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Somatic structural variants (SVs) are widespread in cancer, but their
impact on disease evolution is understudied due to a lack of methods
todirectly characterize their functional consequences. We present a
computational method, scNOVA, which uses Strand-seq to perform
haplotype-aware integration of SV discovery and molecular phenotyping
insingle cells by using nucleosome occupancy to infer gene expression as
areadout. Application to leukemias and cell lines identifies local effects of
copy-balanced rearrangements on gene deregulation, and consequences
of SVs on aberrant signaling pathways in subclones. We discovered distinct
SVsubclones with dysregulated Wnt signaling in a chronic lymphocytic
leukemia patient. We further uncovered the consequences of subclonal
chromothripsisin T cell acute lymphoblastic leukemia, which revealed
c-Myb activation, enrichment of a primitive cell state and informed
successful targeting of the subclonein cell culture, using a Notch inhibitor.
By directly linking SVs to their functional effects, sScNOVA enables systematic
single-cell multiomic studies of structural variation in heterogeneous cell

populations.

The mutational landscapes of numerous cancers were recently cata-
loged'?, revealing that somatic SVs represent around 55% of driver
mutations*®. Somatic mutational processes generate a broad spec-
trum of SVs from simple (for example, deletions and inversions) to
complex classes (for example, chromothripsis)*™®, and these SVs are
important drivers of malignancy, metastasis and relapse’ 2. However,
with the exception of focal deletions and amplifications, somatic SVs
have proven difficult to characterize functionally in cancer genomic
surveys' ", Studies integrating transcriptome and whole genome
sequencing (WGS) data have inferred SV functional outcomes” ¢, but
thesetypically require large cohorts and do not account for intratumor
heterogeneity (ITH)’. Instead, SV effects can be measured directly by
reading both genotype and molecular phenotype in the same cell,

using single-cell multiomics”*'. Several such methods have been
developed”?°, but these do not presently account for small (<10 Mb)
somatic copy number alterations (SCNAs), balanced SVs and com-
plex rearrangement events like chromothripsis*>**?, which has limited
efforts to functionally characterize the most common class of driver
mutations in cancer.

To address this, we developed scNOVA (single-cell nucleosome
occupancy and genetic variation analysis)—a method enabling func-
tional characterization of the full spectrum of somatic SV classes.
scNOVA uses Strand-seq® in two ways: (1) it uses the DNA fragmenta-
tion pattern resulting from micrococcal nuclease (MNase) digestion®
to directly measure nucleosome occupancy (NO) and indirectly infer
patterns of gene activity, and (2) it couples this ‘molecular phenotype’
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with SVs discovered by single-cell tri-channel processing (scTRIP, which
jointly models read-orientation, read depth and haplotype-phase?*)
inthe same cell. MNase digests the linker DNA between nucleosomes,
leaving nucleosome-protected DNA intact, to enable genome-wide
inference of NO by measuring sequence read counts® 2%, Previous work
has shown that active enhancers and transcribed genes exhibit reduced
NO*° However, the relationships between NO and SV landscapesin
cancer remain unexplored. scNOVA addresses this by integrating SVs
and NO along the genome of a cell, to functionally characterize SVsin
heterogeneous samples.

Results

NO classifies cell types and predicts gene activity changes
Strand-seq data reveals NO. We hypothesized that NO patterns
derived from MNase fragmentation during Strand-seq library prepa-
ration could represent areadout to allow functional characterization
of SVs (Fig. 1a and Extended Data Fig. 1). To test this, we evaluated
whether Strand-seq data revealed nucleosome positioning through
comparison with bulk MNase-seq data. We used the NA12878 lympho-
blastoid cellline (LCL), which has both datatypes available, and pooled
95 Strand-seq libraries (sequenced to a median of 540,379 mapped
nonduplicate reads per single cell’’; Supplementary Table 1), into a
‘pseudobulk’ track, allowing direct comparison with the correspond-
ing MNase-seq dataset (sequenced to 19-fold genomic coverage™).
We measured NO along the genome (Methods) and found Strand-seq
and MNase-seq were highly concordant in terms of uniformity of
coverage and inferred nucleosome positions at DNase | hypersensi-
tive sites (Spearman’s r = 0.68) (Fig. 1b,c). Nucleosome positioning
near the binding site of CTCF?*** (a key chromatin organizer) closely
matched between both assays (Fig. 1d and Supplementary Fig. 1),
and estimated nucleosome repeat lengths®® were highly concordant
(Supplementary Fig.1).Inaddition, both assays measured NO in all 15
chromatinstates identified by the Roadmap Epigenome Consortium™.
Among these chromatin states, Strand-seq and MNase-seq revealed
the highest NO signals on average for the polycomb-repressed state
and the bivalent enhancer state, whereas the lowest average NO sig-
nals were consistently seen for the active transcription start site (TSS)
state (Extended Data Fig. 2). This indicates that Strand-seq enables
direct measurement of NO to reveal a ‘molecular readout’. We thus
developed the scNOVA framework, which harnesses Strand-seq to
measure NO genome-wide and couples this with SVs discovered in
the same sequenced cell (Fig. 1a).

As Strand-seqresolves its measurements by haplotype®, we con-
sidered thathaplotype-specific differencesin NO (haplotype-specific
NO) resulting from random monoallelic expression, germline SNPs
and local effects of SVs could be harnessed for scNOVA. To assess the
utility of haplotype-resolved NO, we phased 24,652,658 of 49,205,197
(50.1%) of the NA12878 Strand-seq read fragments, and pooled these
reads to generate pseudobulk NO tracks for each chromosomal
haplotype (denoted ‘HI’ and ‘H2’, respectively; Fig. 1b). Using the
female-derived NA12878 cell line, we compared haplotype-specific
NO to haplotype-resolved gene expression measurements from bulk
RNA-seq data®* (Methods). We identified a significant increase of NO
ingenebodies mappingto Hl compared with H2 across the X chromo-
some (adjusted P=0.0012; Wilcoxon rank sum test), suggesting that
H1represents the inactive X chromosome. These data were consist-
ent with haplotype-resolved gene expression measurements at loci
subject to X-inactivation®, whereas genes escaping X-inactivation
did not exhibit haplotype-specific NO (Fig. 1e,f and Supplementary
Fig.3). We alsoinvestigated whether Strand-seq datais informative of
haplotype-specific NO at cis-regulatory elements (CREs), and identi-
fied a 1.4-fold enrichment for allele-specific CRE binding on the X
chromosome (P =0.015; hypergeometric test; based on 718 CREs with
haplotype-specific NO genome-wide; 10% false discovery rate (FDR))
(Supplementary Fig. 2). Moreover, CREs with haplotype-specific NO

were significantly over-represented near genes showing allele-specific
expression in the genome (P < 0.0018, hypergeometric test; Supple-
mentary Fig.2). These data suggest that haplotype-specific NO, asignal
directly obtained from Strand-seq datasets, reflects biological gene
regulation patternsin the genome.

Cell-typing. Since NO within gene bodies reflects gene activity in
MNase-seq data*, we hypothesized that Strand-seq based NO pat-
terns could be used to infer gene expression. To investigate this, we
tested whether NO globally reflects cellular gene expression patterns
in the retinal pigment epithelium-1 (RPE-1) cell line, for which we pre-
viously generated both Strand-seq and RNA-seq data®*. To profile NO
globally, we pooled 33 million read fragments (including phased and
nonphased reads) from 79 Strand-seq libraries into pseudobulk NO
tracks. We identified aninverse correlation between NO at gene bod-
ies and gene expression (P <2.2 x107; Spearman’s r of up to —0.24;
Fig. 1g and Supplementary Fig. 4), where highly expressed genes
showed significantly lower NO withintheir gene bodies (and vice versa).
We next explored the utility of NO for cell-type inference (‘cell-typing’),
based on the activity of lineage-specific genes, by implementing a
multivariate dimensionality reduction framework. We performed in
silico mixing of Strand-seq libraries from different LCLs and RPE cell
lines, and built a classifier that separates distinct cell types by partial
least squares discriminant analysis (PLS-DA). We used a training set
of 179 mixed libraries, and initially considered 19,629 features, which
reflect ENSEMBL* genes with sufficient read coverage (Methods). After
feature selection, 1,738 features were retained. We then used a nono-
verlapping set of 123 cells to assess performance, all of which scNOVA
classified accurately (area under the curve (AUC) = 1; Extended Data
Fig. 3). Our framework also discriminated between cells from three
related RPE cell lines derived from the same donor, which exhibit dis-
tinct SV landscapes®* (AUC = 0.96; Fig. 1h) indicating that sScNOVA
enables accurate cell-typing.

Gene activity changes between cell populations. Having estab-
lished that scNOVA can use the expression of lineage-specific genes
for cell-typing, we evaluated if it could predict gene expression differ-
ences between defined cell populations, such as subclones bearing
distinct SVs. We devised a module that integrates deep convolutional
neural networks and negative binomial generalized linear models
(Supplementary Figs. 5 and 6), to measure differential gene activity
between two defined cell populations. To benchmark this module, we
mixed Strand-seq libraries from different cell lines in silico, creating
‘pseudoclones’, and evaluated the predicted changes in gene activity
between defined pseudoclones (each composed of cells from one
cell line) by analyzing NO at gene bodies (Supplementary Fig. 7 and
Extended Data Fig. 4). We first compared RPE-1to the HG01573 LCL
line, and defined the ground truth of expression using RNA-seq. We
found that the differential gene activity score of scNOVA (Methods)
was highly predictive of the ten most differentially expressed genes,
where analyses of pseudoclones comprising 156 RPE-1and 46 HG01573
libraries revealed an AUC of 0.93 (we observed a similar performance
when analyzing the 50 most differentially expressed genes; Fig. 1i).
Gene activity changes inferred included well-known markers of epi-
thelial (for example, EGFR, VCAN) and lymphoid (for example, CD74,
CD100) cell types (Supplementary Table 2). The scNOVA predictions
were informative also when we simulated minor subclones present with
clonalfrequency (CF) = 20%, CF = 5% and CF =1.3%, resulting in AUCs of
0.92,0.79 and 0.68, respectively (Extended Data Fig. 4). We obtained
similar results when applying scNOVA to pseudoclones derived from
different (genetically related) RPE cell lines (Supplementary Fig. 7).
These benchmarking exercises suggest that scNOVA can accurately
infer gene activity changes between defined cell populations, sug-
gesting that this framework can be used to functionally characterize
subclonal SVs.
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Fig.1|Haplotype-aware single-cell multiomics to functionally characterize
SVs. a, Leveraging Strand-seq, scNOVA performs SV discovery and then, using
phased NO tracks, identifies functional effects of SVs locally (via evaluation of
haplotype-specific NO) and globally (clone-specific NO). Orange, Strand-seq
reads mapped to the Watson (W) strand; green, reads mapped to the Crick (C)
strand. b, Strand-seq-based NO tracks in NA12878 reveal nucleosome positions
well-concordant with bulk MNase-seq, depicted for achromosome 12 locus
with relatively regular nucleosome positioning®. Red, NO tracks mapping

to haplotype1(H1); blue, H2; black, combining phased and unphased reads;
gray, MNase-seq. The y axis depicts the mean read counts at eachbp in10 bp
bins. ¢, Correlated NO at consensus DNase I hypersensitive sites” for NA12878.
d, Averaged nucleosome patterns at CTCF binding sites® in NA12878, using
pseudobulk Strand-seq and MNase-seq. e, FCs of haplotype-resolved NO in
gene bodies plotted for chromosome X and chromosome 7 (a representative
autosome) in NA12878. FCs of haplotype-resolved RNA expression

measurements are shown to the right. f, Pseudobulk haplotype-phased NO
track of exons of the representative chromosome X gene SH3KBP1 based on
Strand-seq. Boxplots comparing H1 and H2 use two-sided Wilcoxon rank sum
tests followed by Benjamini-Hochberg multiple testing (FDR) correction
(boxplots defined by minima = 25th percentile - 1.5 x interquartile range (IQR),
maxima = 75th percentile + 1.5 x IQR, center = median and bounds of box = 25th
and 75th percentile; n = 47 single cells). Bar charts show haplotype-specific
RNA expression of SH3KBPI (two-sided likelihood ratio test followed by FDR
correction; n =4 biological replicates; data are presented as mean values
+s.e.m.). g, Inverse correlation of NO at gene bodies and gene expression. NO is
based on pseudobulk Strand-seq libraries from RPE-1. Gene bodies were scaled
to thesame length. h, Cell-typing based on NO at gene bodies (AUC = 0.96). Cell
line codes: Blue, RPE-1; Purple, BM510; Magenta, C7; LV, latent variable. i, Receiver
operating characteristics for inferring altered gene activity by analyzing NO at
gene bodies, using pseudobulk Strand-seq libraries from in silico cell mixing.
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Fig. 2| Linking subclonal SVs to their functional consequences in LCLs.

a, Complex SVsin NA20509, with BFB-mediated rearrangements (17p) and
aterminal dispersed duplication (5q) present with CF = 85%, shown for
representative single cells. Ref, cells lacking complex SVs; InvDup, inverted
duplication; terDel, terminal deletion. Reads are mapped to the W (orange) or

C (green) strand. Gray, single cell IDs. b, Heatmap of 18 genes with altered gene
activity amongst subclones, based on scNOVA (‘17p-BFB’, SV subclone; 17p-Ref’,
17p notrearranged). Asterisks denote TF targets of c-Myc and Max. ¢, Gene set
over-representation analysis for TF target genes showing significant enrichment
of c-Mycand Max targets in the 17p-BFB subclone. P,q;, adjusted Pvalue. Right,
Model for c-Myc/Max target activationin NA20509 based on scNOVA, combined
with previous knowledge. d, Mean RNA-seq expression Zscores of c-Myc/Max
target genes across 33 LCLs. e, Fishplot showing CF changes over long-term

culture from 23.3% (7 of 33 cells; p4) to100% (300f 30 cells; p8). f, qPCR verifies
clonal expansion of the BFB clone in p8 compared with p4 (Pvalue based on
FDR-corrected two-sided unpaired ¢-tests; n = 3). HG1505, control cell line with
asomatically stable MAP2K3locus. Note that for both NA20509 and HG1505 the
germline copy number of the MAP2K3locus was consistently estimated to be
three. Data are presented as mean values + s.e.m. g, RNA-seq shows significant
increase of MAP2K3 at p8 versus p4 (FDR-corrected two-sided Wald test, based on
DESeq2; n=5and three biological replicates for p4 and p8, respectively). h, Mean
RNA expression Zscores of c-Myc/Max target genes in NA20509 (differences
between p4 and p8 were evaluated using a two-sided Wilcoxon rank sumtest;n=35
and three biological replicates for p4 and p8, respectively). Boxplot was defined
by minima =25th percentile - 1.5 x IQR, maxima = 75th percentile + 1.5 X IQR,
center =median and bounds of box = 25th and 75th percentile (g-h).

Functional outcomes of SVs in cell lines

To test this, we set out to investigate the functional outcomes of
somatic SV landscapes in a panel of LCL samples® (N = 25) from the
1000 Genomes Project® (1KGP). Single-cell SV discovery in 1,372
Strand-seq libraries generated for this panel (Supplementary Table 1)
discovered 205 somatic SVs, with 24 of 25 (96%) LCLs showing at least
one SVsubclone—asevenfold increase compared to a previous report*
(Supplementary Table 3 and Supplementary Data). Of all the cell lines,
13 (52%) contained an SV subclone above 10% CF. This included the
widely used NA12878 cell line***, in which we discovered a subclonal

500 kb deletion at19q13.12 (CF = 21%) that was mutually exclusive with
two22qll.2 deletions seenat CFs of 21% and 57%, respectively (Supple-
mentary Figs. 9 and10). The 22q11.2 SVs mapped to the well-known site
of IGL recombination occurring during normal B cell development*.
Wehence focused onthe 19q13.12 event, which resultedinthe loss of a
copy of ZNF382—atumor suppressor and repressor of c-Myc*. Applica-
tion of scNOVA measured significantly increased activity of ERCC6—a
target gene of the c-Myc/Max transcription factor (TF) dimer*—and
decreased activity of PIEZO2and TRAPPCY, in cells harboring this dele-
tion (10% FDR; Supplementary Table 2).
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Tovalidate these findings, we reanalyzed Fluidigm and Smart-seq
single-cell RNA-seq (scRNA-seq) datasets generated for NA12878
(refs.***). We employed several established tools for SCNAs discovery
fromscRNA-seq data*®™*® (Supplementary Table4), all of which failed to
discover any of the SV subclones seenin this cell line (Supplementary
Table 4). Yet, upon directly inputting the respective SV breakpoint
coordinates into the CONICSmat tool*’, we succeeded in identifying the
19q13.12 deletion (denoted 19q-Del’) through ‘targeted SCNArecalling’.
We next pursued differential gene expression analyses by scRNA-seq,
comparing 19q-Del cells to unaffected (‘19q-Ref’) cells, and verified
overexpression of ERCC6 in 19q-Del cells (10% FDR; Supplementary
Fig.10). For PIEZO2 and TRAPPC9, the scRNA-seq-based expression
trends were consistent with scNOVA (Supplementary Fig.10), but did
not reach the FDR threshold. A search for the over-represented TF
targets amongst the differentially active genes identified c-Myc and
Max as the most over-represented TFs in 19q-Del cells (10% FDR; Sup-
plementary Fig.10). These results indicate that scNOVA can function-
ally characterize SVsinaccessible to scRNA-seq-based SCNA discovery.

We next focused onNA20509, the LCL with the most abundant SV
subclone (85% CF). Somatic SVs in NA20509 arose primarily through
the breakage-fusion-bride-cycle (BFB) process*** involving a 49 Mb
terminal duplication on 5q, and a 2.5 Mb inverted duplication on17p
with an adjacent terminal deletion (terDel) (Fig. 2a). The 5q and 17p
segments became fused into a derivative chromosome of around
115 Mb (Supplementary Fig. 13), which probably stabilized the BFB.
We searched for global gene activity changes in this ‘17p-BFB’ subclone
compared with the nonrearranged cells (‘17p-Ref’) and identified 18
dysregulated genes (Fig. 2b). Testing for gene set over-representation®”
(Methods) revealed an enrichment of the target genes of c-Myc/Max
heterodimers (10% FDR; Fig. 2c), that is, the same TFs we observed in
the 19q-Del subclone in NA12878. Consistent with this, we identified
somatic copy-number gain of MAP2K3, whichencodes agene activating
c-Myc/Max*, resulting from the BFB (Fig. 2a).

We performed several orthogonal analyses to validate these find-
ings. First, we verified all somatic SVs using deep WGS data generated
for the IKGP sample panel*” (Supplementary Fig. 13). Second, we ana-
lyzed RNA-seq data® for this LCL panel, which revealed that NA20509
exhibits the highest MAP2K3 expression and the highest c-Myc/Max
target expression (Supplementary Fig. 14 and Fig. 2d). Third, we fol-
lowed the 17p-BFB subclone in culture, by subjecting early (p4) and
late passage (p8) cells to Strand-seq, which revealed outgrowth of
the 17p-BFB subclone (CF =23% at p4, CF =100% at p8; P<0.00001,
Fisher’s exact test; Fig. 2e), suggesting these cells have a proliferative
advantage. Quantitative real-time PCR experiments verified this clonal
outgrowth pattern (Fig. 2f).

Since the functional impact of SVs on clonal expansion is unex-
plored in LCLs, we more deeply characterized the molecular pheno-
types of 17p-BFB cells by pursuing RNA-seq in p4 and p8 cultures. We
observed increased MAP2K3 expression (1.39-fold, 10% FDR) at p8,

consistent with MAP2K3 dysregulation as a result of copy-number
gain in the 17p-BFB subclone (Fig. 2g and Supplementary Note).
Pathway-level analysis showed deregulation of c-Myc/Max target genes
following clonal expansion (P=0.036; Wilcoxon rank sum test; Fig. 2h
and Supplementary Fig.14). Collectively, these datalink the outgrowth
of SVsubclones to the deregulation of c-Myc/Max targets, which could
representacommon driver of clonal expansionin LCLs.

Local effects of copy-balanced driver SVs in leukemia
Todeconvolute the effects of driver SVs in patients, we applied scNOVA
to analyze the local consequences of balanced SVs, which are wide-
spread in leukemia®**. We analyzed primary cells from a patient with
acute myeloid leukemia (AML) (32-year-old male; patient-ID = AML_1)
bearingabalanced t(8;21) translocation that results in RUNXI-RUNX1T1
gene fusion®*. We sorted CD34" cells from AML_1 (Supplementary
Fig.15), and sequenced 42 Strand-seq libraries. SV discovery revealed
a46,XY,t(8;21)(q22;q22) karyotype (Fig. 3a, Supplementary Fig. 16
and Supplementary Table 3) consistent with clinical diagnosis. We
fine-mapped the translocation breakpoint to intron1of RUNXIT1 and
intron 5 of RUNXI (Supplementary Fig.17), and subsequently identified
haplotype-specific NO at 11 genes, genome-wide (10% FDR; Supplemen-
tary Table 2). This included RUNX1T1, which showed reduced NO on
the derivative (H2) haplotype (Fig. 3b), consistent with increased gene
activity mediated as alocal effect of the translocation®. The remaining
genes did notreside near a detected somatic SV, suggesting other fac-
tors (such as germline SNPs; Supplementary Fig.17) may have affected
their NO.

To systematically investigate potential local effects, we used
a sliding window (Methods) to measure NO on both sides of the
translocation breakpoint. We observed decreased NO, suggest-
ing increased chromatin accessibility, from the breakpoint junc-
tion up to the respective nearest topologically associating domain
(TAD) boundaries (Fig. 3¢). This signal was most pronounced in an
enhancer-richregion around 0.8 to 1.1 Mb upstream of RUNXI origi-
nating from chromosome 21 (P < 0.003; likelihood ratio test, adjusted
using permutations; Fig. 3c), found to physically interact with the
RUNXI promoter in CD34* cells®. Within this segment, we identi-
fied two CREs with significantly reduced NO (10% FDR; Exact test)
(Fig.3d and Supplementary Table 5), which may foster RUNX1-RUNX1T1
expression. Chromosome-wide analysis showed haplotype-specific
NO patterns were restricted to the fused TAD (Fig. 3e,f), in line with
these patterns resulting from the translocation.

We also revisited Strand-seq datasets with previously reported
copy-neutral SVs, including the BM510 cell line in which copy-neutral
interchromosomal SVs resulted in TPS3-NTRK3gene fusion*. Inagree-
ment with the oncogenic role of TP53-NTRK3 (ref. **), scNOVA identi-
fied NTRK3 upregulation as the only significant local effect (10% FDR),
consistent with allele-specific TP53-NTRK3 expression measured on
therearranged haplotype (Extended DataFig. 5). Second, we revisited

Fig.3|Haplotype-specific NO analysis shows local effects of a copy-neutral
driver SVin AML. a, Balanced t(8;21) translocation in AML_1, discovered based
onstrand cosegregation (Pvalue = 0.00003 for translocation discovery using
strand cosegregation*, FDR-adjusted Fisher’s exact test; Supplementary
Fig.16). The SV breakpoint was fine-mapped to the region highlighted in

light blue. Composite reads shown were taken from allinformative cellsin
whichreads could be phased (WC or CW configuration; Methods). b, A violin
plot demonstrates haplotype-specific NO at the RUNXITI gene body (10%
FDR; two-sided Wilcoxon rank sum test followed by Benjamini-Hochberg
multiple correction; n =17 single cells; boxplot was defined by minima = 25th
percentile - 1.5x IQR, maxima = 75th percentile + 1.5 IQR, center = median and
bounds of box =25th and 75th percentile), consistent with aberrant activity
ofthe locus on der(8). ¢, Haplotype-specific NO around the SV breakpoint.

FCs of haplotype-specific NO, measured between the RUNXI-RUNX1T1
containing derivative chromosome (der(8)) and corresponding regions on the

unaffected homolog (Ref), are shown inblack, and -log,,(P values) in light blue.
Enhancer-target gene physical interactions based on chromatin conformation
capture®®” are depicted in orange (interactions involving RUNX1 and RUNXITI)
and gray (involving other loci). d, Significant CREs located within the distal peak
region, demonstrating haplotype-specific absence of NO on der(8) at10% FDR,
suggesting increased CRE accessibility on der(8). Within the segment around 0.8
to 1.1 Mb upstream of RUNX1, which showed pronounced haplotype-specific NO,
we tested 69 CREs for haplotype-specific NO, which identified two significant
CREs. e, Haplotype-specific NO measured between der(8) and corresponding
regions of the unaffected homolog. Red, regions corresponding to the fused
TAD. f, Abeeswarm plot shows that the fused TAD (red) is an outlier in terms of
haplotype-specific NO on der(8) (P values based on Kolmogorov-Smirnov tests;
n=83TADsin der(8); boxplot was defined by minima = 25th percentile - 1.5 IQR,
maxima = 75th percentile + 1.5x IQR, center = median and bounds of box = 25th
and 75th percentile).
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a 2.6 Mbinversion mapping to 14q32 in a T-cell acute lymphoblastic
leukemia (T-ALL) patient-derived xenograft (T-ALL_P1)**. scNOVA dis-
covered downregulation of BCL11B, a known haploinsufficient T-ALL
tumor suppressor”’, as asignificant local effect of this balanced inver-
sion, supporting allele-specific silencing of BCL1I1B on the rearranged
haplotype as measured by RNA-seq** (Extended DataFig. 6). These data
collectively show that scNOVA allows linking balanced SVs to their local
functional consequences—afunctionality not provided by any previous
single-cell multiomic method®.

Dissecting functional effects of heterogeneous somatic SVs

We next set out to functionally dissect aleukemia sample with unknown
genetic drivers, by characterizing B-cells from a 61-year-old patient
with chronic lymphocytic leukemia (CLL) (CLL_24)%. Analysis of 86
Strand-seq libraries revealed an unprecedented level of somatic SVs,
with 11 different karyotypes represented by 13 SVs occurring in sub-
clones with CFs of 1-5% (Supplementary Table 3). This vastly exceeds
intrapatient diversity estimates for CLLs from the Pan-Cancer Analy-
sis of Whole Genomes (PCAWG), where maximally three subclones
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were reported*’, highlighting how Strand-seq provides access to SVs
escaping discovery by WGS***. Chromosome 10q showed especially
pronounced subclonal heterogeneity; we identified seven partially
overlapping deletions ranging from 2to 31 Mbin size, and residing prox-
imal to the fragile site FRAIOB®° (Fig. 4a and Supplementary Fig. 18).
These SVs clustered into al.4 Mb ‘minimal segment’ at10q24.32, arising
independently from both haplotypes (Fig. 4b). While previous studies
reported somatic 10q24.32 deletions in 1-4% of CLLs®"**, molecular
analysis of this recurrent somatic SV has so far been lacking.

We first compared all cells bearing a10q24.32 deletion ('10g-Del’,
N=11) to cells lacking such SV ('10q-Ref’, N=75), hence disregard-
ing the fine-scale subclonal structure of CLL_24, and predicted 115
dysregulated genes (Fig. 4c and Supplementary Table 2). Next, we
performed molecular phenotype analysis using MsigDB®* (Methods),
which revealed that 10q-Del cells exhibit increased activity in several
leukemia-relevant signaling pathways, including Wnt, c-Met (a pathway
promoted by Wnt signaling®), B cell receptor (BCR) signaling, phos-
phatidylinositol (3,4,5)-trisphosphate (PIP3) signaling and the CREB
pathway (10% FDR; Fig. 4d). RNA-seq data available for 178 CLLs®* and
stratified by 10q24.32 status, revealed upregulation of Wnt and c-Met
signaling—but not of BCR, PIP3 and CREB signaling—in CLLs exhibiting
10q24.32 deletions (10% FDR; CLLs with10q-Del: N=4;10q-Ref: N=174;
Fig. 4e and Supplementary Fig. 24). These data therefore suggest a
link between 10q24.32 deletion and the promotion of Wnt signaling.

We further tested whether the different 10q-Del events seen in
CLL_24 subclones have led to distinct functional outcomes, focusing
onthreesubclones represented by at least two cells: ‘SCa, showing one
interstitial deletion directly at the minimal segment; ‘SCb, harboringa
terDel, with the breakpoint located at the minimal segmentboundary
and ‘SCc, containing two interstitial deletions, at the minimal seg-
ment and at 10923.31 (Fig. 4b and Supplementary Table 3). Molecu-
lar phenotype analysis of each subclone identified 109, 206 and 266
differentially active genes, respectively (Supplementary Table 2),
with the most pronounced levels of Wnt upregulation in SCb and SCc
(Fig. 4f).SCb showed the highest activation of c-Met, BCR and PIP3 sign-
aling, whereas CREB signaling was highest in SCc (Supplementary Fig.
21). This suggests that deletion location and length at 10q24.32 affect
their molecular consequences, and furthermoreillustrates the ability
of scNOVA to predict molecular differences in subclones represented
by as few as two cells.

To more deeply characterize the CLL_24 subclones, we gener-
ated CITE-seq (cellular indexing of transcriptomes and epitopes by
single-cell sequencing) data, which couples scRNA-seq with protein
surface marker measurements®. Again, we attempted SCNA discovery
inthe scRNA-seq data, which failed to detect any SCNAs, or subclones,
in CLL_24 (Supplementary Table 4). However, targeted SCNA recalling*®
identified 82 CITE-seqcells harboring the greater than 31 Mb10q-terDel
of SCb ('10g-terDel’), whereas the deletions in SCa (2.2 Mb) and SCc
(2.1Mb and 1.9 Mb, respectively) escaped detection (Extended Data

Fig.7and Supplementary Notes). Having recovered the SCb subclonein
the CITE-seq data, we performed single-cell gene set enrichment analy-
sis®’ (Methods), which verified that all pathways inferred by scNOVA
(Wnt, c-Met, BCR, PIP3 and CREB) are upregulated in 10g-terDel cells
(Fig.4d,g). Agene regulatory network analysis®® comparing 10g-terDel
with10qg-Refcellsidentified 43 differentially active TFs (FDR10%; Fig. 4h)
and a functional enrichment analysis®® showed over-representation
of Wnt signaling, BCR signaling and the PD-1 checkpoint pathway
(Supplementary Table 16 and Fig. 4h); the PD-1 checkpoint pathway
has been linked to immune resistance and transformation of CLL to
aggressive lymphoma’®’". Since somatic lesions mediating PD-1expres-
sionin CLL have remained elusive, we used the CITE-seq datato analyze
PD-1protein expression, which demonstrated upregulation of PD-1in
10g-terDel-containing cells as the only significant hit at the protein level
(Fig. 4i). Notably, NFATC1, a TF predicted to be differentially active by
both scNOVA and CITE-seq, regulates Wnt’?, PIP3 (refs.”>™*), CREB” and
BCR signaling’ as well as PD-1 expression’’, and thus may contribute
to global pathway dysregulationin CLL_24. Our analysis reveals subtle
pathway activities of somatic deletions present at low CF (Fig. 4fj),
and collectively implicates 10q24.32 deletions in dysregulated Wnt
signaling—a crucial pathway for CLL pathogenesis’®.

Functional characterization of subclonal chromothripsis
While chromothripsisis awidespread mutational processin cancer**?,
this processis not ascertained by previous single-cell multiomic meth-
ods, and its molecular outcomes remain largely elusive®’*. We previ-
ously discovered a subclonal chromothripsis event® in T-ALL_P1 that
affects most of 6q (denoted ‘6q-CT’; CF = 30%) (Fig. 5a and Supplemen-
tary Table 3); however, the consequences of this complex rearrange-
mentwere uncharacterized. Using scNOVA, we identified 12 genes with
differential NO between 6q-CT and 6q-Ref cells (denoted the ‘CT gene
signature’; 10% FDR; Fig. 5a,b and Supplementary Table 2). A closer
analysis showed 27 TF genes overlapping the chromothriptic region
(Fig. 5a). Gene set over-representation testing using the target genes
of these TFs revealed that c-Myb, product of the MYB oncogene, was
significantly enriched among the genes included in the CT gene sig-
nature (10% FDR; adjusted P=0.00015; Fig. 5b,c and Supplementary
Table 6). The MYB gene is located within a region that was duplicated
(andinverted) asaresult of 6q-CT, suggesting a potential dosage effect
(Fig.5a). Corroborating these predictions, we performed RNA-seqina
panel of 13 T-ALLs, amongst which T-ALL_P1showed the highest expres-
sion of c-Myb targets (Fig. 5d and Supplementary Table 7). We also
verified that MYBis allele-specifically expressed from the SV-affected
haplotype (P=0.0317; likelihood ratio test; Supplementary Fig. 30),
which together nominates MYB as a candidate driver gene dysregulated
asaconsequence of 6q-CT.

Tomore deeply characterize this sample, we generated scRNA-seq
datafor T-ALL_P1(5,504 cells; Fig. 6a). Since scRNA-seq-based SCNAs
discovery**™** missed the 6q-CT event (Supplementary Table 4), we

Fig. 4| Deconvoluting consequences of subclonal SV heterogeneity ina CLL
primary sample. a, Single-cell SV discovery in CLL_24. All cells exhibiting deletions
(10qg-Del) shown in Supplementary Fig.18.10q-Ref, cells bearing a not rearranged
10q.b, Minimal deleted region (chr10:101615000-103028000; hg38), displaying
recurrent deletionsin a separate cohort of CLLs®’. ¢, Heatmap of genes with
altered activity in10g-Del based on scNOVA (alternative mode; 10% FDR). Genes
fromall significant pathways reported ind are highlighted. d, Pathway modules
with differential activity, in cells exhibiting 10q-Del (10% FDR). e, Minimal deleted
region-bearing CLL samples from the International Cancer Genome Consortium
(ICGC) demonstrate overexpression of Wnt signaling genes compared with
10qg-Ref (P=0.0098; two-sided likelihood ratio test; n =174 and n = 4 independent
CLLsamples for10q-Refand 10q-Del, respectively). f, Pathway activities ((-1) x Z
score of NO) derived from jointly modeled NO at the gene bodies of Wnt signaling
pathway genes for each SV-bearing CLL_24 cell. Sla-SId correspond to single cells
exhibiting adeletion at 10q24 not shared by any other cell. n=2,3,2and 1 cells

are depicted in the plot for SCa, SCb, SCc and Sla-Sld, respectively. g, Single-cell
gene set enrichment scores for five leukemia-related pathways from CITE-seq.
Enrichment scores for 10q-terDel (n = 82) and 10g-Ref (n = 2,381) cells were
compared using two-sided t-tests. h, Chart depicting 43 differentially active TFs
between 10g-terDel and 10q-Ref cells based on DoRothEA®®. Genesinvolved in

the pathways over-represented by these TFs are annotated using colored dots.

i, Differentially expressed surface protein CD279 (PD-1) in10q-terDel (n = 82)
compared with 10g-Ref (n =2,381) cells based on a two-sided Wilcoxon rank sum
test. j, Wnt pathway diagram showing the altered genes or TFsin SCb (10g-terDel)
identified by scNOVA (blue nodes) and CITE-seq (red borders). Gray, known (see
PubmedIDs) and computationally predicted regulators (based on Gene Ontology
Biological Process (GOBP)) of Wnt signaling that are deleted in SCb. Throughout
the figure, boxplots were defined by minima = 25th percentile - 1.5 IQR,

maxima = 75th percentile + 1.5x IQR, center = median and bounds of box = 25th and
75th percentile.
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again performed targeted SCNA recalling (Supplementary Notes)
generating confident calls for 838 (around 15%) cells in the scRNA-seq
dataset (the remaining 4,666 cells lacked a confident assignment;
‘NA’). Out of these 838 cells, 729 were predicted to harbor the 6q-CT
event, and 109 were called 6q-Ref. Unsupervised clustering® of
the scRNA-seq data stratified by 6q status (Methods) revealed that
6q-CT cells (as predicted through targeted recalling) were enriched in
two expression clusters (clusters3and 7; P=3.43 x10 *and 1.15 x 10°3;
FDR-adjusted Fisher’s exact test; Fig. 6d and Supplementary Fig. 34),

in line with a distinctive expression profile. To corroborate this, we
applied UCell® to assign cells into ‘6q-CT’ or ‘6q-Ref” based on the
CT genesignature, which confirmed enrichment of 6q-CT in clusters
3 and 7 (Fig. 6¢,d; P=3.39 x 1073 and P=2.15 x 10™*; FDR-adjusted
Fisher’s exact test). Trajectory analysis®’ showed the 6q-CT cells (as
defined by UCell) were enriched for DNearly (double-negative early;
P=2.78 x107%), DNQ (double-negative quiescent; P=1.27 x 10°%)
and DPP (double-positive proliferating; P=1.88 x107) T cells
(FDR-corrected Fisher’s exact tests; Fig. 6b and Supplementary
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Fig.5|scNOVA identifies functional effects of a subclonal chromothripsis
event. a, The 27 TF genes located in asegment that underwent chromothripsis**
on 6qin T-ALL_P1. Haplotype-specific NO measurements, which scNOVA
generated for CREs assigned to the nearest genes, are depicted below. FC of
normalized haplotype-specific NO is shown for each subclone. 6q-CT, subclone
bearing chromothripsis on 6q; 6q-Ref, subclone bearing anot rearranged
chromosome 6. b, Heatmap of 12 genes with differential activity between
subclonesin T-ALL_P1, based on scNOVA (denoted CT gene signature). Asterisks
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denote TF targets highlighted in c. ¢, TF target over-representation analyses

for CT gene signature, revealing c-Myb as the only significant hit. Venn diagram
depicting enrichment of c-Myb targets (P value based on an FDR-adjusted
hypergeometric test). Upper right, network with c-Myb and its target genes
based on scNOVA, combined with previous knowledge. d, Mean Zscores of c-Myb
target gene expression measured by bulk RNA-seq ina panel of 13 T-ALL-derived
samples. T-ALL_P1(P1) exhibited the overall highest expression of c-Myb targets.

Fig. 35), and depleted of mature CD4" T cells (P=1.45x10™", Sup-
plementary Fig. 35). This suggests a potential differentiation block
atthe progenitor stage asaresult of 6q-CT and, more generally, that
6q-CT cells bear a distinctive molecular phenotype as aresult of the
chromothriptic rearrangements.

Havingidentified c-Myb pathway activation as aconsequence of
6q-CT in TALL_P1, we hypothesized this molecular phenotype could
guide drug targeting in cell culture. We selected NOTCH1 as a suit-
able candidate for targeting this subclone because this c-Myb target
was (1) inferred by scNOVA to be highly upregulated in 6q-CT cells
(Fig. 5b) and (2) is targetable by different compounds and strate-
gies®. We treated T-ALL_P1 cell cultures with the CB-103 pan-NOTCH
small-molecule inhibitor (targeting the Notchl intracellular domain
(N1-ICD)3*%*) or a vehicle control for 8 h and 24 h (Methods). Using
scRNA-seq (3,663 single cells) to analyze drug response patterns,
we inferred 6q-CT and 6q-Ref cells at each timepoint by transferring
the cellannotation labels from the untreated (reference) sample with
Seurat®® (Fig. 6¢c and Supplementary Fig. 37). After 24 hin culture,
vehicle-treated T-ALL_P1 cells showed a 45% relative increase in the
6q-CT subclone compared to 8 h (CF of 17.1% to 24.6%; P = 0.0180;
FDR-adjusted Fisher’s exact test), indicating that 6q-CT cells
expanded clonally. By contrast, upon CB-103 treatment, the CF of
the 6q-CT subclone was reduced at 24 h (to CF =15.5%; P= 0.0064; Fig.
6e and Supplementary Fig.38), indicating that 6q-CT cells were pref-
erentially lost with N1-ICD inhibition. Additionally, we observed spe-
cific depletion of the REACTOME N1-ICD gene set only in 6q-CT cells
after 24 h of CD-103 treatment, consistent with specific subclone
targeting (P=0.0096; FDR-adjusted Wilcoxon rank sum test; Fig. 6f
and Supplementary Fig. 39). These results highlight the potential of
scNOVA to functionally characterize highly complex classes of DNA
rearrangement (that is, chromothripsis events), and to clinically
target subclones bearing complex cancer driver SVs.

Discussion

The functional characterization of SVs is of critical importance for
precision oncology'. Our method characterizes a wide spectrum
of SV classes, and couples these with NO analysis to link somatic
SVsto local or global gene activity changes. Accounting for balanced
SVs, scNOVA allows the investigation of copy-number stable (that is,
euploid) malignancies previously inaccessible to single-cell multiom-
ics*?° (Supplementary Table 12). Strand-seq derived SCNA calls were
far better resolved compared to scRNA-seq based calls (Supplemen-
tary Table 4), suggesting a more limited utility of scRNA-seq data for
discovering SCNA drivers in cancer, with the exception of malignan-
cies displaying extremely high levels of chromosomal instability with
particularly large-scale SCNAs>®¢,

We uncovered unprecedented karyotypic diversity in a CLL
sample, comprising distinct deletions at 10q24.32, which we link to
leukemia-related signaling pathways, particularly Wnt signaling. Read
depth based profiling of SCNAs is prone to underreport such subclonal
structural diversity’. Enrichment of cases bearing 10q24.32 deletions
amongst relapsed/refractory and high-risk CLLY suggests a potential
role of Wnt pathway dysregulation mediated through 10q24.32 in
disease progression. Whether the FRAIOB fragilesiteisinvolvedin the
formation of these deletions remains to be seen and requires larger
cohorts. Interestingly, CLL_24 exhibits a SNP (rs118137427; 3.7% allele
frequencyin Europeans) within FRA10B associated with the acquisition
of10q-terDelinnormal blood*. Based on the PCAWG resource compris-
ing 94 CLLs? rs118137427 is seenin 2 out of 4 (50%) CLLs with 10q24.32
deletions, butinonly 6 of 90 (6.7%) CLLs with10q-Ref (P = 0.035; Fish-
er’sexacttest), suggesting apossible link between SNPs at FRAI0B and
ITHinleukemia that warrants future investigation.

Our framework readily functionally characterizes complex rear-
rangements previously inaccessible to single-cell multiomics®. Com-
plex somatic SVs are prevalent in cancer and linked with aggressive
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Fig. 6 | Targeting the chromothriptic subclonein cell culture. a, Uniform
manifold approximation and projection (UMAP) of scRNA-seq data showing
ten unsupervised clustersin T-ALL_P1. b, Overlay of gene set-derived cell-type
annotation and inferred lineage trajectory onto this UMAP. ¢, Single cells
whose expression profiles matched the CT gene signature (gene set UCell
score > (medianscore +s.d.)) are assigned to ‘6q-CT’ and shownin red; the
remaining cells did not meet the threshold for the CT gene signature (assigned
‘6q-Ref” status’). Pvalues depict enrichment of 6q-CT cellsin clusters3and 7.
d, Significant enrichment of 6q-CT cells in clusters 3 and 7 based on scRNA-seq.
Upper panel, dot plot showing the significance of over-representation of
6q-CT calls in scRNA clusters based on targeted SCNA recalling (P values based
on FDR-adjusted Fisher’s exact tests). Lower panel, gene set-level expression
summary for the CT gene signature, derived using UCell* with the directionality
of expression changes taken into account. e, CF of 6q-CT cells after treatment
with Notchinhibitor CB-103 (green) and vehicle control (brown) along a time
course 8 hbefore and 24 h after treatment. CF was estimated by transferring

gene set based CT annotations obtained from the scRNA-seq of T-ALL_P1before
treatment to the scRNA-seq of T-ALL_P1 after treatment. Changed CF (%) at

24 hcompared with 8 his shown in the plot on top of the 24 h datapoints. For
each timepoint, the difference of CF under vehicle and CB-103 was evaluated

by Fisher’s exact test (results are based on pairwise comparisons). f, Scaled
enrichment scores obtained by single-cell gene set enrichment analysis

for the ‘N1-ICD transcriptional pathway’ gene set. Scores across treatment
conditions (vehicle versus CB-103) were compared using two-sided Wilcoxon
rank sum tests. (Boxplot was defined by minima = 25th percentile - 1.5x IQR,
maxima = 75th percentile + 1.5x IQR, center = median and bounds of box = 25th
and 75th percentile; n = 665,978, 915 and 556 cells for 6q-Ref from 8 h Vehicle,

8 h CB-103, 24 h Vehicle and 24 h CB-103; n = 91,157, 213 and 88 cells for 6q-CT for
each condition, respectively.) g, Network representation of GOBPs enriched by
differentially expressed genes in 6q-CT compared with 6q-Ref cells under CB-103
treatment (24 h), subtracting any genes not specific to the drug treatment.

tumor phenotypes>*** underlining significant potential of scNOVA for
the comprehensive functional characterization of cancer cells. Since
scNOVA does not require coupling distinct experimental modalities
in each individual cell, it overcomes important methodological chal-
lenges®, including data sparseness and higher costs from generat-
ing data for more than one modality**®, Additionally, the coverage
achieved by Strand-seq enables the analysis of haplotype-specific NO

alongtheentire genome (Supplementary Fig.41), providing advantages
over classical allele-specific analyses that are restricted to regionally
phased SNPs".

Nonetheless, important challenges remain, and the full spectrum
of mutations arising in an individual cell is likely to remain inaccessi-
ble to a single method in the foreseeable future. Strand-seq does not
capture SVs less than 200 kb that more rarely acts as cancer drivers?.
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Additionally, while scNOVA infers differentially active genes, it does not
spanthe same dynamic expression range as sSCcRNA-seq (Supplementary
Table12). This suggests that pairing scNOVA with targeted SCNA recall-
ing by scRNA-seq can provide added value by allowing variants outside
the detection range of other methods to be characterized. Finally,
Strand-seq requires dividing cells for BrdU labeling” (Fig. 1a), and is
therefore not applicable for nondividing cells or fixed samples. How-
ever, it canbe used for dividing cells in organoids, primary fresh frozen
progenitor cells, cellsinregenerating tissues and cancer samples ame-
nable to culture. Our study used cell lines for benchmarking followed
by proof-of-principle application in patient samples. Generalization
of these analyses to larger cohorts will allow systematic investigation
oftheroles subclonal SVs play in leukaemogenesis.

We foresee a wide variety of potential future applications. Our
framework offers potential for studies on the determinants and con-
sequences of chromosomal instability in cancer, and may promote
research into the interplay of genetic and nongenetic cancer deter-
minants®. It likewise could be used to advance surveys of precan-
cerous lesions*”. Additionally, scNOVA may offer value in precision
oncology by exposing subclonal driver alterations along with their
targetable functional outcomes, to target cancer subclonesin patients.
Furthermore, SVs can accidentally arise in key model cell lines, as we
demonstrate for widely used LCLs, and the features of scNOVA are
ideally suited to functionally characterize unwanted heterogeneity
in such samples. Unwanted somatic SVs also arise as a by-product
of CRISPR-Cas9 genome editing, which generates micronuclei and
chromosome bridges in human primary cells, structures that initiate
the formation of chromothripsis®. scNOVA could promote the safety
of therapeutically relevant genome editing in the future, by enabling
the simultaneous detection and functional characterization of such
potentially pathogenic editing outcomes.

In summary, scNOVA moves directly from SV landscapes to their
functional consequencesin heterogeneous cell populations. By making
abroad spectrum of somatic SVs accessible for functional characteri-
zation genome-wide, this single-cell multiomic framework serves as
afoundation for deciphering the impact of somatic rearrangement
processes in cancer.
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Methods

Strand-seq library preparation

NA20509 Strand-seq libraries were prepared as previously described .
Strand-seq libraries of primary leukemia samples were generated as
follows: peripheral blood mononuclear cells of a previously untreated
female CLL patient (routine diagnostics: /GHV unmutated, no TP53
mutation, no detected alteration in 6q21, 8q24, 11q22.3,12q13, 13q14
and17p13) were isolated after obtaining informed consent. Cells were
isolated and cultured using previously established protocols®. CLL
cellswere cultured at1x 10° cells mlin Roswell Park Memorial Institute
(RPMI) medium (Gibco by Life technologies), supplemented with 10
% human serum (PAN BIOTECH), 1% Pen/Strep (GIBCO by Life Tech-
nologies) and 1% Glutamine (GIBCO by Life Technologies). Cells were
stimulated with1pg ml™” Resiquimod (Enzo) and 50 ng mlI™IL-2 (Sigma).
BrdU (40 pM; Sigma) was incorporated for 90 hand 120 h, respectively,
to performnontemplate strand labeling. Single nuclei from each time-
point were sorted into 96-well plates using aBD FACSMelody cell sorter,
followed by Strand-seq library preparation (described below). In the
case of the AML sample, frozen primary mononuclear cells fromabone
marrow aspirate were thawed and stained with CD34-APC (clone 581;
Biolegend), CD38-PeCy7 (clone HB7; eBioscience), CD45Ra-FITC (clone
HI100; eBioscience), CD90-PE (clone 5E10; eBioscience) and LIVE/
DEAD Fixable Near-IR Dead Cell Stain (Thermofisher). Single, viable,
CD34" cells (Supplementary Fig. 15) were sorted using a BD FACSAria
Fusion Cell Sorter into ice-cold serum-free expansion medium (SFEM)
supplemented with 100 ng mI™*SCF and F1t3 (Stem Cell Technologies),
20 ng mI™IL-3,1L-6, G-CSF and TPO (Stem Cell Technologies). Cells were
plated in Corning Costar Ultra-Low Attachment 96-well flat-bottom
plates (Sigma) at 1 x 10° cells mI™ in warm medium as above. At 24 h
after culture, 40 pM BrdU was added. Nuclei were isolated after 43 h
total culture time, and BrdU-incorporating nuclei sorted into 96-well
plates followed by Strand-seq library preparation. All Strand-seq librar-
ies were automatically prepared using a Biomek FXP liquid handling
roboticsystem, as described previously”**°. Libraries were sequenced
onanllluminaNextSeq 500 sequencing platform (MID-mode, 75 base
pair (bp) paired-end sequencing protocol).

Strand-seq data preprocessing

Reads from Strand-seq (fastq) libraries were aligned to the hg38 assem-
bly using BWA?, as previously described*. Sequence reads with low
quality (MAPQ < 10), supplementary reads and duplicated reads were
removed. Single-cell library selection was performed as described
previously*’. The single-cell footprints of different SV classes were
discovered using the principle of scTRIP of Strand-seq data using the
MosaiCatcher computational pipeline with default settings™.

Coupling NO measurements and SV discovery in the same cell
with scNOVA

We developed scNOVA as acomputational framework for coupling dis-
covered somatic SVs with analyses of NO profilesin the same cell. The
scNOVA workflow covers a set of different operations from single-cell
SVdiscovery (using the previously described scTRIP method**) to NO
profiling at CREs, and gene as well as pathway dysregulationinference
based on NO at gene bodies, and can be used in a haplotype-aware or
-unaware manner (Extended Data Fig.1). To maximize reusability, inter-
operability and reproducibility we combined all scNOVA modulesinto
a coherent workflow using snakemake. Alternatively, these modules
can be executed individually.

Data analysis and operational definition utilized for NO. We oper-
ationally defined NO closely following definitions from a previous
study?®: NO maps were calculated by counting how many reads from
the Strand-seq libraries (which typically comprise mono-nucleosomal
fragments around 140-180 bp in size; see Supplementary Table1and
SupplementaryFig.1) covered agiven bp based on aligningreadsto the

GRCh38 (hg38) genome assembly with BWA”. Genomic regions with
unusual (such as artificially high) coverage were considered artifacts,
and were automatically excluded (‘blacklisted’) by our Strand-seq
analysis workflow as previously described®. No further peak calling
or smoothing was conducted, and no assumptions on the length of
the nucleosomal DNA were made to derive NO maps, as nucleosome
boundaries were determined on both sides of the nucleosome by
paired-end sequencing?. For the calculation of NO around bound CTCF
binding sites (downloaded from ENCODE?*), the averaged profile was
scaled®toyield anNO equal to1at position -2,000 bp from the center
of the bound CTCF site.

Cell type classification. We generated feature sets fromthe NO at the
body of genes (defined as the region from the TSS to the transcription
termination site, which includes exons and introns) at the single-cell
level. When several sequencing batches from the same samples were
available, we applied batch correction to the NO count matrix using
ComBat-seq”. NOingene body regions was normalized by segmental
copy number status, and by library size to obtain reads per million,
whichwe transformedintolog, scale. This feature set was used for the
unsupervised dimension reduction plot (Extended Data Fig. 3) and
for training of a supervised classification model based on PLS-DA”’.

Haplotype-phasing of single-cell NO tracks. As previously described,
Strand-seqdirectly resolvesits underlying sequence reads onto haplo-
types ranging from telomere to telomere® (chromosome-length hap-
lotyping). scNOVA phases NO profiles onto achromosomal homolog
using the StrandPhaseR algorithm®, which is employed wherever the
template strand segregation pattern of achromosome enables unam-
biguous haplotype-phasing, that is, for Watson/Crick (WC) or Crick/
Watson (CW) template state configurations in Strand-seq libraries**°.
Haplotype-specific analyses pursued by scNOVA employ phased reads
(normalized by locus copy number), whereas the inference of gene
activity changes uses both phased reads (from chromosomes with a
WC or CW configuration) and unphased reads (from chromosomes
with a CC or WW configuration®).

Inference of haplotype-specific NO and identification of local
effects of SVs. To dissect local effects of SVs, the scNOVA framework
performsagenome-wide haplotype-specific NO analysis at gene bodies
inpseudobulk, whichyields a haplotype-specific NO matrix. Using this
matrix, scNOVA thenscansup to +1 Mb around each somatic SV break-
pointtoinferlocal effects of these breakpoints on haplotype-specific
gene activity, using FDR-adjusted Wilcoxon rank sum tests. Once alocal
effect ongene activity is identified, scNOVA additionally provides the
optiontolocally scan for CREs exhibiting haplotype-specific NO. To do
so, user-provided CRE positions from the cell type of interest are used
by scNOVA to calculate haplotype-specific NO at CREs, and the Exact
test (10% FDR) is used for significance testing.

Inference of genome-wide changes in gene activity. This
haplotype-unaware module of scNOVA considers all reads—whether
phased or not—to infer gene activity alterations via analysis of dif-
ferential patterns of NO along gene bodies. scNOVA obtains gene
loci from ENSEMBL (GRCh38.81), converted into bed format (Gen-
ebody_hg38.81.bed). Strand-seq reads falling within the start and
end position of genes (Genebody_hg38.81.bed) were identified with
the Deeptool multiBamSummary function'®, using the following
parameters: [multiBamSummary BED-file -BED Genebody_hg38.81.
bed -bamfiles Input.bam -extendReads -outRawCounts output.tab
-out output.npz]. The scNOVA gene dysregulation inference module
contains two steps: Step 1 filters out genes unlikely to be expressed
(‘not expressed’, NEs), whereas Step 2 infers dysregulated (that is,
differentially expressed) genes between subclones using a general-
ized linear model.
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using Strand-seq read count data, with these read counts then being
normalized using the median-of-ratios method from DESeq?2 (ref.'®).
For each member in the biological pathway gene sets from MSigDB**,
scNOVA then computes meannormalized NO values, in each single-cell,
as a proxy for pathway-level NO. Lowly variable genes (s.d. <80%) are
removed. Pathway-level NO is compared between cells with and with-
out SVs using linear mixed model fitting followed by likelihood ratio
testing, and controlling the FDR at 10%. For linear mixed modelfitting,
SV status is defined as a fixed effect and different Strand-seq library
batches are defined as random effects, by scNOVA.

Quantitative real-time PCR

NA20509 was ordered from Coriell and taken into culture at passage
four. The late passage was grown until passage eight in a time span
of 8 weeks. HG01505 was taken into culture at passage five and was
grown until passage nine within a total time span of 6 weeks. DNA,
RNA and protein were isolated with the NucleoSpin TriPrep Mini kit
(740966.50) according to the manufacturer’s protocol. qPCR was
performed on genomic DNA. PCR primers for MAP2K3 and TP53 were
obtained from Sigma. qPCR was performed using BD SYBR Green PCR
Master Mix (4309155) with a final primer concentration of 300 nM
each and 10 ng input gDNA. A GAPDH control region was used as a
normalizer. The primer sequences for DNA qPCR are provided in Sup-
plementary Table 17.

Drug treatment with CB-103

Primary human T-ALL cells were recovered from cryopreserved bone
marrow aspirates of patients enrolled in the ALL-BFM 2009 study.
Patient-derived xenografts were generated as previously described
by intrafemoral injection of 1 million viable primary ALL cells in NSG
mice'** Patient-derived xenografts (T-ALL_P1)** cells were frozen until
processing. Human hTERT immortalized primary bone marrow mes-
enchymal stromacells (MSC; provided by D. Campana) were cultured
inRoswell Park Memorial Institute (RPMI) 1640 medium supplemented
with10% heat-inactivated fetal bovine serum, L-glutamine (2 mM), peni-
cillin/streptomycin (100 IU ml™) and hydrocortisone (1 pM). MSCs were
seeded in 24-well plates at a concentration of 500,000 cells per wellin
1mlAimV medium. After 24 h, T-ALL cells were added at a concentra-
tion of 1.5 million cells per wellin1 ml Aim V. CB-103 (MedChemExpress,
HY-135145) or DMSO (vehicle) as control was added after an additional
24 h at a concentration of 10 uM. After 8 h and 24 h, cells were trypsi-
nized, collected and frozen in 90% fetal bovine serum /10% DMSO.

Single-cell RNA sequencing and data processing
For scRNA-seq library preparation, cryopreserved cells were thawed
rapidly at 37 °C and resuspended in 10 ml warm RPMI medium with
100 pg ml™* Dnase I. Cells were centrifuged for 5 mins at 300g, and
resuspended in ice-cold PBS with 2% fetal bovine serum and 5 mM
EDTA. Cells were stained on ice with anti-murine-CD45-PE (mCD45)
(clone 30-F11; BioLegend; 1:20) in the dark for 30 mins. 1:100
4,6-diamidino-2-phenylindole (DAPI) was added and incubated in the
darkfor 5 minsbefore sorting. Triple negative cells (4,6-diamidino-2-ph
enylindole-mCD45-GFP") were sorted (Supplementary Fig.32) using a
BD FACSAriafusion cell sorter intoice-cold 0.03% bovine serumalbumin
(BSA) in PBS. All isolated cells were used immediately for scRNA-seq
libraries, which were generated as per the standard 10x Genomics Chro-
mium3’(v.3.1Chemistry) protocol. Completed libraries were sequenced
onaNextSeq5000 sequencer (HIGH-mode, 75 bp paired-end).
Sequenced transcripts were aligned to both human and mouse
genomes (GRCh38 and mm10) and quantified into count matrices
using cell ranger mkfastq and count workflows (10X Genomics, v.3.1.0,
default parameters). The R package Seurat®® (v.4.0.3) was used for
quality control of single cells and unsupervised clustering of the data.
Briefly, human cells were separated from multiplets/mouse contami-
nation based on greater than 97 % of their reads aligning to GRCh38.

Further filtering for high quality cells accepted only those with more
than 200 but less than 20,000 total RNA counts, and a percentage of
mitochondrial reads less than10% for the untreated data, and less than
40%for the drug-treated samples. Finally, remaining mouse transcripts
were removed before further analysis.

In the untreated data, normalization, scaling and regression of
mitochondrial read percentage was carried out using the scTrans-
form package'®. Dimensionality reduction and differential expres-
sion analysis of identified clusters was performed as standard using
Seurat. Trajectory analysis was performed using Monocle3 (ref. 1°).
In the drug treatment data, individual Seurat objects that had been
quality controlled as above were normalized by scTransform'*'*” and
thenintegratedto correct for batch effects and allow for comparative
analysis. To re-annotate clusters from the untreated data in the drug
treatment data, the TransferData() function from Seurat® was used
to project labels from our reference (that is, untreated data) onto
the integrated drug treatment data. Single-cell gene set enrichment
analysis was performed using the R package ‘escape™’.

Cellularindexing of transcriptomes and epitopes by
single-cell sequencing

A peripheral blood-derived sample (CLL_24) was recovered from
cryopreservation as previously described'®® to reach viability above
90%. Then, 5 x 10° viable cells were stained by a premixed cocktail of
oligonucleotide-conjugated antibodies (Supplementary Table 14)
and incubated at 4 °C for 30 min. We provided dilution used for each
antibody in Supplementary Table 14. Cells were washed three times
withice-cold washingbuffer. After completion, bead-cell suspensions,
synthesis of complementary DNA and single-cell gene expression and
antibody-derived tag (ADT) libraries were performed using a Chro-
mium single cell v.3.13’kit (10x Genomics) according to the manufac-
turer’s instructions. Then, 3’ gene expression and ADT libraries were
pooledinaratio of 3:1aiming for 40,000 reads (gene expression) and
15,000 reads per cell (ADT), respectively. Sequencing was performed
on a NextSeq 500 (Illumina). After sequencing, the cell ranger wrap-
per function (10x Genomics, v.6.1.1) cellranger mkfastq was used to
demultiplex and to align raw base-call files to the human reference
genome (hg38). The obtained FASTQ files were counted by the cell-
ranger count command. If not otherwise indicated default settings
were used. Single-cell gene set enrichment analysis was performed
using the R package ‘escape™.

Single-cell gene signature scoring using UCell

The activity of the scNOVA-identified gene set from T-ALL_P1 in
scRNA-seq data was profiled using the UCell package®'. Briefly, sig-
nature genes considered were those with either increased (implying
decreased expression) or decreased (implying increased expression)
nucleosome occupancy (see Fig. 5b), or genes encoding TFs whose
targets showed differential nucleosome occupancy (see Fig. 5c).
The following gene set was used for T-ALL_P1: ‘PRKCB-’, ‘RPS6KA2-,
‘FAM120B-’, ‘FAM86C1+, ‘FBX022+’, ‘RHOH+’, ‘SLC9A7+’, ‘NASP+’,
‘NOTCH1+, ‘MRPL48+’, ‘'MFSD9+’, ‘MVB12B+’, ‘MYB+’ (with ‘+" for
upregulated, and ‘-’ for downregulated). The score per single cell for
the entire directional gene set was calculated using the AddModule-
Score_UCell() function. Cells were considered to be ‘active’ for the
signature genesiftheir respective UCell score was greater than or equal
tothe median UCell score of the entire dataset, plus the s.d. Similarly,
for T-cell cell-type labeling, marker gene sets for T-cell subsets were
obtained fromPark et al.'”” and single cells were scored for their activity
ineachgene set. Cells were labeled by their best-fit cell type, thatis the
cell-type whose gene set gave the highest UCell score.

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

Sequencing data from this study can be retrieved from the European
Genome-phenome Archive (EGA) and the European Nucleotide Archive
(ENA).LCL dataareavailable under the following accessions: Strand-seq
(PRJEB39750, PRJEB55038); RNA-seq (ERP123231); WGS (PRJEB37677).
Cllcellline dataare available under the accession PRJEB55012. Leuke-
mia patient data and human primary cells derived data were depos-
ited in the European Genome-phenome Archive (EGA) under the
following accession numbers: skin fibroblast (EGASO0001006498);
cord blood (EGAS00001006567). T-ALL Strand-seq and scRNA-seq
(EGAS00001003365), CLL Strand-seq (EGAS00001004925),
AML Strand-seq (EGAS00001004903), T-ALL bulk RNA-seq
(EGAS00001003248), CLL bulk RNA-seq (EGAS00001005746), CLL
CITE-seq (EGAS00001004925). Access to human patient data is gov-
erned by the EGA Data Access Committee.

Code availability

The computational code of our analytical framework scNOVA is avail-
able open source at https://github.com/jeongdo801/scNOVA, with
no restrictions on reuse. Other software used: Mosaicatcher (https://
github.com/friendsofstrandseq/mosaicatcher-pipeline), Strand-
PhaseR (https://github.com/daewoooo/StrandPhaseR), InferCNV
(https://github.com/broadinstitute/inferCNV/), HoneyBADGER
(https://jef.works/HoneyBADGER/), CONICSmat (https://github.
com/diazlab/CONICS), NucTools (https://homeveg.github.io/nuc-
tools), Delly2 (https://github.com/dellytools/delly), BWA (v.0.7.15),
STAR (v.2.7.93), SAMtools (v.1.3.1), biobambam2 (v.2.0.76), deeptools
(v.2.5.1), perl (v.5.16.3), Python (v.3.7.4), cuDNN (v.7.6.4.38), CUDA
(v.10.1.243), TensorFlow (v.1.15.0), scikit-learn (v.0.21.3), matplotlib
(v.3.1.1), Rv.4.0.0, DESeq2, FlowJo and BD FACSDiva.
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Computational pipeline of scNOVA

Pre-processing: Haplotype-resolved SV discovery in single cells (scTRIP)
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Extended Data Fig. 1| Overview of components of the scNOVA computational network (CNN) based machine learning, and negative binomial generalized

workflow. scNOVA employs single cell tri-channel processing (scTRIP) as linear models. The framework dissects intra-sample genetic heterogeneity at
realized in the MosaiCatcher pipeline to perform haplotype-aware somatic SV single-cell resolution, measures the local haplotype-specific impact of somatic
discovery**. Modules of scNOVA enable single-cell mulitomics of these somatic SVs, can be used to explore global gene dysregulation in SV-containing cells, can
SVs, including inference of haplotype-specific NO to investigate local (cis) effect discriminate between genetically-distinct subclones, and can uncover shared

of SVs, and inference of altered gene/pathway activity to investigate global functional consequences of heterogeneous SVs affecting the same chromosomal
(trans) effect of SVs detectable between geneticlaly distinct subclones. To interval.

infer alterations in gene activity, scNOVA integrates deep convolutional neural
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Extended Data Fig. 2| Read depth of Strand-seq and MNase-seq data
stratified into 15 chromatin states defined by Roadmap epigenome
consortium™®. 15 chromatin states based on the NA12878 cell line were utilized
inthis genome-wide analysis. Plots generated represent Strand-seq data from
NA12878 (n =95 cells) (a), and publicly available MNase-seq from NA12878,
NA19193, and NA19238 (n = 1sample each) (b-d). The bulk MNase-seq experiment
of NA12878 was pursued using single-end SOLID sequencing reads, and that of
NA19193 and NA19238 was done using paired-end Illumina reads. The X-axisin
the box plotindicates reads per kilobase per million (RPKM) measured for each
genomic segment annotated by one of the 15 chromatin states. Abbreviations
for chromatin states™ are: TssA-Active TSS, TssAFInk-Flanking Active TSS,
TxFInk - Transcription at gene 5'and 3’, Tx - Strong transcription, TxWk - Weak
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transcription, EnhG - Genic enhancers, Enh - Enhancers, ZNV/Rpts - ZNF genes &
repeats, Het - Heterochromatin, TssBiv - Bivalent/Poised TSS, BivFInk - Flanking
Bivalent TSS/Enh, EnhBiv - Bivalent Enhancer, ReprPC - Repressed PolyComb,
ReprPCWk - Weak Repressed PolyComb, Quies - Quiescent/Low. Boxplots were
defined by minima=25th percentile - 1.5X interquartile range (IQR), maxima =
75th percentile + 1.5XIQR, center = median, and bounds of box =25th and 75th
percentile. Both Strand-seq and MNase-seq assays measured NO in all fifteen
chromatin states. Among these chromatin states, Strand-seq and MNase-seq
revealed the highest NO signals on average for the polycomb repressed state
and the bivalent enhancer state; whereas the lowest average NO signals were
consistently seen for the active transcription start site (TSS) state.
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Extended Data Fig. 3| Utility of NO for cell-typing. (a) Cell-typing based on
NO at gene bodies (AUC =1). Epil: RPE-1replicate 1(79 cells); Epi2: replicate 2 (77
cells); LCL1: HGO1573 (46 cells); LCL2: HG02018 (50 cells), LCL3: NA19036 (50
cells); LV: latent variable. (b) UMAP visualization of Strand-seq libraries based
on NO at gene-bodies (normalized by segmental ploidy status*). (c) We also
explored dimensionality reduction of Strand-seq libraries based on DNA motif
accessibility. Using the chromVAR package'”, single-cell NO profiles for 2 kb
DNase I hypersensitive sites (DHSs) were transformed into a deviation Z-score,
which measures how likely a certain motif accessibility would occur when
randomly sampling sets of peaks with similar GC content and read depth. For
eachsingle-cell, the deviation Z-score was calculated for 870 human TF motifs
from the cisBP database™. These dimensionality reduction plots suggest that
batch effect within the same cell type (three individuals in LCL, and two batches in

RPE-1sequenced separately) is minimal, and far less than the cell-type dependent
variability. (d) UMAP using scMNase-seq®, including 45 NIH3T3 cells and 272
murine naive T cells, based on NO at the gene-bodies. (e) UMAP of RPE-1 (the
originally commercially available cell line) and its transformed derived* cell lines
(BM510 and C7). Two biological replicates were sequenced for each cell line. (f)
Receiver operating characteristic (ROC) using the PLS-DA based classifier. AUC
for classifying each cell line was 0.9614, 0.9694, and 0.9892 for RPE-1, BM510,

and C7 respectively. (g-h) Cell-typing for LCL, RPE-1, skin fibroblast, AML, T-ALL,
and umbilical cord blood cells (g), and ROC curve depicting classification
performance (overall AUC = 0.998) (h). (i-j) Cell-typing in five RPE-1derived

cell lines” (RPE-1, BM510, C7, C29, and C11) (i), and ROC curve depiciting
classification performance (overall AUC = 0.9648) (j).
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Extended Data Fig. 4 | Insilico downsampling experiments. We performed in
silico cellmixing of RPE-1and HG01573 cells to simulate application of sScNOVA
to different cell fractions (CFs). In this analysis six different CF ranges were
considered (20,10, 5,3.3,2,and 1.3). For each in silico cell mixing experiment,
atotal of 150 single cells were randomly subsampled for the major pseudo-
clone (containing RPE-1cells) and the minor pseudo-clone (HG01573 cells), by
controlling the minor pseudo-clone CF at 20,10, 5, 3.3, 2, and 1.3%, respectively.

AUC, areaunder the curve. DEGs, differentially expressed genes. For each CF, we
performed random subsampling of single-cell libraries 10 times, and depicted
the respective mean AUC in the plot. Two different analysis modes - default
(dashed lines, CNN with negative binomial generalized linear model), and
alternative (solid lines, CNN with PLS-DA) are depicted. When the CF is larger than
10%, the default mode performs better, whereas for CFs smaller than10%, the
alternative mode outperforms the default mode.
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Extended Data Fig. 5| Haplotype-specific NO analysis in RPE-1and BM510. (a,
b) Haplotype-specific NO analysis of NO at gene bodies genome-wide in RPE-1
(a)and BM510 (b). For each chromosomal karyogram, the y-axis indicates the
significance of haplotype-specific NO for each gene (-log10 p.adjust). All the
significant genes were indicated in red dots (FDR 10%; two-sided wilcoxon rank
sum test followed by Benjamini Hochberg multiple correction; derived from
n=33cellsand n =79 cells for RPE-1and BM510, respectively; Boxplots were
defined by minima = 25th percentile - 1.5X interquartile range (IQR), maxima=
75th percentile + 1.5X IQR, center = median, and bounds of box = 25th and 75th
percentile.). NTRK3 (identified in BM510) is the only significant gene adjacent
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to an SV breakpoint. Haplotype-resolved RNA expression at the NTRK3 locus
is depicted using bar graphsin the right panel (two-sided likelihood ratio test
followed by Benjamini Hochberg multiple correction; n = 2 biological replicates;
Data are presented as mean values +/— SEM). (c-d) Haplotype-specific NO
analysis at CREs. Browser track depicts the haplotype-resolved NO of the not
rearranged (Ref) homologin red, and the SV homologin blue. scNOVA identified
two CREs with significant haplotype-specific NO, including an intergenic CRE
spanning chr15:87527100-87528100 (p.adjust = 0.029, log2-fold change = -2.01)
(c) and anintronic CRE at chr15:88246388-88247388 (p.adjust = 0.076, log2-fold
change =-1.39) (d).
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Extended Data Fig. 6 | Haplotype-specific NO analysis in T-ALL_P1. (a) For each
chromosomal karyogram, the y-axis indicates the significance of haplotype-
specific NO at each gene (-log10 p.adjust). Genes with haplotype-specific NO are
indicated using red dots (FDR10%). Aninlet figure depicts haplotype-specific
NO (two-sided wilcoxon rank sum test and Benjamini Hochberg multiple
correction; n =56 cells) and RNA expression at the BCL11B gene locus (two-sided
likelihood ratio test and Benjamini Hochberg multiple correction; n = 2 biological
replicates), which has a nearby somatic SV (within1 Megabase) and represents
the (only) predicted local SV effect. (b) We did not measure haplotype-specific
NO for TCLIA (two-sided wilcoxon rank sum test and Benjamini Hochberg
multiple correction; n = 56 cells), asmall gene with 4229 bp in size, in spite of

its haplotype-specific gene expression* (two-sided likelihood ratio test and
Benjamini Hochberg multiple correction; n = 2 biological replicates). Boxplots
were defined by minima=25th percentile-1.5X interquartile range (IQR),
maxima=75th percentile+1.5XIQR, center=median, and bounds of box=25th and

75th percentile. For bargraphs, data are presented as mean values +/- SEM (a-b).
(c) Simulation analysis revealed a minimum gene length (7219 bp) needed to
robustly detect haplotype-specific NO at gene bodies, a gene length met by 80%
of genesin the genome (Supplementary Notes). (d) Inversion breakpoints and
rearranged TADs. Known 3’ BCL11B enhancers* are depicted in orange. In the not
rearranged haplotype, they are located proximal to BCL11B, butin the inverted
haplotype these enhancers they are located far away from BCL11B, and proximal
to TCL1A in the different TAD boundary. (e) Application of scNOVA identified an
intergenic CRE near the BCL11B with haplotype-specific NO. The browser track
depicts the haplotype-resolved NO of the not rearranged (Ref) homologinred
and the SV homologin blue. (f) The known 3’ BCL11B enhancer does not show
significant haplotype-specific NO, but the inversion physically relocates these
enhancersto the far distance from the BCL11B. A representative CRE is shown
amongst four CREs overlapping with known 3’ BCL11B enhancers.
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Extended DataFig. 7 | Inference of SCNAs using CITE-seq data from the presence of MHC genes in this locus, whose expressionis cell cycle dependent'.)
CLL_24 sample. (a) InferCNV*® analysis of 3,919 high quality CLL cells, and (b) CONICSmat based targeted SCNA recalling of the 10g-terDel (previously
540 control cells (cells sequenced by CITE-seq not originating from the B-cell discovered in SCb; see Fig. 4b) using the high-resolution breakpoints derived
lineage; see Supplementary Fig. 25), profiled by CITE-seq. This analysis did not from Strand-seq. Use of these SV breakpoints allowed CONICSmat to confidently

discover any subclones in CLL_24. (Note that the high variability observed on the callthe10q-terDelin 82 single cells from the CITE-seq data.
6p-arm, notonly seenin CLL cells butalso in control cells, likely arose from the
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Statistics

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

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

|X| 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
/N 0nly common tests should be described solely by name; describe more complex techniques in the Methods section.

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

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
2~ 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
Give P values as exact values whenever suitable.

X

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
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X ][]

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  Our study uses sequencing data output by illumina sequencers and hence no special software was used for collecting it.

Data analysis The computational code of our analytical framework is hosted on GitHub (see https://github.com/jeongdo801/scNOVA). All code is available
freely for academic research.
Other software used:
Mosaicatcher (https://github.com/friendsofstrandseq/mosaicatcher-pipeline), StrandPhaseR (https://github.com/daewoooo/StrandPhaseR),
InferCNV (https://github.com/broadinstitute/inferCNV/), HoneyBADGER (https://jef.works/HoneyBADGER/),
CONICSmat (https://github.com/diazlab/CONICS), NucTools (https://homeveg.github.io/nuctools), Delly2 (https://github.com/dellytools/
delly), BWA (v0.7.15), STAR (v2.7.9a), SAMtools (v1.3.1), biobambam?2 (v2.0.76), deeptools (v2.5.1), perl (v5.16.3), Python (v3.7.4), cuDNN
(v7.6.4.38), CUDA (v10.1.243), TensorFlow (v1.15.0), scikit-learn (v0.21.3), matplotlib (v3.1.1), R version 4.0.0, DESeq2, FlowJo, BD FACSDiva™

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Sequencing data from this study can be retrieved from the European Genome-phenome Archive (EGA), and the European Nucleotide Archive (ENA) [accessions:
LCL data are available under the following accessions: Strand-seq (PRIEB39750, PRIEB55038); RNA-seq (ERP123231); WGS (PRIEB37677). C11 cell line data are
available under the accession PRIEB55012. Leukemia patient data and human primary cells derived data were deposited in the European Genome-phenome Archive
(EGA), under the following accession numbers: skin fibroblast (EGAS00001006498); cord blood (EGAS00001006567). T-ALL Strand-seq and scRNA-seq
(EGAS00001003365), CLL Strand-seq (EGAS00001004925), AML Strand-seq (EGAS00001004903), T-ALL bulk RNA-seq (EGAS00001003248), CLL bulk RNA-seq
(EGAS00001005746), CLL CITE-seq (EGAS00001004925).] Access to human patient data is governed by the EGA Data Access Committee.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No sample-size calculation was performed, since this study focuses on establishing a novel methodology rather than on performing statistical
tests between groups of samples.

Data exclusions | We excluded low quality single-cell libraries that showed very low, uneven coverage, or an excess of 'background reads' yielding noisy single
cell data prior to analysis. Cells with incomplete BrdU incorporation or cells undergoing more than one DNA synthesis phase under BrdU
exposure are largely excluded during cell sorting and thus get only rarely sequenced during Strand-seq experiments.

Replication To ensure reproducibility of our computational findings we have organized our main workflow using Snakemake, a widely used workflow
manager, and we provide the workflow description (Snakefile) along with a Bioconda environment that facilitates easy installation of all
dependeencies (with well-defined versions). We have repeated the analyses of our datasets and can confirm consistent and reproducible
results from these workflows. To ensure reproducibility of our experimental findings, we generated replicates wherever possible, which
confirmed reproducibility of the result.

Randomization  Does not apply (there are no experimental groups in our study)

Blinding Does not apply. (this study focuses on intra-sample comparison rather than performing statistical tests between groups of samples).

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |:| |Z| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Human research participants
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Antibodies

Antibodies used FACS (clone, manufacturer, catalogue number, lot number): APC mouse anti-human CD34 (clone 581; Biolegend; #343509; Lot:
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Antibodies used

Validation

B260867), PeCy7 mouse anti-human CD38 (clone HB7; eBioscience; #15538396; Lot: 1974952), FITC mouse anti-human CD45Ra
(clone HI100; eBioscience; #15526406; Lot: 4329359), PE mouse anti-human CD90 (clone 5E10; eBioscience; # 15526836;
Lot:1982684), PE anti-murine CD45 (clone 30-F11; Biolegend; #103106; Lot: B361031). CITE-seq (clone, manufacturer, catalogue
number, barcode number): CD10 (HI10a; Biolegend; 312231; 0062), CD103 (Ber-ACTS ; Biolegend; 350231; 0145), CD11b (ICRF44;
Biolegend; 301353; 0161), CD11c (S-HCL-3; Biolegend; 371519; 0053), CD127 (A019D5; Biolegend; 351352; 0390), CD134 (Ber-
ACT35; Biolegend; 350033; 0158), CD137 (4B4-1; Biolegend; 309835; 0355), CD150 (A12 (7D4); Biolegend; 306313; 0870), CD152
(BNI3; Biolegend; 369619; 0151), CD16 (3G8; Biolegend; 302061; 0083), CD161 (HP-3G10; Biolegend; 339945; 0149), CD183
(GO25H7; Biolegend; 353745; 0140), CD184 (12G5; Biolegend; 306531; 0366), CD185 (J252D4; Biolegend; 356937; 0144), CD19
(HIB19; Biolegend; 302259; 0050), CD194 (L291H4; Biolegend; 359423; 0071), CD195 (J418F1; Biolegend; 359135; 0141), CD197
(GO43H7; Biolegend; 353247; 0148), CD2 (TS1/8; Biolegend; 309229; 0367), CD20 (2H7; Biolegend; 302359; 0100), CD21 (Bu32;
Biolegend; 354915; 0181), CD22 (S-HCL-1; Biolegend; 363514; 0393), CD223 (11C3C65; Biolegend; 369333; 0152), CD23 (EBVCS-5;
Biolegend; 338523; 0897), CD24 (ML5; Biolegend; 311137; 0180), CD244 (C1.7; Biolegend; 329527; 0189), CD25 (BC96; Biolegend;
302643; 0085), CD27 (0323; Biolegend; 302847; 0154), CD273 (24F.10C12; Biolegend; 329619; 0008), CD274 (29E.2A3; Biolegend;
329743; 0007), CD278 (C398.4A; Biolegend; 313555; 0171), CD279 (EH12.2H7; Biolegend; 329955; 0088), CD28 (CD28.2; Biolegend;
302955; 0386), CD29 (TS2/16; Biolegend; 303027; 0369), CD3 (UCHT1; Biolegend; 300475; 0034), CD31 (WM59; Biolegend; 303137;
0124), CD32 (FUN-2; Biolegend; 303223; 0142), CD357 (108-17; Biolegend; 371225; 0360), CD366 (F38-2E2; Biolegend; 345047;
0169), CD38 (HIT2; Biolegend; 303541; 0389), CD39 (A1; Biolegend; 328233; 0176), CD4 (RPA-T4; Biolegend; 300563; 0072), CD43
(CD43-10G7; Biolegend; 343209; 0357), CD44 (IM7; Biolegend; 103045; 0073), CD45 (HI30; Biolegend; 304064; 0391), CD45RA
(HI1100; Biolegend; 304157; 0063), CD45R0 (UCHL1; Biolegend; 304255; 0087), CD47 (CC2C6; Biolegend; 323129; 0026), CD48 (BJ40;
Biolegend; 336709; 0029), CD5 (UCHT2; Biolegend; 300635; 0138), CD56 (QA17A16; Biolegend; 392421; 0084), CD57 (QA17A04;
Biolegend; 393319; 0168), CD62L (DREG-56; Biolegend; 304847; 0147), CD69 (FN50; Biolegend; 310947; 0146), CD7 (CD7-6B7;
Biolegend; 343123; 0066), CD70 (113-16; Biolegend; 355117; 0027), CD73 (AD2; Biolegend; 344029; 0577), CD79b (CB3-1;
Biolegend; 341415; 0187), CD86 (IT2.2; Biolegend; 305443; 0006), CD8a (RPA-TS8; Biolegend; 301067; 0080), CD95 (DX2; Biolegend;
305649; 0156), Kappa (MHK-49 ; Biolegend; 316531; 0894), KLRG1 (SA231A2; Biolegend; 367721; 0153), Lambda (MHL-38 ;
Biolegend; 316627; 0898), TIGIT (A15153G; Biolegend; 372725; 0089), Isotype Ctrl (MOPC-21; Biolegend; 400199; 0090), Isotype Ctrl
(HTK888; Biolegend; 400973; 0241), Isotype Ctrl (MPC-11; Biolegend; 400373; 0092), Isotype Ctrl (RTK4530; Biolegend; 400673;
0095), Isotype Ctrl (MOPC-173; Biolegend; 400285; 0091)

All antibodies were validated for the specific application by the manufacturer and validation data is available on the manufacturer's
website.

FACS

CD34 CD34 https://www.biolegend.com/fr-ch/products/apc-anti-human-cd34-antibody-6090 DOI: 10.1538/expanim.49.97

CD38 CD38 https://www.thermofisher.com/antibody/product/CD38-Antibody-clone-HB7-Monoclonal/25-0388-42 DOI: 10.1016/
j.stem.2021.02.001

CD45Ra PTPRC  https://www.thermofisher.com/antibody/product/CD45RA-Antibody-clone-HI100-Monoclonal/14-0458-82

DOI: 10.1080/2162402X.2017.1371399

CD90 THY1 https://www.thermofisher.com/antibody/product/CD90-Thy-1-Antibody-clone-eBio5E10-5E10-Monoclonal/12-0909-42
DOI: 10.1186/541232-017-0049-2

CD45 PTPRC  https://www.biolegend.com/fr-fr/products/pe-anti-mouse-cd45-antibody-100 DOI: 10.4049/jimmunol.176.11.6532
CITE-seq

CD10 MME https://www.biolegend.com/en-us/search-results/totalseq-a0062-anti-human-cd10-antibody-15949?GrouplD=BLG5905
doi: 10.1084/jem.181.6.2271

CD103 ITGAE https://www.biolegend.com/nl-be/products/totalseq-a0145-anti-human-cd103-integrin-%CE%B le-antibody-16194 doi:

10.1538/expanim.49.97

CD11b ITGAM https://www.biolegend.com/en-us/products/totalseg-a0161-anti-human-cd11b-antibody-15927 doi: 10.4049/
jimmunol.1302846

CD11c ITGAX https://www.biolegend.com/de-de/products/totalseq-a0053-anti-human-cd11c-antibody-16231 doi: 10.1016/
j.jri.2011.01.014

CD127 IL7R https://www.biolegend.com/en-us/search-results/totalseq-a0390-anti-human-cd127-il-7ralpha-antibody-159437?
GrouplD=BLG9274 doi: 10.1038/nbt.3973

CD134 TNFRSF4 https://www.biolegend.com/en-us/products/totalseg-a0158-anti-human-cd134-ox40-antibody-16437 doi: 10.2215/
CIN.06460612

CD137 TNFRSF9 https://www.biolegend.com/en-us/products/totalseg-trade-a0355-anti-human-cd137-4-1bb-antibody-16737

doi: 10.4049/jimmunol.165.5.2903

CD150 SLAMF1 https://www.biolegend.com/fr-ch/search-results/totalseg-a0870-anti-human-cd150-slam-antibody-18039

doi: 10.1016/j.cell.2021.12.018

CD152 CTLA4 https://www.biolegend.com/de-at/products/totalseq-a0151-anti-human-cd152-ctla-4-antibody-15707 doi: 10.1084/
jem.176.6.1595

CD16 FCGR3A https://www.biolegend.com/de-de/products/totalseqg-a0083-anti-human-cd16-antibody-15765 doi: 10.1189/
jlb.0408244

CD161 KLRB1 https://www.biolegend.com/nl-be/products/totalseg-a0149-anti-human-cd161-antibody-16156 doi: 10.1084/
jem.188.5.867

CD183 CXCR3 https://www.biolegend.com/nl-nl/search-results/totalseg-a0140-anti-human-cd183-cxcr3-antibody-16163

DOI: 10.1016/j.cell.2021.12.018

CD184 CXCR4 https://www.biolegend.com/en-gh/products/totalseq-a0366-anti-human-cd184-cxcr4-antibody-17277 DOI: 10.1074/
jbc.M610931200

CD185 CXCRS https://www.biolegend.com/ja-jp/products/totalseg-a0144-anti-human-cd185-cxcr5-antibody-16330 DOI: 10.7554/
elife.63632

CD19 CD19 https://www.biolegend.com/nl-nl/products/totalseq-a0050-anti-human-cd19-antibody-15777 DOI: 10.3324/
haematol.2009.013151

CD194 CCR4 https://www.biolegend.com/de-de/products/totalseq-a0071-anti-human-cd194-ccr4-antibody-16170 doi: 10.1016/
j.xpro.2021.100900

CD195 CCRS https://www.biolegend.com/en-us/search-results/totalseq-a0141-anti-human-cd195-ccr5-antibody-16161

DOI: 10.1016/j.cell.2021.12.018

CD197 CCR7 https://www.biolegend.com/en-gb/search-results/totalseqg-a0148-anti-human-cd197-ccr7-antibody-163527?
GrouplD=BLG9613 DOI: 10.1016/j.cell.2019.05.031
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CD2 CD2 https://www.biolegend.com/de-de/clone-search/totalseq-a0367-anti-human-cd2-antibody-16714 DOI:https://
doi.org/10.1074/jbc.271.10.5369

CD20 MS4A1 https://www.biolegend.com/ja-jp/products/totalseq-a0100-anti-human-cd20-antibody-16173

DOI: 10.1203/01.PDR.0000130480.51066.FB

CD21 CR2 https://www.biolegend.com/fr-ch/products/totalseq-a0181-anti-human-cd2 1-antibody-16203?
GrouplD=ImportedGROUP1 DOI: 10.1002/eji. 1830260714

CD22 CD22 https://www.biolegend.com/en-us/products/totalseg-a0393-anti-human-cd22-antibody-15936 DOI: 10.1016/
j.c0i.2005.03.005

CD223 LAG3 https://www.biolegend.com/fr-ch/products/totalseq-a0152-anti-human-cd223-lag-3-antibody-16157?
GrouplD=BLG14890 DOI: 10.1016/j.cell.2021.12.018

CD23 FCER2 https://www.biolegend.com/en-us/search-results/totalseg-a0897-anti-human-cd23-antibody-18091 DOI: 10.1128/
JVI.46.3.800-807.1983

CD24 CD24 https://www.biolegend.com/en-us/products/totalseq-a0180-anti-human-cd24-antibody-16331 PMID: 14581365
CD244 CD244 https://www.biolegend.com/en-us/search-results/totalseq-a0189-anti-human-cd244-2b4-antibody-16196?
GrouplD=BLG8490 DOI: 10.1182/blood-2011-02-339135

CD25 IL2RA https://www.biolegend.com/fr-lu/products/totalseq-a0085-anti-human-cd25-antibody-15770 DOI: 10.1016/
j.cell.2019.05.031

CD27 CD27 https://www.biolegend.com/ja-jp/products/totalseq-a0154-anti-human-cd27-antibody-16174 DOI: 10.1016/
j.cell.2019.05.031

CD273 PDCD1LG?2 https://www.biolegend.com/de-de/products/totalseq-a0008-anti-human-cd273-b7-dc-pd-I12-antibody-15932
DOI: 10.4049/jimmunol.170.3.1257

CD274 PDCD1LG1 https://www.biolegend.com/de-at/products/totalseq-a0007-anti-human-cd274-b7-h1-pd-l1-antibody-16195?
GrouplD=BLG5404 DOI: 10.4049/jimmunol.170.3.1257

CD278 ICOS https://www.biolegend.com/en-gb/products/totalseq-a0171-anti-human-mouse-rat-cd2 78-icos-antibody-17152
DOI: 10.4049/jimmunol.171.2.783

CD279 PDCD1 https://www.biolegend.com/de-at/products/totalseq-a0088-anti-human-cd279-pd-1-antibody-15772 DOI: 10.4049/
jimmunol.181.10.6707

CD28 CD28 https://www.biolegend.com/de-de/products/totalseg-a0386-anti-human-cd28-antibody-16787 DOI: 10.1016/
j.febslet.2006.11.044

CD29 ITGB1 https://www.biolegend.com/en-us/products/totalseg-a0369-anti-human-cd29-antibody-16664?GrouplD=BLG10310
DOI: 10.1182/blood-2004-07-2598

CD3 CD3E https://www.biolegend.com/de-at/products/totalseq-a0034-anti-human-cd3-antibody-15707 DOI: 10.4049/
jimmunol.180.11.7431

CD31 PECAM1 https://www.biolegend.com/en-gb/products/totalseq-a0124-anti-human-cd31-antibody-16332 DOI: 10.1182/
blood-2006-10-047092

CD32 FCGR2A https://www.biolegend.com/en-us/products/totalseg-a0142-anti-human-cd32-antibody-16168 DOI: 10.1182/
blood-2010-11-316158

CD357 TNFRSF18 https://www.biolegend.com/fr-lu/products/totalseq-a0360-anti-human-cd357-gitr-antibody-173497?
GrouplD=BLG15183 DOI: 10.1016/j.cell.2021.12.018

CD366 HAVCR2 https://www.biolegend.com/fr-fr/products/totalseq-a0169-anti-human-cd366-tim-3-antibody-17350 DOI: 10.1182/
blood-2008-02-142596

CD38 CD38 https://www.biolegend.com/fr-fr/products/totalseqg-a0389-anti-human-cd38-antibody-16899 DOI: 10.1538/
expanim.49.97

CD39 ENTPD1 https://www.biolegend.com/it-it/products/totalseg-a0176-anti-human-cd39-antibody-16204 DOI: 10.7554/
elife.63632

CD4 CD4 https://www.biolegend.com/fr-ch/products/totalseq-a0072-anti-human-cd4-antibody-15762 DOI: 10.7554/eLife.63632
CD43 SPN https://www.biolegend.com/fr-ch/products/totalseq-a0357-anti-human-cd43-antibody-17546 PMID: 7507092

CD44 CD44 https://www.biolegend.com/nl-nl/products/totalseq-a0073-anti-mouse-human-cd44-antibody-15923

DOI: 10.1186/1479-5876-7-89

CD45 PTPRC https://www.biolegend.com/en-gb/search-results/totalseq-a0391-anti-human-cd45-antibody-159347?
GrouplD=GROUP658 DOI: 10.1038/emb0j.2012.192

CD45RA PTPRC https://www.biolegend.com/it-it/products/totalseg-a0063-anti-human-cd45ra-antibody-15775 DOI: 10.4049/
jimmunol.0901967

CD45RO PTPRC https://www.biolegend.com/nl-nl/products/totalseg-a0087-anti-human-cd45ro-antibody-15771 DOI: 10.4049/
jimmunol.180.11.7431

CD47 CDA47 https://www.biolegend.com/de-at/products/totalseq-a0026-anti-human-cd47-antibody-15957 PMID: 10572074
CD48 CD48 https://www.biolegend.com/en-gb/products/totalseq-a0029-anti-human-cd48-antibody-15942 DOI: 10.1189/
jlb.0611308

CD5 CD5 https://www.biolegend.com/en-gb/clone-search/totalseg-a0138-anti-human-cd5-16333?GrouplD=BLG5902 DOI: 10.1073/
pnas.1001515107

CD56 NCAM1 https://www.biolegend.com/en-us/products/totalseq-a0084-anti-human-cd56-recombinant-antibody-15766?
GrouplD=GROUP28 DOI: 10.1186/s40364-020-00253-w

CD57 B3GAT1 https://www.biolegend.com/fr-fr/products/totalseg-a0168-anti-human-cd57-recombinant-antibody-17680

DOI: 10.1016/j.xpro.2021.100900

CD62L SELL https://www.biolegend.com/de-at/products/totalseqg-a0147-anti-human-cd62l-antibody-16334 DOI: 10.4049/
jimmunol.181.9.6563

CD69 CD69 https://www.biolegend.com/de-at/products/totalseg-a0146-anti-human-cd69-antibody-16200 DOI: 10.1093/toxsci/
kfp224

CD7 CD7 https://www.biolegend.com/fr-fr/products/totalseq-a0066-anti-human-cd7-antibody-15944 DOI: 10.1038/nbt.3973
CD70 CD70 https://www.biolegend.com/it-it/products/totalseq-a0027-anti-human-cd70-antibody-16184 DOI: 10.1182/
blood-2009-08-239145

CD73 NTSE https://www.biolegend.com/en-us/search-results/totalseg-a0577-anti-human-cd73-ecto-5-nucleotidase-antibody-16773
DOI: 10.1016/j.joen.2011.05.022

CD79b CD79B https://www.biolegend.com/nl-nl/products/totalseq-a0187-anti-human-cd79b-ig%CE%B2-antibody-16433

DOI: 10.1016/j.cell.2019.05.031

CD86 CD86 https://www.biolegend.com/en-gb/products/totalseq-a0006-anti-human-cd86-antibody-15937?GrouplD=BLG11941
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DOI: 10.7554/eLife.63632

CD8a CD8A https://www.biolegend.com/fr-ch/products/totalseg-a0080-anti-human-cd8a-antibody-15763

DOI: 10.1186/1479-5876-7-89
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Eukaryotic cell lines

Policy information about cell lines

Cell line source(s) hTERT RPE-1 cells were purchased from ATCC (CRL-4000) and checked for mycoplasma contamination. C11 cells were
derived in-house (from hTERT RPE-1 cells) as described previously (PMID: 32268084). GM20509, and HG01505 cell lines were
purchased from Coriell and taken into culture at passage 4 (early) and passage 8 (late).

Authentication Authentication was performed by confirming the presence of known somatic DNA rearrangements in these cell lines (e.g. the
previously-reported unbalanced translocation in the case of RPE-1). Additional authentication was done at the level of SNPs
shared between the cell lines, which are derived from the same anonymous donor.

Mycoplasma contamination The cell lines tested negative for mycoplasma

Commonly misidentified lines o commonly misidentified lines used in this study.
(See ICLAC register)

Human research participants

Policy information about studies involving human research participants

Population characteristics We included one AML sample donor (AML_1), one CLL sample donor (CLL24), and one T-ALL sample donor (TALL P1) in this
study. Patient AML_1 was 32 years of age, male, and the sample was obtained as a diagnostic bone marrow from the first
aspiration of an AML with a t(8;21) translocation, arising after cytostatic therapy for testicular cancer. CLL_24 patient was 61
years old age, female, and the sample was obtained from the peripheral blood mononuclear cells. TALL patient P1 was 12
years of age, female, diagnosed with acute lymphoblastic leukemia (ALL) and the relapse sample was obtained for analysis.

Recruitment Information about enrollment for P1 (AIEOP-ALL BFM 2009) can be found here:
https://www kinderkrebsinfo.de/fachinformmationen/studiieenportal/abgeschlossene_studieen_register/
aieop_bfmm_all_2009/indeex_ger.html or: https://clinicaltrials.gov/t2/show/NCT01117441
There was no sample selection bias which may affect to the results.

Ethics oversight Samples used in this analysis have received approval from the relevant institutional review boards and ethics committees
(University of Kiel). Written informed consent had been obtained from all the patients and the experiments conformed to the
principles set out in the WMA Declaration of Helsinki and the Department of Health and Human Services Belmont Report.
The protocols used in this study received approval from the relevant institutional review boards and local ethics committees.
Written informed consent was obtained from patients, and all experiments were consistent with current bioethical policies.
T-ALL experiments were approved by the ethics commission of the Kanton Zurich (approval number 2014-0383).

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  P1: https://clinicaltrials.gov/ct2/show/NCT01117441

Study protocol The patients were treated according to the respective protocols AIEOP-ALL 2009 (P1) (details of which can be found above, in




Study protocol Recruitment section)

Data collection This study is prospective, controlled, randomized and multi-centered. More than 70 clinics in Germany, Austria and Switzerland are
participating in the study.
NCT01117441 (P1) Clinical Trial title: International Collaborative Treatment Protocol For Children And Adolescents With Acute
Lymphoblastic Leukemia; Allocation: Randomized; Enrollment: 4750 participants; Study Start Date: June 2010; Estimated Completion
Date : December 2021

Outcomes Since the studly is still ongoing (in the case of NCTO1117441 recruitment is not yet completed) and the follow-up time is too short,
outcomes are not yet available and not applicable.

Flow Cytometry

Plots

Confirm that:
The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).
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IE The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|X| All plots are contour plots with outliers or pseudocolor plots.

|X| A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Primary human T-ALL cells were recovered from cryopreserved bone marrow aspirates of patients enrolled in the ALL-BFM
2009 study. Patient-derived xenografts (PDX) were generated by intrafemoral injection of 1 Million viable primary ALL cells in
NSG mice. PDX-derived (P1) cells were frozen until processing. Primary human AML cells were isolated via bone marrow
aspiration from the donor AML_1 during diagnosis, and frozen until processing. All samples were then processed as follows:
cryopreserved cells were thawed rapidly at 37 °C and resuspended in 10 ml warm Roswell Park Memorial Institute (RPMI)
medium with 100 pug/ml Dnase I. Cells were centrifuged for 5 mins at 300 g, and resuspended in ice-cold phosphate buffered
saline (PBS) with 2% foetal bovine serum (FBS) and 5mM EDTA. Samples were then stained on ice in the dark for 30 mins as
follows: T-ALL P1 was stained with anti-murine-CD45-PE (mCD45) (clone 30-F11; BioLegend; 1:20), and DAPI (1:200) was
added for 5 mins prior to sorting; AML_1 was stained with CD34-APC (clone 581; Biolegend), CD38-PeCy7 (clone HB7;
eBioscience), CD45Ra-FITC (clone HI100; eBioscience), CD90-PE (clone 5E10; eBioscience), and LIVE/DEAD™ Fixable Near-IR
Dead Cell Stain (Thermofisher). After staining, cells were washed once in 4 ml ice-cold PBS with 2% FBS and 5 mM EDTA and
centrifuged at 300 g for 5 mins. Cells were resuspended in ice-cold PBS with 2% FBS and 5 mM EDTA for sorting.

Instrument BD FACSAria™ Fusion Cell Sorter
Software FlowJo, BD FACSDiva™

Cell population abundance Due to limited sample material, post-sort purities were not re-assessed using flow cytometry. Instead, this was done by
gating and quantification of populations using Flowjo (Supplemental Figures S21 and S27). In the case of AML_1: 83.5% of the
total events were included after gating out debris in the FSC-A vs SSC-A plot; 95.4% of these events were within the Single
Cells gate (based on SSC-W vs SSC-A); 51.5% of these Single Cells were gated as Viable Cells (based on Fixable Live/Dead
Near-IR viability stain vs FSC-A); and the final sorting population of CD34+ cells represented 46.4 % of the Viable Cells (based
on CD34-APC vs CD38-PeCy7). In TALL P1: 86.7% of the total events were retained after debris exclusion (based on FSC-A vs
SSC-A); 96% of these events were gated as Single Cells (based on SSC-W vs SSC-A); 20.8% of the Single Cells were gated as
Viable Cells (based on DAPI viability stain vs FSC-A); and of these Viable Cells, 72.8% were gated as human, T-ALL cells (based
on low murine CD45-PE expression).

Gating strategy For TALL P1: FSC-A vs SSC-A was the starting gate, wherein debris was excluded. Next, Single Cells were gated based on the
exclusion of outliers in SSC-W vs SSC-A. Viable Cells were then gated within this population based on a low staining for DAPI
(DAPI-viability vs FSC-A). Finally, human T-ALL cells were discriminated from murine immune cells based on a low expression
of murine CD45 (murine CD45 - PE vs GFP). The full gating strategy is depicted in Supplemental Figure S27.
For AML_1: The first gate excluded any cellular debris based on FSC-A vs SSC-A. These cells were then sub-gated to identify
only Single Cells, based on removal of outliers from the SCC-W vs SSC-A plot. Viable Cells were gated within the Single Cells
based on a low intracellular staining for the viability stain Fixable LIVE/DEAD near-IR (Fixable LIVE/DEAD near-IR Viability vs
FSC-A). Finally, the ultimate sorting population of CD34+ AML cells was gated based on a high expression of CD34 (CD34-APC
vs CD38 PeCy7). The full gating strategy is depicted in Supplemental Figure S21.

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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