© 6\ S N @ o O @D O SSRCFCIRONIRA <\° @ o @ P oL O
0& ‘05\ Véz o % (\o \o ol W oF \,\Q* N Y\qﬁ ‘05\ @0 F ?0 s \\ o‘b W e (e Y«*
Y © \ O N\ A\ %O 2© )@
o N < e © & o 0 © 500
Q& W Y\V\
f g h
Proportion of cycling cells vs. number of detected genes Proportion of cycling cells vs. number of captured cells Phase bias vs. number of detected genes
Mean correlation: r = 0.1, p = 0.49 (with outliers: r = 0.084, p = 0.58) Mean correlation: r = 0.084, p = 0.54 (with outliers: r =-0.15, p =0.35) Mean correlation: r =-0.36, p =0.12 (with outliers: r=-0.18, p =0.16)
10x SmartSeq2 10x SmartSeq2 10x SmartSeq2
0.4 : g
107r=0.19 10 =02 101 r=-0.036 107 r=-0.68 =-067
. 06 r=-046
. . 027en s
< . 0.4 2
N w . w = - <Q
. o . o £ 00 LI )
. ‘e . . (- S . 0.2 3
. \ . . & .
/ P N = 02 P r=-01 g0
.. : LR Y 2 3 4 5. 3 4 5 6 7 8
0 LR - 0 . 0{e o — 0 : & . -
7 3 3 3 3 3 3 3 | 04 04 . :
@ . —
r=0.11 . r=017  ° . 5 % 0.2 CacI BN
r=0.26 £ 027 * 0.0 o
= 10 = 2
10 . 2 10 < 2 0.0 02
H . 3 =-0052| o |r=-009%
. . =3 =3 . r=-0.61|-0.47r=-0.044 .
. > S 8 2 3 2 3 4
" —_— g @ @ o (Number of detected genes)/1000
3 ; E
S 9 . o A
2 7 p 3 2 !
e : g
[ r=0.23 3 Phase bias vs. number of captured cells
R 30 B Mean correlation: r = 0.15, p = 0.15 (with outliers: r = 0.28, p = 0.29)
. = = 10x SmartSeq2
. . [ D 04 N .
20 . g & G r=033 r=024
5 3 3 . .| o8
° 3 3 0.2 . e =
10 . . - - . C 04 . *| 2
.o .« . i : / <)
) . 2 00 e 3
0 0 0 0 S . * | o2 S . 3
3 4 5 2 3 4 56 7 8 3 4 5 2 3 < . .
= 02 — 00
: r=023 r=0.18 : . r=0.17 it r=0.35 = 3 2 3 P 3
r=-0.036 | 501 r=0.14 r=-01| 50 r=-0.72 3
20 20 IS DE— 04
40 I 04 — ’
= = @
30 3 3 5 . - 0.2 .
. () g, c 02 . .
10 7% 2 = 0o 8
W 107 . —m -0.2
.———Q—v.—v—‘
0 ol 5 .| -04q,
2 3 4 3 4 2 3 4

2 3
(Number of detected genes)/1000

Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | Potential technical confounders of cell cycle estimates.
a. Scatter plots showing cell cycle proportion and phase bias from bespoke

(y axis) and consensus (x axis) G1/S and G2/M gene signatures. Each point
corresponds to one cell type in one dataset. Red lines denote y =x, and r denotes
Pearson correlation. b. Bar plot showing average percentage of cycling cells in
10x datasets (y axis) in each cell type (x axis; n = 53,51, 33,9, 58, 26,17,42, 29, 44,
19,45, in order from left to right). Error bars denote standard error. c. Heatmap
showing Spearman correlation between cell types (colour) of percentages of
cycling cellsin 10x datasets. Significant correlations are labelled with p values
(2.0x1072,8.1x107,2.2x1072,5.6x1073,2.0x1072,2.0x1072,3.9x107°,5.1x107*,
1.6x107,5.9x1073,6.1x107°,5.9x107,1.3x107#,1.1x10%,7.1x107% 8.6 107,
1.2x1072,59x107%,4.8x102,1.5x102,4.2x102,9.3x10™%,2.0x10?2, 1.1x 10,59 x
1073, in order from left to right and top to bottom), which were computed by two-
tailed test of zero correlation via algorithm AS 89°°, and adjusted to FDR < 0.05
(all p values are provided in the Source Data). d. Bar plot showing percentage

of cycling malignant cells (y axis) in each 10x dataset (bars), grouped by cancer
type (x axis). Crosses denote the average for each cancer type, weighted by
number of samples containing at least 10 malignant cells. Bar colour categorises
studies by number of such samples, and values above the plot denote the total
number of such samples per cancer type. e. Bar plot showing phase bias (y axis)
of malignant cells in each 10x dataset (bars), grouped by cancer type (x axis).
Crosses, bar colour and number of samples per cancer type are asind. f. Scatter
plots showing, for each cell type and sequencing platform, percentage of cycling
cells (y axis) against number of detected genes (x axis) in each dataset (points).
Regression lines and Pearson correlation were computed with and without
outliers (red and blue respectively, or purple in cases with no outliers). Average
correlations and p values (computed by two-sided t test, without adjustment)
areshown at the top. g-i. Scatter plots as in ashowing: percentage of cycling cells
against number of captured cells; phase bias against number of detected genes;
phase bias against number of captured cells.
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Extended DataFig. 7 | Correlation of cell cycle between cell types, per cancer
type. Bar plots, for each pair of cell types, showing the Spearman correlation
(across samples) of proportion of cycling cells between those cell types in each
cancer type. Significant correlations are labelled with p values (2.1x1073,
2.7x1072,2.8x10™%,6.1x1073,2.7x1072,1.7x1072,1.2x1072,2.1x1075,2.9 X107,
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Extended Data Fig. 9 | See next page for caption.
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Extended Data Fig. 9| Phase bias patterns across cancer types. a. Bar plot
showing the phase bias (y axis, quantified by the relative fraction of cycling cells
in G1/S versus G2/M) of T cells in each study (bars), grouped by cancer type

(x axis), with crosses denoting the average y value for each cancer type, weighted
by the number of samples in each study which contain at least 10 T cells. Bar
colour categorises studies by number of such samples, and values above the

plotdenote the total number of such samplesin each cancer type. Low and high
y valuesindicate bias toward G2/M and G1/S, respectively. b. Bar plotasina

for macrophages. c. Heatmap showing the weighted average of the phase bias
(colour, defined as for the crosses ina) per cancer type (x axis) and cell type

(y axis). Grey squares indicate insufficient data.
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Extended Data Fig. 10 | Genomic associations of phase bias. a. Box plot showing
the phase bias scores (y axis, defined as the difference between scores for G1/S
and G2/M gene signatures) of TCGA tumour samples (points; n =334, 530, 52,
284,161,127,73,37,241,238,191,197, 20, 220,101,189,189, 18, 56,177,106, 45,
139,80, 309, 85,385, 87, 86,47, in order from left to right), grouped by cancer
type (x axis) and coloured by TP53 mutation status. Brackets are labelled with
pvalues (6.1x1072,2.2x1075,8.3x107°%,7.6 x107%,3.5x107%,5.4 x10,0.039, 0.019,
0.17,0.019, 0.17,0.23,0.19, 0.80, 0.76, in order from left to right), which were
computed by two-sided t test and adjusted to FDR < 0.05. Low and high y values
indicate bias toward G2/M and G1/S, respectively. Boxes indicate the median and

1stand 3rd quartiles, while the upper, respectively the lower whiskers extend

to the maximal, resp. minimal values no further than 1.5 times the interquartile
range from the 3rd, resp. 1st quartiles. b. Dot plot showing, for a selection of
genes commonly mutated in cancer (x axis), the difference in average phase
bias score between mutant and wild-type tumours (point colour; phase bias
score defined asin a) and the statistical significance of this difference (point
size, computed as in a, before adjustment) in each cancer type (y axis). ¢. Box
plotasinafor RBl mutations (n=33,439,30, 449,19,271, 73, 315,16, 224, 27,106;
p=0.0065,0.049,0.088,0.22,0.75,0.75; both in order from left to right).

Nature Cancer


http://www.nature.com/natcancer

nature portfolio

Corresponding author(s):  Michael Tyler, Itay Tirosh

Last updated by author(s): Jan 17, 2025

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX O OO0 000F%

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used to collect the data used in this study.

Data analysis All analysis and data processing in this study used custom code written with R version 4.1.1. This code is available at https://github.com/
tiroshlab/3ca. Individual R package versions are as follows:
caTools: 1.18.2
colorRamps: 2.3.1
cowplot: 1.1.1
data.table: 1.14.2
dplyr: 1.0.8
easyPubMed: 2.13
ggplot2:3.4.4
ggpubr: 0.4.0
ggrepel: 0.9.1
ggtext: 0.1.1
grid: 4.1.1
gridExtra: 2.3
gtable: 0.3.0
irlba: 2.3.5
knitr: 1.38
magrittr: 2.0.3
matkot: 0.0.0.9000

>
Q
—
(e
(D
©
(@)
=
S
<
-
(D
©
O
=
>
(@)
w
[
3
=
Q
<
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This study used only external datasets and did not involve the generation of new data. All published single-cell datasets are available on the 3CA website (https://
www.weizmann.ac.il/sites/3CA/), with the exception of one dataset, for which permission for sharing through 3CA was not granted, and which is available through
EGA with accession number EGAS00001002543. Additional unpublished datasets used will be added to the 3CA website when possible. TCGA data was downloaded
from http://gdac.broadinstitute.org/.
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study, and these variables were not considered in study design.

Reporting on race, ethnicity, or This study used only external datasets. When available, patient race or ethnicity annotations were collected from these

other socially relevant datasets and are included with the data available for download on the 3CA website. No analysis involving race or ethnicity
groupings was performed in this study, and these variables were not considered in study design.

Population characteristics Not applicable, as this study used only external datasets.

Recruitment Not applicable, as this study used only external datasets.
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Replication All analyses may be replicated using the published code.
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