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Summary

Understanding clonal evolution and cancer development requires experimental approaches
for characterizing the consequences of somatic mutations on gene regulation. However, no
methods currently exist that efficiently link high-content chromatin accessibility with high-
confidence genotyping in single cells. To address this, we developed Genotyping with the
Assay for Transposase-Accessible Chromatin (GTAC), enabling accurate mutation detection
at multiple amplified loci, coupled with robust chromatin accessibility readout. We applied
GTAC to primary acute myeloid leukemia, obtaining high-quality chromatin accessibility
profiles and clonal identities for multiple mutations in 88% of cells. We traced chromatin
variation throughout clonal evolution, showing the restriction of different clones to distinct
differentiation stages. Furthermore, we identified switches in transcription factor motif
accessibility associated with a specific combination of driver mutations, which biased
transformed progenitors towards a leukemia stem cell-like chromatin state. GTAC is a
powerful tool to study clonal heterogeneity across a wide spectrum of pre-malignant and

neoplastic conditions.
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Introduction

Somatic genetic variation leads to clonal mosaicism’, pre-cancerous clonal outgrowth®?® and
neoplastic transformation*®. Cancerous clonal evolution driven by serial and/or branched
acquisition of somatic mutations is a cause of intra-tumoral heterogeneity®, therapy
resistance’, and disease relapse®®. Hence, knowledge of how somatic mutations corrupt
cellular phenotype is a prerequisite for understanding the mechanisms underlying clonal

dynamics and for the development of personalized therapeutic approaches.

Chromatin is the medium through which transcription factors (TFs), epigenetic regulators and
signalling pathways control gene expression and cell phenotype'®'!. Epigenetic dysregulation
is a common feature in a wide range of human cancers, contributing to disease progression
through activation of oncogenes, silencing of tumor suppressor genes, or disruption of
differentiation programs'. Furthermore, many human cancers and pre-cancerous clonal
outgrowths harbour somatic mutations in genes encoding epigenetic regulators, which have a
direct effect on gene regulation, clonal expansion, and differentiation bias®'*'>. An example
of such cancers are hematopoietic neoplasms such as acute myeloid leukemia (AML)'.
Methods that enable the epigenetic consequences of somatic variation to be characterized in
primary patient samples are therefore critical to understand the mechanisms underlying

cancer development.

Recent strategies combining single-cell RNA-sequencing (scRNA-seq) and targeted
genotyping allow linkage of genetic lineage history with transcriptomic heterogeneity within
primary human samples, in which mutant and wild-type (WT) cells are often admixed without

any known surface markers allowing for their purification''-2

. Albeit powerful, these
approaches fail to capture epigenetic variation and specifically chromatin accessibility, limiting
our understanding of how somatic variation is linked to epigenetic state and TF activity. The
assay for transposase-accessible chromatin with sequencing (ATAC-seq)'*?"# and single-
cell ATAC-seq (scATAC-seq)?*?° have enabled the study of chromatin accessibility variation
across heterogeneous cell types whilst methods coupling scATAC-seq with transcriptome

2629 and surface® or intra-cellular protein profiling®' capture multiple layers of

sequencing
molecular and phenotypic information. Finally, integration of mitochondrial genome
sequencing with chromatin accessibility linked clonal dynamics with epigenetic state®.
However, no method links chromatin with driver somatic events at high efficiency in primary

tissues, representing a major unmet need in our analyses of somatic disease.

Here we present a technique that addresses this methodological gap, termed Genotyping with
the Assay for Transposase-Accessible Chromatin (GTAC), which couples single-cell

genotyping of multiple genomic loci with robust scATAC-seq in FACS-sorted nuclei. We first
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benchmarked GTAC in cell lines, showing accurate mutation calling enabled by parallel multi-
allelic capture of several genomic targets, whilst maintaining a high quality scATAC library.
Next, by applying GTAC to a primary AML sample, we captured clone-specific chromatin
accessibility at defined stages of differentiation, providing mechanistic insights into the

epigenetic consequences of specific driver mutations within a complex clonal hierarchy.
Results
GTAC workflow

Coding mutations are not consistently covered in scATAC libraries because most known driver
mutations occur within exons, whereas fragments from scATAC libraries map mostly to
regulatory genomic loci. We therefore designed GTAC, a method for simultaneous genotyping
of multiple driver mutations and high-quality chromatin accessibility profiling from the same
cell (Figure 1). Cell lysis and Tn5 tagmentation are performed on a cell population, followed
by FACS sorting of single nuclei into plates®*?*. Genotyping targets are captured by the
addition of target-specific primers to the initial PCR, which amplifies genomic targets in parallel
with fragments of accessible chromatin. Careful optimization of primer design (STAR
Methods) is crucial for minimal interference with scATAC library generation. We optimised
both the PCR protocol and the indexing strategy, to improve scATAC library complexity and
increase cell throughput. The incorporation of 384 ‘i7’ cell barcodes and ‘i5’ plate barcodes
during the initial PCR step enables scATAC libraries from many plates to be sequenced
together without additional PCR reactions. After the PCR, 80% of the material is pooled and
purified to yield scATAC libraries. The remaining 20% of the initial library material is transferred
to another plate and used for further target amplification via two additional PCR reactions
(PCR1 and PCR2), which fully barcode the genotyping libraries. scATAC and genotyping
libraries are then sequenced and pre-processed separately. After single-cell mutation calling
for each amplified locus, genotype information for every cell is linked to its accessibility profile
via cell barcodes (STAR Methods).

GTAC allows for sensitive mutation detection at multiple genomic loci in cell lines

To assess efficient capture of genotyping targets, we first performed GTAC on K562 cells,
amplifying previously reported mutant or variant loci (Figure 2A and Table S1). We compared
coverage across the five loci in K562 cells between libraries prepared with standard scATAC
without genotyping primers and GTAC (Figure 2B). The median number of reads covering the
variant nucleotide was 0 for scATAC libraries, whereas it was 7433 reads for GTAC libraries
across all loci, indicating that genotyping primers are needed for efficient locus capture. Target

amplification was equally efficient in the absence of Tn5 (Figure 2C), showing that locus
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capture is unrelated to Tn5 integration. This indicates that genotyping locus amplification does

not depend on its chromatin accessibility.

We next benchmarked the accuracy and sensitivity of genotyping, targeting previously
reported mutant or variant loci in several cell lines, using THP1 cells as negative wild type
(WT) control (Figure 2D). For all five mutant or variant loci in K562, the single-cell variant allele
frequency (scVAF) of mutant reads was <1% in THP1 cells (Figures 2E and S1A-S1E),
allowing us to set thresholds for mutation calling. scVAF distributions observed in K562 were
consistent with the reported zygosity® (Figure 2E; note that K562 is a triploid cell line, in which
a heterozygous mutation is present on either 1 out of 3, or 2 out of 3, alleles). In addition, we
targeted RUNX1 and NRAS loci in JURKAT and OCI-AMLS3 cells, respectively, and observed
a marked difference in scVAF distributions comparing the two (Figures 2F), consistent with
the RUNX1 mutation being heterozygous in JURKAT (average scVAF was 0.47) and the
NRAS mutation being homozygous in OCI-AML3 cells (average scVAF was 0.99)*, providing
evidence that our genotyping data can discriminate between a heterozygous and a

homozygous mutant population.

Next, we estimated allelic drop-out (ADO) rates for the profiled heterozygous loci across cell
lines (Figure 2G). ADO, caused by failed amplification of one allele during PCR, can result in
misassignment of heterozygous mutant loci as WT, compromising the accuracy of
downstream analysis. For the nine heterozygous loci, we considered that ADO occurred if a
heterozygous mutant cell line was wrongly assigned as homozygous mutant or homozygous
WT. By using scVAF values from THP1 cells to set thresholds for genotype calling (Figures
S1A-S1J), we observed variable but consistently low ADO rates across the profiled loci,
ranging from 1.3% for NOTCH1 up to 11.9% for HOXA9 (Figure 2G).

Finally, given that accurate genotyping of multiple loci is crucial for high-confidence
reconstruction of clonal hierarchies, we tested whether GTAC could reliably detect multiple
mutations in the same single cells by simultaneously amplifying 5 mutant loci in K562 cells.
All 5 mutations were detected in 79% of cells, at least 4 mutations were detected in 94%, while
only 6% of cells failed genotyping at 2 or more loci (Figure 2H). Given that failed genotyping
of an early mutation can still lead to correct clonal assignment if later mutations are efficiently
detected in the same cells (STAR Methods), this suggests that GTAC can be used for correct

clonal assignment of most single cells.

We thus demonstrate that GTAC enables high-confidence, accurate genotyping of multiple

genomic loci within single cells.

Targeting multiple genotyping loci does not disrupt scATAC library quality
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We next assessed whether GTAC consistently yielded high-quality scATAC libraries with
increasing numbers of genotyped loci. We performed GTAC on K562 cells targeting 4, 6 or 8
loci and compared scATAC library metrics with those of an scATAC only control. All
genotyping amplicons were detected in over 90% of cells in all GTAC conditions (98.9%,
92.6% and 93.7%, respectively), indicating no interference between genotyping amplicons

when increasing numbers of loci are genotyped (Figure S1K).

Library complexity (Figure 3A) and signal-to-noise ratio (fraction of reads in peaks; FRIP)
(Figure 3B) were comparable across GTAC conditions and not significantly different from the
scATAC control. GTAC showed improved library complexity and FRIP compared to 10X
Chromium droplet-based technology®. Median mitochondrial read contamination was <1% in
all GTAC and our scATAC conditions, in contrast to >5% with the published plate-based
method (Figure 3C). Additionally, transcription start site (TSS) enrichment (Figure 3D) and
aggregated fragment size distribution (Figure 3E) were unaltered between GTAC and
scATAC. While most cells displayed TSS enrichment values above QC thresholds, subtly
lower median values in our conditions compared to prior data (Figure 3D) are likely related to
more efficient capture of di-nucleosomal fragments (Figure S1L; eukaryotic promoters are
largely nucleosome-free®’). Comparison of peak calls showed strong correlation between the
three GTAC and the scATAC-seq conditions (r = 0.96 for all comparisons) and with two public
K562 datasets produced via plate-based scATAC* (Figure 3F). In addition, visual inspection
of aggregated data from single cells suggested no qualitative differences between these
conditions (Figure 3G). Importantly, visual inspection of scATAC genomic coverage
surrounding the profiled mutant loci in K562 cells showed no difference between conditions,
suggesting no disruption of scATAC fragment amplification in proximity of genotyped loci
(Figure S1M). We observed >90% of cells passing scATAC quality control (QC) regardless of
the number of genotyped loci, comparable to standard plate-based scATAC*® (Figure 3H).
Likewise, the percentage of cells passing scATAC QC in which more than 30 sequencing
reads were obtained for all genotyped loci was >90% in all conditions (Figure 3l). Crucially,
the percentage of cells passing scATAC QC in which all profiled heterozygous mutations were
correctly detected was 80% or higher across conditions (Figure 3J), leading to high numbers

of cells useful for analysis.

To test integration of sScATAC and genotyping data, we performed a cell line mixing experiment
with K562, JURKAT and OCI-AML3 cells, targeting 3 genomic loci in each cell line (1 mutant
and 2 WT loci per cell line). Clustering based on scATAC data alone revealed three distinct
clusters (Figure 3K). Integrating chromatin accessibility data with genotyping information

revealed correct mutational calls for 97.2% of cells (Figures 3L-3N). Taken together, we
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demonstrated that GTAC generates high quality scATAC data unperturbed by targeted
genotyping of multiple loci, and that scATAC and genotyping data can be integrated.

GTAC links clonal hierarchy to accessibility landscape and identifies restriction of

clones to distinct differentiation stages in human acute myeloid leukemia

To investigate how clonal structure correlates with chromatin accessibility in a primary
malignant tissue, we applied GTAC to 3520 AML cells from a patient with expanded
granulocyte-monocyte progenitor (GMP) and lymphoid-primed multipotent progenitor (LMPP)
immunophenotypic compartments (Figures S2A and S2B). We genotyped five mutant loci
previously identified by bulk sequencing (Figure 4A), as well as two heterozygous germline
single nucleotide polymorphisms (SNPs) to estimate ADO in primary sample (Figure S2C).
Distribution of scVAFs for two germline SNPs in SH2B3 and ASXL2 indicated very low WT
(2.0% and 3.4%) and variant (2.2% and 3.1%) ADO rates (Figure S2D). This allowed bi-allelic
detection in 95.8% of cells for the SH2B3 locus and in 93.5% of cells for the ASXL2 locus,

which was consistent across plates (Figure S2E).

To reconstruct clonal hierarchy, we performed mutation calling on the five mutant loci. High
genotyping success rates (from 94% to 98% per amplicon) resulted in 3409 cells (96.8%)
being assigned to a clone (Figure 4B). Moreover, 3113 cells (88.44%) passed stringent
scATAC QC (STAR Methods) and were successfully genotyped (Figure 4C). Mutant cell
scVAF distributions revealed that TET2 and ASXL1 mutations were heterozygous, while
RUNX1 and the two X-linked BCOR mutations were homozygous and hemizygous,
respectively (Figure 4D). Of note, the RUNX71 R201G missense mutation disrupts DNA
binding®**°, suggesting that RUNX7 R201G homozygous mutant cells in this sample harbour
a complete RUNX1 loss-of-function (LoF). By integrating genotype information across loci
(Figure 4E), we reconstructed the most likely clonal hierarchy in which TET2, ASXL1, and
RUNX1 mutations were acquired in linear fashion (T, TA and TAR clones), followed by
branched acquisition of two distinct BCOR mutant clones (TARB1 and TARB2) (Figure 4F).
Notably, mutant cell fractions obtained with GTAC correlated well with clone size estimates

from bulk sequencing (Figure S2F).

scATAC data analysis indicated high library quality (Figures S2G-S2K), with improved metrics
as compared to those obtained for leukemia samples processed with commercial droplet-
based technology*' (Figures S2G-S2I). We first used chromatin accessibility data to perform
dimensionality reduction and clustering agnostic to genotyping information. Of note, we did
not observe plate-related batch effects (Figure S2L). Cluster identities (Figure 4G) were
assigned using gene activity (i.e. accessibility) scores of key marker genes, binding motif

accessibility for key transcription factors, as well as differential enrichment of marker peaks
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(Figure S3A-S3D, STAR Methods). Projection of our dataset onto a healthy human
hematopoiesis scATAC-seq reference*' (Figure S3E, STAR Methods) was broadly consistent
with our cluster assignment, though there were differences, which is unsurprising given that
leukemogenic mutations disrupt differentiation trajectories. Readout of chromatin openness in
regulatory and/or coding regions confirmed higher accessibility of the quiescence-related
PBX1 gene* in the hematopoietic stem cells/multipotent progenitors (HSC/MPP) and
megakaryocytic/erythroid progenitors (Mk/EP), of GATA1 in MK/EP cells, of CD3E/D/G genes
in T/NK cells, and of CD79B in the B progenitor-like cluster (Figure S4A). In contrast, the
SETBP1 gene, preferentially expressed in leukemic stem cells (LSCs)*, as well as FLT3,

were more accessible in the clusters resembling lympho-myeloid progenitors (Figure S4B).

Next, by projecting AML driver mutation clonal structure onto chromatin accessibility data, we
noticed a striking segregation of genotypes into separate epigenomic entities (Figure 4H).
97.5% of T/NK cells were WT with the remaining cells being TET2 mutant. 87.1% of HSC/MPP
and 82.5% of Mk/EP clusters were composed of TET2 single mutant cells intermingled with a
minority of TET2/ASXL1 double-mutant cells, suggestive that these populations were
preleukemic®**4°_ In stark contrast, TET2/ASXL1 double-mutant clones that acquired either a
RUNX1 mutation, or RUNX1 and BCOR mutations, were distributed almost exclusively within
the lympho-myeloid, myeloid and B-cell progenitor-like clusters, contributing to more than 99%
of these populations. We and others have previously shown that the AML LSC populations
reside in these populations*®®. This suggests that in this patient, the RUNX1 mutation acts
as a key transforming event, leading from preleukemia to leukemia. Notably, RUNX1 mutant
clones displayed increased accessibility of several genes reported as upregulated in RUNX1
mutant compared to RUNX1 WT AML***°, some of which are lymphoid markers, DNTT, BLNK,
IRF8 and MS4A1, as well as MN1, associated with worse AML prognosis (Figure S4C)°".
Although BCOR mutant clones did not form separate progenitor clusters within the leukemic
progenitor populations, they were significantly enriched within the most primitive LMPP-like

differentiation stage (Figure 4l).

Unsurprisingly, transcription factor motif openness (Figure 4J) reflected the differentiation
stage of the clones. WT cells were enriched for DNA-binding motifs for T cell-associated TFs
EOMES®?* LEF1°*, and RUNX®®. The preleukemic T/TA clones were enriched for TF motifs
important in HSC/MPP (HOX, GATA2) and in megakaryocytic and erythroid cells (GATA1, the
heterodimeric bZIP TF NFE2/MAFF, and members of the nuclear factor family NFIA/NFIC).
Finally, in the leukemic TAR/TARB1/TARB2 clones, enriched TF motifs included those
important for lympho-myeloid progenitor differentiation®*°” (SPI1, CEBP, and members of the
IRF, AP-1, MEF2 and TCF families). MEF2C/D factors, whose motifs were particularly

58-60
)

enriched in BCOR mutants, have been implicated in AML chemotherapy resistance and
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MEF2C is upregulated in LSCs compared to leukemic progenitor cells*®. Footprinting analyses
confirmed higher DNA binding of the EOMES in T/NK cells, HOXB4 in preleukemic clones,

and of SPI1 in leukemic clones (Figures S4D).

To understand whether the segregation of leukemic and preleukemic clones into different
chromatin states was mainly driven by the RUNX1 mutation or by a difference in differentiation
stage, we integrated genotyping information with the healthy human hematopoiesis reference
projection*' (Figure S4E). This showed that 97/595 genetically preleukemic (TET2 (T) and
TET2/ASXL1 (TA)) cells, as well as most genetically leukemic (TAR/TARB1/TARB2) LMPP-
like cells, mapped to the normal CMP/LMPP population (Figures S3E, S4E, S4F). In contrast,
only 1/2141 genetically leukemic (TARB2) cell mapped to healthy HSC. This suggests two
possibilities: (1) the preleukemic cell-of-origin of leukemic clones transited through the
CMP/LMPP like stage when RUNX7 mutation was acquired, or (2) a preleukemic HSC
acquired the RUNX1 mutation, but this caused clonal dominance of its progeny at the LMPP
stage. Importantly, both scenarios suggest profound chromatin reprogramming at the LMPP
stage upon RUNX1 mutation acquisition on the background of preleukemic mutations and are
concordant with our prior finding that the LMPP population is the closest normal counterpart
of LMPP-like LSCs*. Finally, to understand chromatin changes associated specifically with
transformation, we compared the accessibility profiles of genetic preleukemic and leukemic
cells that mapped to the normal CMP/LMPP compartment. Interestingly, while RUNX1 gene
activity was greater in leukemic CMP/LMPP cells (Figure S4G), its binding motif was less
accessible (Figure S4H), consistent with disrupted DNA binding. Leukemic cells mapping to
CMP/LMPP also showed higher accessibility of WT1 and MEIS1 motifs (Figure S4H), linked
to AML maintenance®®2. Consistent with higher MYC motif accessibility in leukemic cells
mapping to CMP/LMPP (Figure S4H), accessible genes were enriched for pathways
associated with proliferation (MYC targets and cell cycle regulators), MAPK and PI3K
signalling (Figure S4l). These data, which take differentiation stage into account, indicate that
leukemic transformation at the CMP/LMPP stage correlates with acquisition of greater binding

by TFs known to support LSC function and proliferation.

Taken together, these results demonstrate that in a primary AML sample, GTAC captures the
stages of clonal evolution from WT cells through to preleukemia and into the fully transformed
AML leukemic stage, showing how distinct clones correlate with different chromatin

accessibility landscapes.

GTAC reveals a differentiation delay of BCOR mutant clones within the leukemic

hierarchy, which biases cells towards an LSC-like chromatin state
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Further selection of two independent BCOR mutant clones suggests the acquisition of BCOR
mutations conferred additional fitness advantage in this somatic background. BCOR is a key
component of the repressive non-canonical PRC1.1 complex. Both BCOR mutations are likely
LoF (both occur in exon 4; one results in a premature stop codon, while the other is a frameshift
mutation), suggesting these may lead to loss of PRC1.1 function in these clones. Compared
to other leukemic stages, we noticed higher gene activity of BCOR and other PRC1.1
components within the LMPP-like cluster (Figure S5A), where BCOR mutant cells accumulate
(Figure 41), suggesting PRC1.1 may play a role for either entry into, or exit from the LMPP-like
compartment. Interestingly, the LMPP-like cluster displayed the highest LSC score*® amongst
all leukemic stages, as well as higher accessibility of several motifs bound by TFs functionally
shown to promote self-renewal and AML maintenance®'®**’ (Figures 5A, 5B). Furthermore,
LMPP-like and Mono/Neut progenitor-like cells exhibited higher accessibility of the TIM-3 gene
that discriminates between LSCs and HSCs®, and LMPP-like cells had lower accessibility of
CD38 that is downregulated in LSCs in some patient samples*® (Figure S5B). Consistently,
open chromatin within LMPP-like cells was enriched for HOXA and FOXO target genes,
compared to other leukemic clusters (Figure S5C). Compared to TAR cells, BCOR mutant
cells were enriched for genes upregulated in HSCs and LSCs (Figure 5C), consistent with

BCOR mutant cells being enriched for an LSC-like chromatin state.

To characterize dynamic chromatin changes associated with differentiation of specific
leukemic subclones, we computed three putative differentiation trajectories undertaken by
leukemic cells, from the LMPP-like compartment along the: pDC/NKP pathway; Mono/Neut
pathway; or the B cell pathway (Figures 5D and S5D-S5F). We observed accumulation of cells
from both BCOR mutant clones earlier in pseudotime along all trajectories (Figures 5D and
S5G), but the distribution of cells across pseudotime was different between cells from the two
BCOR mutant clones (Figure 5D). The larger BCOR mutant clone (TARB2) showed a more
pronounced delay in the Mono/Neut and pDC/NKP trajectories compared to TARB1, which
was not the case across the leukemic B-cell trajectory (Figure S5G). Concordantly, BCOR
mutant cells showed delayed accessibility of motifs for lineage-affiliated TFs (Figures 5E and
S5H). Notably, the magnitude of CEBPA motif accessibility through Mono/Neut pseudotime
was lower in BCOR mutant cells, and this was particularly pronounced in the TARB2 clone
(Figure 5E). Consistent with aberrant myeloid differentiation, there was delayed accessibility
of regulatory elements co-accessible with the TLR4 gene and of chromatin peaks mapping to
the CEBPD promoter and gene body in TARB2 compared to TAR cells (Figure 5F). Moreover,
TARB2 Mono/Neut progenitor-like cells displayed lower accessibility of peaks linked to genes
associated with neutrophilic and monocytic differentiation, compared to TAR cells (Figure S5I).
Conversely, motifs for ETV6, ERG, PBX3, FLI1, YY1, and NF-Y family members, functionally



309
310
311
312
313
314
315
316
317
318
319
320
321

322
323

324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339

340
341
342
343
344

implicated in stem/early progenitor cell self-renewal and/or AML maintenance®®6>67:6%-72

remained accessible for longer in BCOR mutant cells along the pDC/NKP trajectory (Figure
5G). In contrast, there was delayed accessibility of motifs for AP-1 complex members in BCOR
mutant cells along the same trajectory (Figure 5H). Interestingly, at the early stages of the
Mono/Neut pathway, BCOR WT cells gained AP-1 family motif accessibility faster compared
to BCOR mutant cells (Figure S5J). The AP-1 family is involved in cell cycle regulation and
myelomonocytic differentiation’>*; in addition, JUNB exerts a negative effect on leukemic self-
renewal capacity’® and, when overexpressed, leads to loss of HSCs in mice’®. Indeed, within
LMPP-like cells, motif accessibility of JUNB was negatively correlated to that of FOXO1 and
ETV6, mediators of quiescence and self-renewal, and positively correlated to CEBPA motif
accessibility, essential for myeloid differentiation (Figure 5I). Altogether, these data suggest
that BCOR mutations delay differentiation, biasing leukemic cells towards stem-like chromatin

states.

GTAC reveals switches in chromatin accessibility within the LMPP-like differentiation

stage upon subclonal evolution of leukemia

Next, we wanted to study chromatin changes related to BCOR mutations within the LMPP-like
cluster, to provide putative molecular mechanisms for the accumulation of BCOR mutant cells
at this LSC-like stage. We first compared gene activity between TET2/ASXL 1/RUNXT mutant
BCOR WT and TET2/ASXL1/RUNX1/BCOR mutant LMPP-like cells (Figures 6A and 6B and
Table S2). Notably, BCOR mutant LMPP-like cells were enriched in genes upregulated in LSC
and HSC (Figure 6C). Both BCOR mutant clones showed more activity of the INPP4B, SOCS2
and NR4A2 genes (Figures 6A and 6B). INPP4B and SOCS2, putative direct PRC1.1 targets
in primary human AML’’, have been functionally shown to promote HSC and LSC
maintenance’®®. Increased activity of the NR4A2 gene, which promotes HSC quiescence®’,
suggests a more quiescent state of BCOR mutant LMPP-like cells. Additionally, the larger
BCOR mutant clone showed higher activity of PBX3, BTG3, and JMJD1C genes, putative
PRC1.1 targets related to quiescence and/or promoting leukemogenesis*’ 78283 Of note,
both INPP4B, an enzyme which dephosphorylates inositol 3,4-biphosphate, and BTG3, which
interacts with AKT®2, are negative regulators of the PI3K/AKT pathway. Conversely, the
promoter region and several distal elements linked to CDK20, a positive cell cycle regulator,

were less accessible in the TARB2 compared to TAR cells (Figure 6D).

We leveraged chromatin information to generate mechanistic hypotheses about aberrant gene
regulation associated with BCOR LoF. Prior evidence suggests that PRC1.1 binding is
strongly biased towards promoter regions’”®*. We found that peaks more accessible in either
TARB2 or TARB1, compared to TAR LMPP-like cells, were enriched for promoters over distal

elements, consistent with de-repression of promoters upon loss of PRC1.1 activity (Figure
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S6A). Consistently, both BCOR mutant clones showed increased accessibility of the INPP4B
promoter region compared to TAR cells (Figures 6E and S6B). Of note, higher INPP4B gene
activity persisted in BCOR mutant cells throughout all leukemic trajectories and was
particularly pronounced in the TARB2 clone (Figure 6F). Interestingly, INPP4B is amongst the
genes likely to be positively regulated by RUNX1 in mixed-lineage acute leukemia*'.
Consistent with this, RUNX1 mutant leukemic cells displayed lower INPP4B activity compared
to pre-leukemic cells (Figure S6C). It is tempting to speculate that BCOR mutations increase
fithess advantage in this context by de-repressing the INPP4B promoter, compensating for
lower INPP4B activity in RUNX1 mutant cells (Figure S6C). In addition, TSS-proximal regions
of NR4A2, MLLT10, BTG3, and SOCS2 genes were also more accessible in BCOR mutant
cells (Figures 6G and S6D-S6F), and their activity was increased through differentiation in one
or both BCOR mutant clones (Figures 6H and S6G-S61).

To better understand how BCOR mutations correlated with altered regulatory landscape, we
compared TF motif accessibility between TET2/ASXL1/RUNXT1 mutant BCOR WT and
TET2/ASXL1/RUNX1/BCOR mutant LMPP-like cells (Figures 61 and 6J and Table S3). Both
BCOR mutant clones displayed higher accessibility of HOX family and SMAD motifs,
associated with LSC and cancer stem cell function, consistent with previous evidence that
BCOR mutations are associated with increased expression of HOX cluster genes®®°.
However, there were also unexpected differences between the two BCOR mutant clones.
TARB1 cells were enriched for ERG, ETV6, WT1, as well as for MEF and FOXO family
members, whereas motifs for NFKB, VENTX, and NANOG were enriched in TARBZ2 cells.
Interestingly, NF kB signalling was shown to promote HSC self-renewal and survival®-®°.
Accordingly, TF footprinting analysis confirmed more RelA binding in TARB2 LMPP-like cells
(Figure S6J). In addition, several other motifs more accessible in one or both BCOR mutant
clones were bound by TFs previously linked to stemness® %% Conversely, AP-1, TCF7,
IRF4, BCL11A/B, and CEBPA/D motifs, linked to differentiation and/or cell cycle, were more

open in BCOR WT LMPP-like cells (Figure 6J).

Finally, to corroborate the unexpected differences between TARB1 and TARB2 clones, we
directly compared their gene activity scores across leukemic populations. This revealed
increased activity of genes involved in HSC and/or LSC function, including HOXA9, HOXA10,
KIT, BMI1, NR4A2 and INPP4B, in the larger TARB2 clone (Figure 6K). Conversely, CDK20
and CDC20, which promote cell cycle, were more accessible in the TARB1 clone. Moreover,
binding motifs of IRF4, BCL11A/B and SPI1 TFs were also more accessible in the TARB1
clone (Figure S6K). This raises the intriguing possibility that the TARB2 clone had a fithess
advantage over the TARB1 clone, occupying a more stem-like chromatin state within the

leukemic hierarchy.
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Collectively, the above data suggest that BCOR mutations in this somatic context alter the
balance between chromatin elements regulating quiescence, cell cycle and differentiation
(Figure S6L). Differential gene and motif openness indicate aberrant reactivation of molecular
actors promoting quiescence and maintenance of LSCs, at the expense of differentiation.
GTAC thus provides specific insights of how mutational cooperativity correlates with chromatin

heterogeneity, within defined leukemic differentiation stages.
Discussion

We present GTAC, a single-cell multi-modal approach mapping high quality chromatin
accessibility profiles to complex clonal structures in malignant tissues. While our scATAC-seq
library construction protocol simplifies and increases cell throughput compared to previous
plate-based methods®***, targeted genotyping is easily implementable in any laboratory.
Moreover, our analyses adopt broadly utilized computational pipelines, making GTAC a widely

accessible method.

Functional assays that rely on either targeted mutagenesis or overexpression in model
systems may miss the full breadth of clonal complexity underlying human cancer. Hence,
primary samples provide an important benchmark to establish the cellular, epigenetic and
molecular landscape in human pre-malignant and fully transformed clonal populations. While
existing approaches demonstrated the correlation of altered genotypes with transcriptomic'”®
or surface protein heterogeneity®, linking somatic mutations to chromatin accessibility leads
to several unique advantages. Firstly, chromatin is a more accurate indicator of cell identity
compared to RNA'™, allowing for more granular analysis of cell populations. Secondly,
chromatin accessibility enables study of dynamic alterations in TF networks downstream of
mutations. Crucially, GTAC reveals proximal or distal regulatory elements with clone-specific
activity, enabling mechanistic hypotheses to be generated about the impact of mutations on

gene regulation.

We demonstrate the utility of GTAC in human AML, where linking epigenomic profiles to clonal
progression identified a RUNXT mutation as a key driver event associated with leukemic
transformation. Furthermore, more subtle chromatin changes downstream of BCOR mutations
suggest a de-regulated epigenetic balance between self-renewal and differentiation in BCOR
mutant progenitors, which gradually expand the pool of LSC-like cells in this patient. Finally,
the unexpected difference between two BCOR mutant clones suggests that even cells with
apparently similar somatic genotypes can display notable chromatin heterogeneity, resulting
either from additional unidentified genetic/epigenetic driver(s), differences in the cells-of-
origin, or due to distinct functional properties of the two mutations. Crucially, GTAC enabled

comparison of different clones within specific scATAC-defined populations, a level of
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granularity not achievable by conventional scATAC approaches. Going forward, GTAC could
also be applied to longitudinal patient samples to elucidate clone-specific changes in
chromatin profiles throughout treatment, providing insights into epigenetic mechanisms of

therapy resistance.

GTAC has important advantages compared to droplet-based technologies®™. First, high
genotyping efficiency and an average ADO of only ~5% per locus make it possible to
confidently assign the most likely phylogenetic tree across a range of putative clonal
hierarchies, making GTAC uniquely suitable for the study of somatically complex disease. Low
ADO rates are crucial to minimise error in downstream analyses as clone-specific differences
in chromatin accessibility would progressively be diluted with increasing ADO rates. Second,
locus capture does not depend on chromatin accessibility proximal to the amplified region,
allowing for uniform genotyping across different cell states. Third, at parity of Tn5
concentration and cell type, GTAC vyields substantially more complex scATAC libraries

compared to other technologies?2>9%%

, providing greater granularity, which is important when
studying subtle differences arising from intratumoral heterogeneity. This is currently achieved
with a cost per cell of approximately $3 (excluding sequencing). Finally, we speculate that our
scATAC library complexity may be further improved by integrating the recently published s3-

ATAC strategy®.

In conclusion, we provide a robust and highly sensitive single-cell tool capable of resolving
chromatin differences between somatic clones within the same tissue. Given that scATAC
performs well on a vast spectrum of human cancers®, GTAC will be widely applicable across

the field of somatic mosaicism and tumor evolution.
Limitations of the study

The main limitation of GTAC is lower throughput compared to droplet-based strategies. In
terms of cell numbers, one tagmentation reaction on 50,000 cells usually yields up to ten 384-
well plates. This number can be increased depending on starting cell numbers and populations
of interest. Timewise, the method requires around five days to process ten 384-well plates,
but the time required progressively increases with the number of genotyped loci. Altogether,
data from 10,000-12,000 cells can be generated in a few weeks. Lower throughput can be
limiting when very small clones are studied: in such cases, GTAC is likely underpowered and
may miss the full breadth of clone-specific chromatin accessibility. It should also be considered
that GTAC relies on the analysis of mutations previously detected in the patient sample by
either targeted panel or whole exome sequencing. Finally, for genetically complex tumors, in
which hundreds of mutations are present within the same sample, it would be necessary to

limit GTAC analysis to a selected subset of mutations.
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Figure Legends
Figure 1. GTAC workflow.

Schematic overview of GTAC. Primer legend is shown on the left. Details regarding

experimental procedures are described in STAR Methods.

Figure 2. GTAC enables sensitive mutation detection from multiple amplified genomic

loci.

(A) Workflow for validation of genotyping amplicon capture in K562 cells, using scATAC alone

(red) or the GTAC assay with (blue) or without (purple) the Tn5 enzyme.
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(B) Number of sequencing reads in single K562 cells across the variant nucleotide in the
indicated loci, comparing scATAC only (red) and GTAC libraries (blue). Median coverage in
scATAC and GTAC libraries, respectively, for each locus: TET2: 0 and 4823; NOTCH1: 0 and
7993; CBL: 0 and 7461; HOXA9: 0 and 6961; ASXL1: 0 and 7980. Number of cells tested by
GTAC is 240 for ASXL1, CBL, HOXA9, NOTCH1; 80 for TET2. Number of cells tested by
scATAC is 95 for each locus.

(C) Percentage of K562 cells showing =30 sequencing reads across the amplified loci,
comparing conditions with (blue) or without (purple) Tn5. Error bars show the standard error.

Fisher’s exact test was used (ns — not significant).

(D) Single-cell genotype calling validation workflow. Top, table shows cell lines tested, ploidy
at interrogated loci, mutations/variants expected, and genomic loci amplified. Bottom, cells

were tested with GTAC, and mutation calling was performed.

(E) Single-cell VAF (scVAF) values for variant loci in K562, in cells with =230 reads across the
variant nucleotide. Median scVAF in K562 and THP1 cells (WT control), respectively, are:
ASXL1:0.345 and 0.001; CBL: 0.352 and 0.002; NOTCH1: 0.342 and 0.001; HOXA9: 0.327
and 0.002; TET2: 0.642 and 0.001. Median values are shown.

(F) scVAF for the RUNX1 locus in JURKAT cells and for the NRAS locus in OCI-AML3 cells.
Each dot is a single cell (n=95, each). Median scVAF for RUNX71 and NRAS is 0.471 and
0.996, respectively.

(G) Percentage of cells in which both mutant and WT (green), only the mutant (purple), or only
the WT (orange) allele was detected, across 9 heterozygous loci. Cell lines are indicated
above. n = 236 (ASXL1), 238 (CBL), 235 (HOXA9), 232 (NOTCHT), 80 (TET2), 93 (RUNXT1),
149 (NPM1), 151 (DNMT3A), 144 (FLT3). Mutant and WT allelic drop-out (ADO) rates for each

locus are indicated below.

(H) Frequency of detection of heterozygous mutations in K562 cells when 5 mutant loci were
amplified in parallel. The percentage of cells in which all 5 (5 detected; 79%), or at least 4 (=24
detected; 94%), 3 (=3 detected; 96%), 2 (=2 detected; 98%) or 1 (=1 detected; 98%) mutant

loci were detected is shown. 2% of cells failed genotyping at all loci (Failed).

Figure 3. scATAC library quality is not altered with increasing numbers of amplified

genomic loci.

In panels (A) to (H), 80 K562 cells were assayed in 4 different conditions: GTAC (blue) where
either 4, 6 or 8 genotyping loci were co-amplified, or scATAC alone (red). In panels (A) to (D),
(F), and (H), metrics were compared to published plate-based K562 scATAC-seq data®

(green, Chen plate-based); in panels (A), (B) and (D), metrics were compared with published
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K562 data obtained with a 10X Genomics droplet-based method®® (purple, 10X Chromium).
In panels (A) to (D), ordinary one-way ANOVA with Dunnett’'s multiple comparisons was used

(ns — non-significant, adj. P > 0.05).

(A) Log1o of the number of unique nuclear ATAC fragments. Median values are: GTAC with 4
loci: 5.172; GTAC with 6 loci: 5.231; GTAC with 8 loci: 5.178; scATAC alone: 5.174; Chen
plate-based: 4.589; 10X Chromium: 4.001. Median values are shown within boxplots.
Whiskers extend from the 2.5" to the 97.5™ percentile.

(B) Percentage of ATAC reads in called peaks. Median values are: GTAC with 4 loci: 34.2%;
GTAC with 6 loci: 35.1%; GTAC with 8 loci: 35.0%; scATAC alone: 35.0%; Chen plate-based:
39.4%; 10X Chromium: 27.5%. The rest is as in (A).

(C) Percentage of reads mapping to the mitochondrial genome. Median values are: GTAC
with 4 loci: 0.53%; GTAC with 6 loci: 0.56%; GTAC with 8 loci: 0.47%; scATAC alone: 0.48%;
Chen plate-based: 6.05%. The rest is as in (A).

(D) Transcription start site (TSS) enrichment. Median values are: GTAC with 4 loci: 10.65;
GTAC with 6 loci: 10.93; GTAC with 8 loci: 10.85; scATAC alone: 10.99; Chen plate-based:
11.95; 10X Chromium: 12.33.

(E) Aggregated fragment size distribution across our conditions.

(F) Correlation matrix of Pearson’s coefficients comparing GTAC conditions and scATAC
alone with published K562 (Chen K562 replicate 1 and Chen K562 replicate 2) and human
skin fibroblast scATAC-seq datasets.

(G) Aggregated reads from genome positions chr19:35620000-35790000, across our

conditions and plate-based K562 data. Positions of labelled genes are shown.

(H) Percentage of K562 cells passing scATAC QC across our conditions and for the published
K562 data (STAR Methods).

(I) Percentage of K562 cells passing both scATAC QC and achieving successful detection of
all amplified genotyping loci (STAR Methods).

(J) Percentage of K562 cells passing both scATAC QC and achieving successful detection of
all four heterozygous mutations (STAR Methods).

In panels (K) to (N), 95 cells from each of the three indicated cell lines were subject to GTAC
with amplification of 3 genomic loci, ASXL1, RUNX1 and NRAS.

(K) UMAP based on scATAC data from 285 profiled single cells.

(L)-(N) The UMAP from (K) overlaid with genotyping data from three genomic loci. Legend on

the left indicates whether a mutation was detected (red), only the WT sequence was detected
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(blue), or if there were insufficient reads across the locus (grey). In each panel, the percentage
of cells that are false negative (i.e. a mutant cell is called WT) and of cells displaying
insufficient reads (Detection failure rate) is shown. Overall, 97% of cells were assigned the

correct genotype.

Figure 4. GTAC analysis of primary human acute myeloid leukemia maps clonal
hierarchy onto accessibility profiles and reveals the expansion of specific clones at

distinct stages of differentiation.

(A) Application of GTAC to 3520 FACS-sorted single nuclei (85% CD34" and 15% Lineage®
cells) from a primary human AML sample. Five loci previously identified as mutant by bulk

sequencing were targeted.

(B) Percentage of cells assigned to a clone (dark blue, 3407 of 3520 cells), based on

successful genotyping (STAR Methods).

(C) Percentage of cells passing scATAC QC and assigned to a clone (dark blue, 3113 of 3520
cells, STAR Methods).

(D) scVAF distributions in cells containing the mutation in the indicated genotyped loci. ‘BCOR-
1’ and ‘BCOR-2’ refer to the two distinct BCOR mutations. Median scVAFs for each locus are:
TET2: 0.507; ASXL1: 0.493; RUNX1: 0.997; BCOR-1: 0.987; BCOR-2: 0.996. Median and
quartile values are shown for TET2 and ASXL1.

(E) Top, single-cell genotyping results. Each row represents a locus (indicated on the left).
Each column is a single cell. Colours indicate whether a cell was called WT (grey), mutant
(cyan), or undetected (white), for each locus. Bottom, clonal assignment for each cell (colour
legend on the right). WT, wild-type. T, TET2 mutant. TA, TET2/ASXL1 mutant. TAR,
TET2IASXL1/RUNX1 mutant. TARB1, TET2/ASXL1/RUNX1/BCOR-1 mutant. TARB2,
TET2/ASXL1/RUNX1/BCOR-2 mutant. Only cells assigned to a clone are displayed.

(F) Most likely clonal structure based on mutation calls across the five loci. Numbers of cells

assigned to a clone are indicated. Abbreviations are as in (E).

(G) UMAP based on scATAC data of 3113 single cells from the AML sample. Cluster
differentiation stage is defined by chromatin accessibility profiles. HSC/MPP: hematopoietic
stem cells/multipotent progenitors; Mk/EP: megakaryocytic/erythroid progenitors; LMPP-like:
lymphoid-primed multipotent progenitor-like; Mono/Neut progenitor-like: monocyte/neutrophil
progenitor-like; LM progenitor-like: lympho-myeloid progenitor-like; pDC/NKP-like:

plasmacytoid dendritic cell/NK progenitor-like.
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(H) The UMAP from (G) overlaid with single-cell genotyping data. Clones are labelled below.
Abbreviations are as in (F). Cell numbers: WT: 377; T: 576; TA: 19; TAR: 861; TARB2: 834;
TARB1: 446.

(I) Percentage of cells from each clone within scATAC clusters. Fisher’s exact test was used
to assess the frequency of BCOR mutant clones between the LMPP-like and other progenitor

clusters (significant P-values reported above the graph).

(J) Heatmap displaying enrichment of TF motifs (rows) in marker peaks for each clone. Each
column is a clone. Colours indicate the normalized motif enrichment (-logio(adjusted P-value))
on a scale of 0-100. The maximum motif -logio(adjusted P-value) is indicated in brackets.
Marker peaks were selected with FDR < 0.05 and log2FC > 0.5. Only motifs for transcription

97,98

factors expressed in the hematopoietic system are shown.

Figure 5. GTAC identifies clone-specific chromatin dynamics throughout the leukemic
hierarchy, highlighting a differentiation delay of BCOR mutant clones at an LSC-like

state

(A) LSC module score deviation from the average of all cells, shown for leukemic populations.
Whiskers extend from the minimum to maximum value. Kruskall-Wallis test with Dunnett’s

multiple comparison was used and P-values are reported.

(B) Left: UMAP from Figure 4G overlaid with the LSC module score. Right: leukemic cells
overlaid with motif accessibility for ERG, ETV6, PBX3, and WT1.

(C) GSEA of genes upregulated in HSCs and LSCs compared to committed progenitors*’. All
BCOR mutant cells were compared to all TAR cells. Normalized enrichment score (NES) and

FDR values are indicated.

(D) Above: UMAP from Figure 4G depicting three differentiation trajectories within leukemia
(STAR Methods). Cells are colour-coded by pseudotime score. Below: for each trajectory,
clonal density is plotted as a function of pseudotime. The Kolmogorov-Smirnov test was used

to compare distributions. P-values for each comparison are indicated.

(E) TCF4, CEBPA and EBF1 motif accessibility as a function of pseudotime, when each
trajectory was split by clone (STAR Methods), indicated on the left.

(F) Normalized scATAC read coverage around the TLR4 (left) and CEBPD (right) genes.
Clone-specific Mono/Neut trajectories were split into five quantiles from low to high

pseudotime (Q1-Q5). Peaks and co-accessibility are plotted below.

(G)-(H) Heatmaps of motif accessibility across clone-specific pPDC/NKP pseudotime (x-axis),

for a selected subset of most variable motifs (each row represents a motif). In each panel, the
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upper heatmap relates to TAR and the lower heatmap to TARB2. Motifs bound by TFs

discussed in the Results section are labelled on the right.

() Correlation between JUNB and ETV6 (left), FOXO1 (middle) and CEBPA (right) motif
accessibility in LMPP-like cells (dots). Lines represent the linear fit and shadowed areas
represent 95% confidence intervals. Spearman correlation coefficients and P-values are

reported.

Figure 6. GTAC reveals specific switches in chromatin accessibility within the LMPP-

like differentiation stage upon subclonal acquisition of BCOR mutations

(A)-(B) Volcano plots of differential gene activity between TARB1 (n=130) and TAR (n=167)
clones (A), and TARB2 (n=293) and TAR clones (B), within the LMPP-like cluster. Differentially
accessible genes display FDR < 0.05 and absolute log.FC > 0.25. Lines indicate log2FC and
FDR thresholds. Differentially accessible putative PRC1.1 targets in AML’" are labelled in

green.

(C) GSEA of genes upregulated in HSCs and LSCs compared to committed progenitors*’.
BCOR mutant and WT LMPP-like cells were compared. NES and FDR values are indicated.

(D) Normalized scATAC read coverage around the CDK20 gene, comparing TARB2 and TAR
LMPP-like cells. Peaks and co-accessibility are plotted below. The arrow indicates gene

orientation.

(E) Overlaid normalized scATAC read coverage around the INPP4B promoter region,
comparing TAR and TARB2 LMPP-like cells. Peaks and gene annotation are indicated below.

The arrow indicates gene orientation.

(F) INPP4B gene activity as a function of pseudotime for the three trajectories. Clones are

colour coded (legend on the right). The loess method was used.
(G) Same as (E) but around the NR4A2 gene.
(H) Same as (F) but relative to NR4A2 gene activity.

(1)-(J) Volcano plots of differential TF motif accessibility between TARB1 and TAR clones (1),
and TARB2 and TAR clones (J), within LMPP-like cells. Differentially accessible motifs display
FDR < 0.05 and absolute Az > 0.25 and are labelled in red. Lines indicate Az and FDR
thresholds.

(K) Volcano plot of differential gene activity between TARB1 (n=446 cells) and TARB2 (n=834
cells) clones across all leukemic cells. Differentially accessible genes display FDR < 0.05 and
absolute log2FC > 0.20 and are labelled in red. Lines indicate log.FC and FDR thresholds.
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STAR METHODS
RESOURCE AVAILABILITY
Lead Contact

Further information and requests for resources and reagents should be directed to and will be

fulfilled by the lead contact, Paresh Vyas (paresh.vyas@imm.ox.ac.uk).

Materials Availability

The list of all oligo sequences designed in this study and used for single-cell genotyping can
be found in Table S4. These include both target-specific oligos used in the first PCR, and

nested barcoded target-specific oligos used in genotyping PCR1.
Data and Code Availability

Raw and processed scATAC-seq (GEO: GSE214812) data have been deposited at GEO and
are publicly available as of the date of publication. Raw targeted single-cell genotyping data
produced with GTAC (BioProject: PRINA887752) have been deposited at NCBI's SRA data
repository and are publicly available as of the date of publication. Python and Perl scripts used
for scATAC or single-cell genotyping data pre-processing were published previously'** and
are available at the respective Github pages. Custom scripts used for downstream analysis

are accessible at https://github.com/sventurkal/GTAC as of the date of publication. Any

additional information required to reanalyse the data reported in this paper is available from

the lead contact upon request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Cell culture

K562, MOLM-13, THP1 and JURKAT human cell lines were cultured in RPMI-1640 medium
(Cat# 21875034, Gibco) supplemented with 10% FBS and 1% V/V Pen-Strep (Cat# 15140122,
Gibco). OCI-AML3 cells were cultured in Alpha-MEM medium with nucleosides (Cat#
12571063, Gibco) supplemented with 20% FBS and 1% V/V Pen-Strep. All cell lines were
regularly screened for Mycoplasma contamination using the MycoAlert Mycoplasma Detection
Kit (Cat# LT07-218). Cells were passaged every 2-3 days and seeded at approximately 500
000 cells/mL. All cell lines were kept in a CO> incubator at 37 'C. Prior to GTAC procedures,

viability was evaluated to assure >90% viability.
Patient samples

Patient BM samples were collected with informed consent under ethically approved protocols
(MREC 06/Q1606/110 or NHS REC 17/YH/0382). Written informed consent was obtained in

accordance with the Declaration of Helsinki. Cytogenetic analyses were performed in clinical
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laboratories. Mononuclear cells (MNCs) were isolated by Ficoll density gradient centrifugation
and viably frozen in 90% FBS/ 10% DMSO. Genomic DNA was extracted using a DNeasy
Blood & Tissue Kit (Cat# 69506, Qiagen). The diagnostic human AML BM sample used for
GTAC experiments was derived from a male AML patient aged 81 at the time of sample
collection. Wild-type BM used for GTAC experiments was derived from a female orthopedic

patient undergoing hip replacement surgery, aged 65 at the time of sample collection.
METHOD DETAILS
Targeted DNA sequencing

Library preparation and sequencing: Targeted DNA sequencing was performed on bone
marrow MNCs. Pre-capture DNA libraries were prepared using the KAPA HyperPlus protocol
(Cat# KK8514, Roche). 100ng of genomic DNA was fragmented by enzymatic fragmentation.
Following end repair and A-tailing, adapter ligation was performed using KAPA dual-indexed
adapters (Cat# KK8722, Roche). Library cleanup and double-sided size selection was
performed using Agencourt AMPure XP beads (Cat# A63881, Beckman Coulter) to obtain
fragments of ~320 bp. Libraries were amplified by ligation-mediated PCR for 6 cycles using a
KAPA HiFi HotStart high-fidelity DNA polymerase (Cat# 7958927001, Roche) and purified
using AMPure XP beads.

Targeted capture was performed using a custom pool of biotinylated capture probes (SeqCap
EZ Prime Choice, Roche) targeting 97 genes recurrently mutated in myeloid malignancies
spanning 347 kb*'¢9192  Amplified DNA libraries were hybridized to the capture probes in
pools of 10-12 samples according to the manufacturer’s instructions. The captured DNA
libraries were amplified by 14 cycles of PCR using a KAPA HiFi HotStart DNA polymerase
and purified using AMPure XP Beads.

Post-capture amplified DNA libraries were quantified by Qubit (Life Technologies) and size
distribution and quality analyzed using a Bioanalyser chip (Agilent Technologies). Libraries
were pooled in equimolar concentrations and were sequenced on an lllumina NextSeq 500

using paired-end reads.

Variant calling in targeted panel sequencing: Sequencing data were analyzed in a custom
pipeline based on the GATK Best Practices (GATK v4.1.2.0 and Picard v2.21.3). Raw
sequencing reads were converted to an unmapped BAM file and adapter sequences soft-
clipped using Picard MarkllluminaAdapters. Following conversion back to a FASTQ file, reads
were mapped to the hg38 human reference genome assembly using the Burrows—\Wheeler
aligner v0.7.17'% with alternate contig-aware alignment. Mapped, and unmapped, BAM files
were merged using MergeBamAlignment and reads from different sequencing lanes were

combined. Duplicate reads were marked using Picard MarkDuplicates and base quality scores
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recalibrated with GATK BaseRecalibrator and ApplyBQSR. Somatic variant calling was
performed on the pre-processed BAM files using VarDictJava v1.7.0' and Mutect2'® in
tumour-only mode. For VarDict, variants were called with a minimum variant allele frequency
of 0.01, minimum base quality score of 25 and minimum supporting reads of 2, with indel
realignment and removal of adapter sequences. For Mutect2, a minimum tumor LOD of 2 was
used and variants were filtered for sequence context-dependent artefacts using
FilterMutectCalls and FilterByOrientationBias. Indels were left-aligned and normalized using
bcftools norm (v1.9). Variants were annotated using Annovar'®. Target enrichment metrics

and coverage was calculated using Picard CollectHsMetrics and custom scripts.

VarDict and Mutect2 variant calls were analyzed separately to identify a consensus list of high-
confidence variants. The following post-processing filters were applied to VarDict calls to
exclude likely sequencing artefacts: (1) Minimum of 5 variant reads for SNVs (with at least 2
reads in forward and reverse directions), or minimum of 10 variant reads for indels (with at
least 4 reads in forward and reverse directions). (2) Minimum base quality score 30. (3)
Minimum mapping quality score 40, except for variants in U2AF1,U2AF1L5, where the
mapping quality was ignored. This because, there is a duplication of the U2AF1 gene on
chromosome 21 called U2AF1L5, in hg38, which results in reads being flagged as multi-
mapped. (4) Maximum strand bias Fisher p-value of 0.0001. (5) No position bias towards
beginning or end of reads. The following post-processing filters were applied to Mutect2 calls:
(1) Passed all default Mutect2 filters or only failing the clustered_events filter. (2) Minimum of
5 variant reads for SNVs (with at least 2 reads in forward and reverse directions), or minimum

of 10 variant reads for indels (with at least 4 reads in forward and reverse directions).

Variants were flagged as likely germline, or sequencing artefacts, if any of the following
applied: (1) Variant allele with a population allele frequency >1 in 1,000 according to any of
three large polymorphism databases (Gnomad, 1000 Genomes Project, ESP6500) that is not
a hotspot driver mutation with a COSMIC (v88) occurrence count of >100 cases. (2) Present
in a panel of normal cord blood samples. (3) Recurrent in the cohort unless present at least 5
times in COSMIC.

Primary bone marrow cell sorting

Thaw media was prepared with IMDM buffer (Cat# 21056023, Gibco) supplemented with 20%
FBS and 11% DNAse | (110 pyg/mL). Cryopreserved bone marrow samples were thawed at
37 °Cin a water bath, 1 mL warm FBS was added and the suspension then diluted by dropwise
addition of 8 mL thaw media. Cells were centrifuged at 350 g for 10 min at room temperature
and then resuspended in FACS buffer (IMDM with 10% FBS and 10 pg/mL DNAse I), filtered,

and placed on ice. Cells were stained for flow cytometry with antibodies listed in Key
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Resources Table for 20-40 min on ice. After washing, cells were centrifuged at 350 g for 5 min
at 8 C, resuspended in 200-500 uL FACS buffer containing DAPI at 1 in 10* dilution for dead
cell exclusion. Cells were sorted on a Sony MA900 instrument. Single stains were used to set
initial voltages. Fluorescence minus one controls (FMOs) and positive and negative cell
populations were used to set gates. Single, live CD34" cells were sorted into IMDM with 10%
FBS, in tubes that were pre-coated with IMDM containing 10% FBS.

GTAC cell lysis and tagmentation

Tagmentation of cell populations was performed using the Omni-ATAC protocol?*>*. Briefly,
50,000-90,000 FACS-sorted cells were centrifuged, washed with 500 pyL of cold PBS
containing 0.5% BSA, and centrifuged again at 500 g in a pre-chilled (4 'C) fixed-angle
centrifuge for 5 min. The supernatant was carefully removed. Cell pellets were then
resuspended in 50 uL ATAC resuspension-digitonin buffer (ATAC-RSB-DTN buffer; 0.01%
digitonin, 0.1% NP-40, 0.1% Tween-20, 10 mM Tris-HCI pH 8.0, 10 mM NaCl, and 3 mM
MgCl2) and left on ice for 3 min. Following lysis, 1 mL chilled RSB-Wash buffer (0.1% Tween-
20, 10 mM Tris-HCI pH 8.0, 10 mM NaCl, and 3 mM MgClI2) was added and the tube was
inverted gently a few times. Nuclei were centrifuged at 1000 g for 3-5 min at 4 'C and the
supernatant removed leaving 2-3 pL of buffer. Nuclei were resuspended in chilled
tagmentation buffer (16% DMF, 66mM potassium acetate, 10mM magnesium acetate, 33mM
Tris-HCI pH 8.0, 0.1% digitonin) containing 5 yL of Tn5 (Cat# 20034197, lllumina). Tubes were
incubated in a pre-heated thermo-mixer for 30 min at 37 'C with 800 rpm shaking. After
incubation, 50 yL tagmentation stop buffer containing 10 mM EDTA and 0.5% BSA was added,

the suspension was pipette-mixed gently 10 times and left on ice for a minimum of 10 min.
GTAC lysis plate preparation, single-nucleus sorting and preamplification

All cell line experiments were done in the 96-well plate format, while primary samples were
processed using a 384-well plate format. Here we describe the procedure for 384-well plates.
All the volumes were doubled for the 96-well format, as recommended previously®. Note that
all the experiments prior to the first PCR (lysis buffer preparation, plate pre-processing after
sort) were carried under the hood in a designated pre-PCR clean room. The full list of the 384
barcoded i7 indexes have been published®. Targeted oligo sequences used for genotyping

and barcoded nested target-specific primers used for PCR1 are listed in Table S4.

1.1X lysis buffer was prepared as detailed previously**. 27 uL of 1.1X lysis buffer was aliquoted
into each well of a 384-well plate (Cat# 4ti-0384/B, FrameStar) and 3 uL of 100 uM i7 indexed
primers (containing well barcodes; IDT) were added to each well to obtain a 10uM i7 index
stock plate with unique barcodes in each well. Sorting plates were prepared by transferring 1

pL from the 10uM i7 index stock plate into a new 384-well plate and adding 1 pL of 10 uM i5
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indexed primer (containing a plate barcode; IDT) in 1X lysis buffer, using a unique i5 index for

each plate. Sorting plates were stored at -80°C and thawed prior to nuclei sorting.

Nuclei were sorted on a Sony MA900 instrument. 500-1500 uL of nucleus dilution buffer (0.5%
BSA in 0.5X PBS and nuclease-free water) was added to the tagmented nuclei suspension
and 1:1000 1 mg/mL DAPI was added for a final DAPI dilution 1:10° (an unstained sample
was used to set the DAPI-negative gate). Single nuclei were identified using a combination of
FSC, SSC and DAPI fluorescence and sorted into each well of the 384-well plates, excluding

clumps and doublets with two consecutive singlet gates. Plates were stored at -80 C.

Next, plates were incubated at 65 "C for 15 min followed by addition of 1 uL Tween-20 10%
(Cat# 11332465001, Sigma). PCR preamplification was performed by adding 5 yL PCR mix
containing 2x NEB High Fidelity Q5 master-mix (Cat# M0515, New England Biolabs) and
target-specific genotyping primers (IDT) at a final concentration of 100 nM per primer. Plates
were incubated on a thermo-cycler with the following PCR conditions: 72 "C for 10 min, 98 'C
for 1 min, then 15-18 cycles of 98 'C 10's, 60 'C 30 s and 72 °C for 30 s, then a final elongation
at 72 °C for 5 min. 18 cycles of amplification were used for cell lines and 16 cycles of

amplification for primary human cells.

After the preamplification PCR, 20% of the PCR product was transferred to a new plate
containing 4 uL nuclease-free water (Cat# AM9932, Invitrogen) per well to make a stock plate
for single-cell genotyping which was then stored at -80 'C. To purify scATAC libraries, the
remaining 80% of the volume from each 384-well plate was pooled into a Falcon tube. Each
pool was mixed with 5 volumes of Qiagen PB buffer (Cat# 19066, Qiagen) and 10-30 L of
sodium acetate pH 5.5 (Cat# AM9740, ThermoFisher) was added. The pool was purified using
a QIAquick spin column (Cat# 28104, Qiagen) and eluted into a total of 42 L of nuclease-free
water (two elutions in 21 uL were done). The pooled libraries were further purified twice with
AMPure XP beads first with a 0.5:1 ratio of beads to sample, then with a 1.2:1 ratio of beads
to sample. Libraries were quantified with Qubit dsSDNA HS Assay Kit (Cat# Q32854, Invitrogen)
and fragment size was analysed with Agilent Bioanalyzer (High Sensitivity DNA Kit, Agilent,
Cat# 5067-4626) or Agilent Tapestation (High Sensitivity D5000 ScreenTape and Reagents,
Agilent, Cat# 5067-5592 and Cat# 5067-5593). Libraries were pooled in equimolar

concentrations and diluted to 4 nM for sequencing.
GTAC single-nucleus genotyping library preparation

To generate lllumina-compatible libraries for single-cell genotyping, two PCR steps are
required following the initial preamplification PCR. In the first PCR step (genotyping PCR1),
nested target-specific primers containing universal CS1 (forward primer) or CS2 (reverse

primer) adapters are used to amplify the target loci of interest. Incorporation of a barcode
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sequence specific to each plate into these primers enables libraries from different plates to be
pooled later (Figure 1). Genotyping stock plates with the preamplification PCR product were
thawed and spun at 3000 g at room temperature. PCR1 reactions were set up using 3.25 L
of KAPA 2G Robust HS Ready Mix (Cat# KK5702, Sigma-Aldrich), 1.5 uL of preamplification
PCR product and 300 nM target-specific primers containing plate barcodes (IDT) in a 6.5 yL
reaction. PCR1 was performed with the following PCR conditions: 95 C for 3 min, 22-25 cycles
of 95°C 15's, 60 C 20 s and 72 °C for 1 min, then a final elongation at 72 °C for 5 min. For cell

lines, 22 cycles of PCR were used and for primary human cells, 24 cycles were used.

In the second PCR step (genotyping PCR2), lllumina-compatible adapters containing a 10 bp
cell barcode are attached to the genotyping PCR1 product by binding to the CS1/CS2
adapters. PCR2 reactions were performed using FastStart High Fidelity polymerase (Sigma-
Aldrich) with 1.0 yL of PCR1 product and 1.2 pL of each barcode primer mix (Access Array
Barcode Library for lllumina Sequencers- 384, Single Direction, Cat# 100-4876, Fluidigm) in
a 6.2 pL reaction. PCR2 was performed with the following program: 95 "C for 10 min, then 10
cycles of 95°C 15,60 'C 30 s and 72 'C for 1 min, then a final elongation at 72 'C for 5 min.

After PCR2, 1 yL from each well was pooled using Mosquito nanolitre liquid handling platform
(TTP Labtech) and purified with AMPure XP beads with a 1.2:1 ratio of beads to PCR product.
Libraries were quantified with Qubit dsDNA HS Assay Kit and fragment size was analysed
with Agilent Tapestation (High Sensitivity D1000 ScreenTape and Reagents, Agilent, Cat#
5067-5583 and Cat# 5067-5584). Next, libraries were pooled at equimolar ratios taking into
consideration average library size of the library, total number of amplicons per pool (number
of amplicons per cell * number of cells) and Qubit measurements. The pool underwent a final
AMPure XP bead purification with a double-size selection, using first a 0.6:1 ratio of beads to
library, followed by a 1.2:1 ratio of beads to library to remove traces of scATAC library and

preserve only genotyping amplicons. The final library was diluted to 4 nM prior to sequencing.
GTAC sequencing

For scATAC library sequencing, the number of reads per cell depends on the library
complexity of a given sample. From our experience, at least 200k reads per cell are
recommended. K562 cells used for scATAC library comparison (Figure 3) were sequenced at
average depth of 435080 reads/cell. The AML sample was sequenced at average depth of
256064 reads/cell. For scATAC library sequencing, we either used lllumina NextSeq 500/550
Mid-Output kits or NextSeq 500/550 High-Output kits. All sequencing runs were performed
using 150-cycle kits (75 bp paired-end).

For genotyping libraries, we aimed for a minimum of 2000 reads per cell per amplicon. We

used either Illlumina MiSeq v3 or NextSeq Mid Output kits (75 bp paired-end). Three custom
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primers were used for sequencing: two primers anneal to the CS1 and the CS2 adaptors and
sequence the plate barcode and the specific region of interest (500 nM CS1 primer and 500
nM CS2 primer), while the CS2rc primer anneals to the reverse complement of the CS2
sequence, reading the 10-bp Fluidigm well barcode (500 nM CS2rc primer) '%’. All sequencing
primers were diluted in 700 mL of HT1 buffer.

GTAC primer design and validation

Target-specific pre-amplification primer pairs were designed using Primer-BLAST ', using
the Homo sapiens database, using Thermodynamic Oligo Alignment option. Ideally, amplicons
should be 250 bp or shorter in length, given that longer regions might fail amplification due to
Tn5 tagmentation (if the region is in open chromatin). Primers were checked with the IDT Oligo
Analyzer tool to exclude annealing to i7 and i5 ATAC primers, avoiding those with AG < -
9kcal/mol. Nested target-specific primers used in genotyping PCR1 were also designed with
Primer-BLAST and additionally contain universal CS adaptors (CS1 adaptor for forward
nested primer and CS2 adaptor for the reverse nested primers) followed by a 6 bp-long custom
plate barcode. We note that when genotyping libraries are sequenced with 75 bp paired-end
sequencing, at least one of the nested primers should not be more than 69 bp from the locus
of interest. Primer pairs were first tested using extracted genomic DNA and appropriate
enzymes. Pairs displaying clear bands of expected sizes and low or no unspecific amplification
were tested in single-cell reactions. For that purpose, single OCI-AML3 or primary CD34+
bone marrow cells were sorted into lysis buffer containing generic i5 and i7 oligos and GTAC
library preparation was carried out as described in the previous sections. Each primer pair was
tested on 16 single cells. After 18 cycles of PCR, an aliquot of the sample was taken for
genotyping testing, in which the PCR1 reaction was performed for each single cell with 32
cycles of amplification, followed by amplicon evaluation on a 2% agarose gel. To confirm
correct scATAC library formation, the remaining material from each set of 16 cells was pooled
and purified as described above, followed by fragment size analysis on an Agilent Bioanalyzer.
Primer pairs forming primer dimers or interfering with correct library formation were excluded

and re-designed.
Single-cell genotyping data pre-processing and mutation calling

Single-cell genotyping data was pre-processed using the published custom pipeline used
previously for TARGET-seq (https:/github.com/albarmeira/TARGET-seq)'"’. Reads were first

demultiplexed using the 384 well barcodes introduced via the genotyping PCR2 reaction,

followed by demultiplexing based on plate barcodes introduced during genotyping PCR1. This
generated separate fastq files for each single cell. Reads were aligned to hg38 using STAR

version 2.7.3a with default settings. Variant calling was performed with mpileup (samtools
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version 1.1, options: --minBQ 30, --count-orphans, --ignore overlaps) and results were
summarized using the custom pipeline. This generates summary files for each variant,
providing the number of A, G, T, C or indel reads for the specified coordinates for each cell.
We note that in case of indels, it might be necessary to provide the coordinates mapping 1-2
bp downstream of the first affected base, in order to avoid the indel being missed by the variant
call. For FLT3-ITD genotype pre-processing (MOLM-13 cell line), getITD'® pipeline was used

instead, providing the primer and CS1/2 adaptor sequences, and using -min_read_length 60.

Mutational calling on single cells was then performed with custom R scripts, separately for
each variant. Coverage for each cell was calculated as the sum of all reads across the variant
locus for that cell. Empty wells routinely displayed zero or very few reads (usually up to 2),
indicating no cross-well contamination. Cells were filtered out if the coverage was less than
30 reads across the variant locus. The scVAF for each cell was calculated with the following

formula:
scVAF = variant reads / coverage

PCR amplification and next-generation sequencing have an inherent error rate, which needs
to be accounted for when calling cell genotypes. Control cells that were WT for the locus were
used to set scVAF thresholds for mutation calling. For mutational analysis in cell lines, we
used cell line(s) that were WT for the locus as a control. For mutational analysis of the human
AML sample, we profiled 300 CD34+ bone marrow cells from a healthy individual WT for the
loci of interest. The scVAF threshold for calling a cell mutant was set using the following

formula:
VAF threshold = max(scVAF in WT control) + 2 x SD of scVAF in WT control

Furthermore, we set a threshold for the minimum number of mutant reads for a cell to be called

mutant, calculated with the following formula:
Minimum number mutant reads = Maximum number mutant reads in WT sample + 1

Thus, cells were called mutant for a locus if both the scVAF threshold and the minimum

number of mutant reads were passed.
Inference of clonal hierarchies

For the AML sample, each single cell was assessed for detection or non-detection of the five
mutations present in the sample. The pattern of mutational co-occurrence was used to
determine the most likely clonal structure and assign a clonal identity to each cell using
principles based on those in our previous study®. The occurrence of ADO means that in some
cells, a mutation that is present will not be detected. For most mutations in this sample, the

sequence of acquisition was clear. However, we observed a small number of cells belonging
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to TA and TR clones, suggesting either the ASXL 1 or the RUNXT mutation was acquired after
TET2. We observed 21 cells with the TA genotype compared to 11 cells with the TR genotype,

suggesting that T — TA — TAR was the most likely sequence of acquisition.

While our highly sensitive single-cell genotyping resulted in straightforward clone assignment
for most cells, a fraction of cells failed detection or displayed ADO for one or more loci. In
some of these cases, we were still able to assign a cell to a clone. For example, a small
proportion of cells were mutant for TET2 and one of the BCOR loci but the ASXL1 or RUNX1
mutations were not detected. In these cases, we inferred that ADO had occurred, and the cell
was assigned to the appropriate daughter clone. We applied the same reasoning in cells that
were called WT for TET2 but mutant for ASXL1, RUNX1 and/or one of the BCOR loci, in which
we inferred ADO of the mutant TET2 allele had occurred. In all cases, this was a rare

occurrence consistent with our estimates of the ADO rate.

We could not apply the same ADO correction for loci harbouring later mutations (BCOR
mutations), given the absence of a later ‘control’ event. In a fraction of cells, mutations were
called on TET2, ASXL1 and RUNX1, while one BCOR locus was called WT and the other
failed detection (less than 30 reads covering the variant allele). In those cases, we assigned
the cell to the TAR clone. If mutations were called on TET2, ASXL1 and RUNX1 but both
BCOR loci failed detection, we removed these cells from further analysis. We also noticed 18
cells where both BCOR mutations were detected, and scVAFs were consistent with
heterozygosity, suggesting they were doublets. Consistent with this, the majority of these cells
had a high number of unique scATAC fragments. We therefore excluded these from

downstream analysis.

To confirm that our phylogenetic tree for the AML sample represented the statistically most
likely course of somatic events, we used infSCITE''® with default parameters and ‘-r 200 -I
10000 -fd 0.01 -ad 0.02 -e 0.2 -p 1000’. As input, we used the matrix containing the mutational
status for each locus, for each analysed cell. The estimated allelic drop-out rate determined
by infSCITE was 2%.

Allelic drop-out (ADO) estimation

To estimate ADO rates for a range of loci, we analysed variants known to be present in a
heterozygous state in all cells and calculated the frequency with which they were called

homozygous (either reference or alternative) when they should be heterozygous.

For the cell line analysis, we profiled 5 heterozygous loci in K562 cells (HOXA9, CBL,
NOTCH1, ASXL1, TET2), 2 in OCI-AML3 (NPM1, DNMT3A), 1 in MOLM-13 (FLT3) and 1 in
JURKAT (RUNXT). In the primary AML sample, we profiled two germline heterozygous SNPs
(in the SH2B3 and ASXL2 loci) (Figures S2C-S2E), which were previously identified via
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targeted DNA sequencing of BM MNCs. For each locus, detection of the variant allele was

called by setting a scVAF threshold based on WT control cells as described previously:
scVAF threshold for detection of variant allele = max scVAF in WT + 2 x SD of the scVAF mean in WT

To determine detection of the reference (or WT) allele, we defined a scVAF threshold using

the following formula:

scVAF threshold for detection of reference allele = 1 — scVAF threshold for detection of variant allele
For each allele, we then calculated the percentage of cells in which ADO occurred:

ADO percentage = (Cells below scVAF threshold) / (Total number of cells) * 100

Finally, total ADO rate was calculated as:

Total ADO percentage = Variant ADO percentage + WT ADO percentage

We therefore estimate that the percentage of cells in which bi-allelic detection occurred as:
Bi-allelic detection percentage = 100 — Total ADO percentage

We report variant ADO, WT ADO and bi-allelic detection percentages in Results. We note that,
when profiling heterozygous mutations at single-cell level, WT ADO is not usually problematic
because the cell can still be called mutant. The same is not true for mutant ADO, which leads

to a mutant cell being wrongly assigned as WT.
Coverage calculation from scATAC data

To calculate the number of reads mapping to target loci of interest within scATAC libraries, we
used bedtools coverage on non-deduplicated BAM files for each scATACIibrary, providing a
BED file containing variant coordinates. We then plotted the coverage as total reads mapping

to the locus derived from each cell.
scATAC data pre-processing

Raw bcl files were first demultiplexed using bcl2fastq (version 2.20) and specifying - - no-lane-
splitting. Files were demultiplexed using unique i7/i5 combinations present in each well. Raw

33 with minor

data was pre-processed with a published pipeline written in snakemake
modifications. In brief, trimming was performed with cutadapt42 to remove the Nextera
sequence at the 3'-insert end. Next, reads were mapped to hg38 with Hisat2. Reads with
mapping quality less than 30 were removed by samtools (-g 30 flag). Next, each bam file was
de-duplicated using the Picard MarkDuplicates function and indexed using samtools index.
Files with aggregate size distribution for each cell were generated using samtools after
removal of the reads mapping to chrM. De-duplicated reads from single cells were merged
using samtools (ulimit -n 16384 was specified to avoid errors if more than 1024 cells were

analysed). Average fragment size was computed again on the merged file excluding chrM.
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The merged BAM file was converted to BED format via bam2bed. The BED file was used for
peak calling with MACS2 and specifying --nomodel --shift -100 --extsize 200. The resulting
BDG files were used to generate a genome coverage file in BW format using bdg2bw, which
was used as input for UCSC genome browser visualization, as well as for LanceOtron peak

caller'’

used to generate peak sets for correlation analyses (Figure 3F, detailed below). A
count matrix over the union of peaks was generated by counting the number of reads from
individual cells that overlap the union peaks using coverageBed from bedTools. Additional
per-cell quality metrics were generated from individual BAM files using MACS2-produced

.narrowPeak files for peak coordinates.
Correlation of peak calls

Merged BAM files were indexed using samtools index function. Then, coverage files in BW
format were produced using bamCoverage - - extendReads -bs 1 - - normalizeUsing RPKM.
Coverage files were loaded into the LanceOtron peak caller in order to extract bona-fide peaks
of open chromatin and filter out noise peaks to avoid inflating correlation (model used: wide-
and-deep-jan-2021). Output files were filtered for true peaks via peak scores — a bona-fide
peak of open chromatin had the peak score higher than 0.5. Next, these files were merged to
create a union of peak coordinates sorted by chromosome and start coordinates. The final
union file was generated with bedtools merge, containing all bona-fide peaks called across all
samples. multiBigwigSummary quantified sample correlation across peaks present in the
union bed file, taking as input original coverage files, excluding chrM peaks. To plot correlation
results, plotCorrelation was used with the following parameters: - - corData results.npz - -

corMethod pearson - - whatToPlot heatmap - - removeQuitliers - - skipZeros - - plotNumbers.
Merging scATAC and genotyping data

To link clonal information with ATAC-seq data for each single cell, genotyping data was
merged with metadata produced by the pre-processing pipeline using shared cell IDs.
ArchR''? was used for most downstream scATAC analyses (details in the next section). To
generate Arrow Files and the ArchR project, the fragment file produced by the pre-processing
pipeline was used as input. Arrow Files were generated using maxFrags = 120000, filterTSS
= 8 and filterFrags = 10000 and addGeneScoreMat = TRUE to add gene score information
used for later analyses. After ArchR project generation, the relevant metadata was extracted
using cellColData. Next, this table was merged with the pre-processing metadata via the
cellNames column to link clonal information with the QC metrics assigned during Arrow File
generation, maintaining the row order from the ArchR metadata, and subtracting cells filtered

out during Arrow File generation. The column containing clonal information was then extracted
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in vector format and added as new column to the ArchR project metadata. Finally, cells which

could not be assigned to a clone were removed from the ArchR project.
Doublet exclusion

We added doublet scores for each cell using the addDoubletScores function in ArchR, with k
= 10, knnMethod = ‘UMAP’ and LSIMethod = 1. Briefly, this step generates synthetic doublets
by using the provided data and by mixing sequencing reads derived from thousands of single-
cell combinations. Synthetic doublets are then projected on a UMAP embedding and their
closest neighbour is identified. The procedure is iterated thousands of times to identify most
likely doublets within the data. Identified doublets were removed using filterDoublets with

cutEnrich = 1 and filterRatio = 1.
Dimensionality reduction and clustering

We performed Latent Semantic Indexing (LSI) dimensionality reduction using the
addlterativelLSI function in ArchR, with iterations = 2, varFeatures = 30000, dimsToUse = 1:30,
and clusterParams including resolution = ¢(0.2) and sampleCells = 4000. Clustering was
performed using the addClusters function with the LS| dimensions as input using method =
‘Seurat’, resolution = 0.55, and visualised by computing a UMAP using the addUMAP function
with nNeighbours = 30, minDist = 0.5.

We used several orthogonal strategies to annotate clusters. First, we obtained marker genes
for each cluster based on gene activity scores "2, a measure of accessibility within and around
gene body. Marker genes were identified using the getMarkerfFeatures function with useMatrix
= ‘GeneScoreMatrix’, testMethod = ‘wilcoxon’, bias = c(‘TSSEnrichment’, log10(nFrags)’).
This uses the Wilcoxon rank-sum test to identify marker genes while controlling for the TSS
enrichment and logio(unique fragments) of cells when sampling the background set of cells.
Marker genes with log2FC 2 0.25 and FDR < 0.05 were used to test for enrichment of published

113-118

human haematopoietic gene signatures using g:Profiler'® (Figure S3B), using ‘Only
annotated genes’ as statistical domain scope. Second, we computed motif accessibility
deviation scores of key transcription factors (Figure S3C). Third, we identified differentially
accessible marker peaks for each cluster using the getMarkerFeatures function in ArchR (as
described below) and identified the overlap of those marker peaks with curated peak sets from
previously published bulk ATAC-seq data using the peakAnnoEnrichment function in ArchR
(Figure S3D). Finally, we confirmed cluster annotations by projecting our data onto a healthy

human bone marrow dataset*' (details below, Figure S3E).

Gene activity and module score
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We calculated gene activity scores in ArchR as previously described 2. To plot gene activity
scores on the UMAP embedding, MAGIC was used for signal smoothing across nearby cells
to account for data sparsity, via plotEmbedding coloured by the GeneScoreMatrix and using

imputeWeights = getimputeWeights.

In order to compute the LSC score, we used the addModuleScore function in ArchR, providing
as input the previously published LSC-specific signature*®, and using gene activity scores from

the GeneScoreMatrix.
Pseudo-bulk replicate generation, peak calling and marker identification

We generated pseudo-bulk replicates using clonal information — each clone constituted a
pseudo-bulk replicate. We used addGroupCoverages with groupBy = ‘clone’ and called peaks
with MACS2 using addReproduciblePeakSet with groupBy = ‘clone’, shift = -75, extsize = 150,
additionalParams = ‘ - - nomodel - - nolambda’, peaksPerCell = 1000, performing an iterative
overlap procedure for merging peaks specific to ArchR. We called 175563 peaks in the AML

sample. We added the peak matrix via addPeakMatrix.
Differential accessibility analysis and motif enrichment

We used several strategies to estimate chromatin accessibility differences between clones
and clusters. We first defined marker peaks for clones and clusters using getMarkerfFeatures
with useMatrix = ‘PeakMatrix’, bias = ‘¢c(‘TSSEnrichment’, ‘log10(nFrags)’), testMethod =
‘wilcoxon’. Next, we extracted motif enrichment using peakAnnoEnrichment defining the
seMarker object, with peakAnnotation = ‘Motif. Unless otherwise specified, we used the
following cutoffs to select enriched motifs: FDR < 0.05 and Log2FC = 1. Heatmaps were
generated using plotEnrichHeatmap and ComplexHeatmap functions. For motifs of TF
belonging to TF families, we selected the TFs that were expressed in the cells where the motif
was identified and where prior published evidence indicated a functional role. To obtain
custom annotations for motif enrichment, we first added the annotation via
addArchRAnnotations, specifying the collection parameter, and then added that through

peakAnnotation within peakAnnoEnrichment.

For pairwise comparisons of motif enrichments between clones or clusters, we used deviations
scores computed with chromVAR'® within ArchR. We first added a background peak set via
addBgdPeaks and then computed the deviation matrix using addDeviationMatrix with
peakAnnotation = ‘Motif’. For pairwise comparisons, we used getMarkerFeatures specifying
useGroups, bgdGroups, useMatrix = ‘MotifMatrix’, useSeqnames = ‘z’to compute differences
in z-scores for motifs. To compare two different clones, we specified groupBy = ‘clone’ and
clone names in useGroups and bgdGroups. We then extracted motifs with the respective FDR

and ‘MeanDiff values to generate volcano plots. For pairwise comparison of peak
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accessibility, we used getMarkerFeatures specifying useMatrix = ‘PeakMatrix’, and utilized the
information about the closest gene computed by ArchR. We similarly performed pairwise
analyses between clones using gene activity scores; in this case, we used getMarkerfFeatures
specifying useMatrix = ‘GeneScoreMatrix’ and the groups to compare. For pathway
enrichment analysis, we used the fgsea (v1.20.0) package'. We first used
getMarkerFeatures to compare groups of interest followed by getMarkers with cutOff = 'FDR
<= 1’. We then ranked the differentially accessible genes by multiplying the -log:o(FDR) by the
sign of the Log2FC (can be either 1 or -1). The ranked list was used within the
fgsea::fgseaMultilevel function with minSize = 5, maxSize = 1000, and nPermSimple = 10000.
We tested the ranked list against Hallmark, CGP, TFT, and GO human collections from
MSigDB. The result was filtered only for pathways showing FDR <0.05.

Co-accessibility

We added loops indicative of peak co-accessibility using the addCoAccessibility function. Co-
accessibility was generated together with the coverage tracks using the getCoAccessibility

function, using resolution = 1 and corCutOff = 0.5.
Projection analysis

To project the cell type label from healthy human hematopoiesis reference scATAC-seq data
to our query AML dataset produced with GTAC, we firstly removed the unknown clusters,

obtaining 33819 single-cells from the reference dataset*’

. We then converted our original
fragment file to the hg19 annotation and repeated peak calling as described above. Then,
peaks from both datasets were intersected, obtaining 162505 shared peaks by employing
GetintersectingFeatures in Signac (v1.9.0) package'?2. To work on the same genomic regions,
peaks in the AML dataset were replaced with peak counts corresponding to the intersecting
genomic regions from the healthy human hematopoiesis dataset. For this task, we used
Signac’s CreateFragmentObject and FeatureMatrix functions. Consequently, we performed
the LSI on this set of peaks by employing Signac functions in the following order: RunTFIDF
(with default parameters), FindTopFeatures (using 10% as the threshold for feature to be
encompassed), and RunSVD (with n = 30). Next, we used FindTransferAnchors function from
the Seurat (v4.3.0) package'? to find the anchor set between the reference and query dataset
on shared peaks, using the following parameters: reduction = ’Isiproject’, reference.reduction
=’Isi’, and dim = 2:30, finding 3265 anchors. Finally, we ran MapQuery Seurat wrapper for
transferring reference cell types onto the query cells, integrating both datasets, and projecting
the query into the reference UMAP providing anchors and using reference.reduction="si’ and

reduction.model="umap’ (loaded using uwot (v0.1.14)).

Trajectory analysis



1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141

1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153

1154

1155
1156
1157
1158
1159

1160

1161
1162
1163
1164

To compute differentiation trajectories within the leukemic populations, we used ArchR’s
supervised trajectory tools. We first reasoned that three broadly different lineages were
present within the leukemic populations. Next, we reasoned that the starting point for each
differentiation trajectory should be the leukemic cluster with the highest LSC score and lowest
CD38 gene accessibility, namely the LMPP-like cluster. This was further justified by our
projection of healthy hematopoiesis reference. We generated each of the three trajectories
with the addTrajectory function, which computes a pseudotime vector as described in the
ArchR pipeline. To plot gene scores across trajectories, we used the plotTrajectory function
with the colorBy = ‘GeneScoreMatrix’ option and name = ‘gene of interest’. To plot clonal
presence across pseudotime, the geom_density function from the ggplot2 (v3.4.0) package
was used. To plot clone-specific gene activity across a common trajectory, geom_smooth with

loess method was used.

We also computed the three trajectories in clone-specific manner, using genotype information,
by retaining cells belonging only to one specific clone. We did this in order to understand how
clone-specific dynamics of differentiation along the same lineage were reflected in chromatin
accessibility of key TF motifs. To plot variation in motif accessibility of single motifs across
trajectories, we used plotTrajectory with colorBy = ‘MotifMatrix’ and name = ‘motif of interest’.
To plot global TF motif deviation changes along these clone-specific trajectories, we used the
plotTrajectoryHeatmap function, using the default smoothing window generating a
smoothened pseudotime x motif matrix. This was used to generate clone-specific heatmaps
of motif deviation change across pseudotime, which were then compared between different
clones. To visualize how genomic elements changed accessibility across clone-specific
trajectories, we split each clone-specific trajectory into five quantiles and used each quantile

as pseudobulk for track plotting.
Motif correlation analysis

To correlate accessibility of TF motifs within the LMPP-like differentiation stage, we first
extracted the per-cell z-scores computed by chromVAR from the peak matrix using
getMatrixFromProject. We then subtracted these to contain only LMPP-like cells and plotted
correlations of z-score for specific motifs. We used Spearman correlation to define whether

there was a statistically significant positive or negative correlation.
Footprinting analysis

To perform footprinting analyses, we first added pseudobulk replicates via
addGroupCoverages. We next obtained footprints for motifs of interest via getFootprints
specifying the positions via getPositions. We used plotFootprints to generate the graphs. We

substracted the TnS bias from the footprint to perform normalization.
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Enrichment of genomic elements in differentially accessible peaks

To understand whether differentially accessible peaks of open chromatin were enriched in
promoters versus distal elements or vice-versa, we joined differentially accessible peaks with
peak metadata generated via addReproduciblePeakSet. We then filtered this list to retain only
peaks mapping to promoter regions or to distal elements. Those peaks found in genomic
regions ranging from 2kb upstream to 100bp downstream of annotated transcription start sites
(default settings) were defined as promoter peaks. Peaks mapping to distal elements are all
peaks that map neither to promoter regions nor to gene bodies (exons or introns). Fisher’s
exact test was used to estimate whether there was a significant overrepresentation of one

peak type compared to the other, between sets of differentially accessible peaks.
Identification of putative PRC1.1 direct targets in AML from public data

We used previously published ChlP-seq data’’ to compile a list of putative direct PRC1.1
target genes in AML, defined as those genes bound by KDM2B (the DNA-binding component
of PRC1.1.) in at least 5 out of 6 previously analysed AML patients. We do note that ChlP-
seq results may vary between patients, depending on cellular context and specific populations
expanded (PRC1.1 binding may be dependent on cellular stage of differentiation); hence, this
list of targets likely does not represent all possible targets, but rather those genes most
frequently bound by PRC1.1 in AML.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details (type of statistical tests, exact sample size, dispersion and precision
measures) are indicated in each figure legend. P values < 0.05 were considered statistically
significant and are reported in the figures. Data were analysed using GraphPad Prism 9 and
R version 4.1.3. Detailed statistics related to Figures 4,5 and 6 (and related Supplemental

Figures) are reported in Method Details.
Supplemental Item Titles

Table S1. Related to Figures 1 and 4. Variants and mutations screened in cell lines and

primary AML sample.

Table S2. Related to Figure 6. Gene accessibility comparison between BCOR mutant
and BCOR WT clones within the LMPP-like differentiation stage.

Table S3. Related to Figure 6. Motif accessibility comparison between BCOR mutant
and BCOR WT clones within the LMPP-like differentiation stage.

Table S4. Related to Figures 2-6. Target-specific and nested barcoded target-specific

oligos used for single-cell genotyping library preparation.
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REAGENT or RESOURCE \ SOURCE \ IDENTIFIER
Antibodies
Mouse anti-human CD45RA (clone HI100) BD Cat#564552;
RRID:AB_2738841
Mouse anti-human CD90 (clone 5E10) BioLegend Cat# 328124;
RRID:AB_2561693
Mouse anti-human CD123 (clone 6H6) BioLegend Cat# 306006;
RRID:AB_314580
Rat anti-human CD49f (clone GoH3) BioLegend Cat# 313626;
RRID:AB_2616782
Mouse anti-human CD38 (clone HIT2) BioLegend Cat# 303526;
RRID:AB_10983072
Mouse anti-human CD10 (clone HI10a) BioLegend Cat# 312222;
RRID:AB_2562157
Mouse anti-human CD34 (clone 581) BioLegend Cat# 343510;
RRID:AB_1877153
Mouse anti-human CD117 (clone 104D2) BioLegend Cat# 313238;
RRID:AB_2629837
Mouse anti-human CD2 (clone RPA-2.10) BioLegend Cat# 300210;
RRID:AB_314034
Mouse anti-human CD3 (clone HIT3a) BioLegend Cat# 300310;
RRID:AB_314046
Mouse anti-human CD4 (clone RPA-T4) BioLegend Cat# 300510;
RRID:AB_314078
Mouse anti-human CD8a (clone RPA-T8) BioLegend Cat# 301010;
RRID:AB_314128
Mouse anti-human CD11b (clone ICRF44) BioLegend Cat# 301308;
RRID:AB_314159
Mouse anti-human CD14 (clone 61D3) eBioscience Cat#15-0149-42;
RRID:AB_2573058
Mouse anti-human CD19 (clone HIB19) BioLegend Cat# 302210;
RRID:AB_314240
Mouse anti-human CD20 (clone 2H7) BioLegend Cat# 302308;
RRID:AB_314256
Mouse anti-human CD56 (clone MEM188) BioLegend Cat# 304608;

RRID:AB_314450




Mouse anti-human CD235ab (clone HIR2) BioLegend Cat# 306606;
RRID:AB_314623
Chemicals, peptides, and recombinant proteins
RPMI-1640 Gibco Cat#21875034
Fetal Bovine Serum StemCell Cat#06950
Technologies
Penicillin-Streptomycin (10,000 U/mL) Gibco Cat#15140122
MEM a, nucleosides Gibco Cat#12571063
IMDM Gibco Cat# 21056023
DPBS ThermoFisher Cat# 14190169
30% (wt/vol) BSA Sigma-Aldrich Cat#A8577
Digitonin Promega Cat# G9441
IGEPAL CA-630 Sigma-Aldrich Cat# 18896
Tween-20 Sigma-Aldrich Cat# 11332465001

Tris-HCI 1M pH 8.0

ThermoFisher

Cat# 15568025

NaCl 5M Sigma-Aldrich Cat# S6546

MgCI2 1M ThermoFisher Cat# AM9530G

N,N-Dimethylformamide Sigma-Aldrich Cat# D4551-250ML

Magnesium acetate solution 1M Sigma-Aldrich Cat# 63052-100ML

Potassium acetate solution 5M Sigma-Aldrich Cat# 95843-100ML-

F

Tn5 lllumina Cat# 20034197

EDTA 0.5M pH 8.0 ThermoFisher Cat# AM9260G
Scientific

SDS 10% Sigma-Aldrich Cat# L4509

DAPI ThermoFisher Cat# 62248
Scientific

UltraPure Agarose Invitrogen Cat# 16500-500

Ethidium Bromide Solution Invitrogen Cat# 15585-011

2x NEB High Fidelity Q5 master-mix New England Biolabs | Cat# M0515

Nuclease-free water Invitrogen Cat# AM9932




PB buffer Qiagen Cat# 19066
Sodium acetate ThermoFisher Cat# AM9740
KAPA 2G Robust HS Ready Mix Sigma-Aldrich Cat# KK5702
FastStart High Fidelity polymerase Sigma-Aldrich Cat#4738292001
Access Array Barcode Library for lllumina Sequencers- Fluidigm Cat# 100-4876
384, Single Direction

KAPA dual-indexed adapters Roche Cat# KK8722
KAPA HiFi HotStart high-fidelity DNA polymerase Roche Cat#7958927001
SeqCap EZ Prime Choice (custom probes) Roche N/A

Critical commercial assays

MycoAlert Mycoplasma Detection Kit Lonza Cat#LT07-218
DNeasy Blood & Tissue Kit Qiagen Cat#69506
KAPA HyperPlus Kit (96) Roche Cat#KK8514
Qiaquick spin column Qiagen Cat# 28104
Qubit dsDNA HS Assay Kit Invitrogen Cat# Q32854
Agilent Tapestation HS D5000 ScreenTape Agilent Cat#5067-5592
Agilent Tapestation HS D5000 Reagents Agilent Cat#5067-5593
Agilent Tapestation HS D1000 ScreenTape Agilent Cat# 5067-5583
Agilent Tapestation HS D1000 Reagents Agilent Cat#5067-5584
Agilent High Sensitivity DNA Kit Agilent Cat#5067-4626
Deposited data

Raw and processed scATAC-seq data generated with This study GEO: GSE214812
GTAC (cell lines and primary samples)

Targeted single cell genotyping sequencing data This study SRA: PRJNA887752
generated with GTAC (cell lines and primary samples)

Experimental models: Cell lines

K562 Vyas lab N/A

JURKAT Vyas lab N/A

OCI-AML3 Milne lab N/A

THP1 Vyas lab N/A




MOLM-13 Vyas lab N/A

Oligonucleotides

See Table S5 for target-specific genotyping oligos IDT (design: this N/A
paper)

See Table S5 for target-specific nested barcoded IDT (design: this N/A

genotyping oligos

paper)

384 indexed i7 primers

IDT (design: Xu et al.,

https://www.nature.c

2021) om/articles/s41596-
021-00583-5
See Table S5 for Custom barcoded i5 primers lllumina N/A

CS1 sequencing primer (HPLC purified):
A+CA+CTG+ACGACATGGTTCTACA

Rodriguez-Meira et al.,
2020

https://www.science
direct.com/science/a
rticle/pii/S266616672
030112X

CS2 sequencing primer (HPLC purified):
T+AC+GGT+AGCAGAGACTTGGTCT

Rodriguez-Meira et al.,
2020

https://www.science
direct.com/science/a
rticle/pii/S266616672
030112X

CS2rc sequencing primer (HPLC purified):
A+GAC+CA+AGTCTCTGCTACCGTA

Rodriguez-Meira et al.,
2020

https://www.science
direct.com/science/a
rticle/pii/S266616672
030112X

Software and algorithms

Burrows-Wheeler aligner 0.7.17 Lietal., 2009 https://academic.oup
.com/bioinformatics/
article/25/14/1754/22
5615

VarDictJava 1.7.0 Lai et al., 2016 https://academic.oup

.com/nar/article/44/1
1/e108/2468301

Annovar

Yang et al., 2015

https://www.nature.c
om/articles/nprot.201
5.105

Primer-BLAST

Yeetal., 2012

https://bmcbioinform
atics.biomedcentral.
com/articles/10.1186
[1471-2105-13-134

TARGET-seq genotyping pipeline

Rodriguez-Meira et al.,
2020

https://qithub.com/al
barmeira/TARGET-

seq




Bcl2fastq

lllumina

https://femea.support
.illumina.com/conten
t/dam/illumina-
support/documents/d
ocumentation/softwa
re_documentation/bc
I2fastg/bcl2fastq2-
v2-20-software-
guide-15051736-
03.pdf

Snakemake scATAC-seq pre-processing pipeline

Chen et al., 2018

https://github.com/db
rg77/scATAC_snake
make

LanceOtron peak caller

Hentges et al., 2022

https://academic.oup
.com/bioinformatics/

article/38/18/4255/66
48462

R4.1.3 R-Project

ArchR 1.0.2 Granja et al., 2021 https://www.nature.c

om/articles/s41588-
021-00790-6

chromVAR 1.16.0

Schep et al., 2017

https://www.nature.c
om/articles/nmeth.44
01

GraphPad Prism 9

GraphPad

https://www.graphpa
d.com

FlowJo

FlowJo

https://www.bdbiosci
ences.com/en-
gb/products/software
/flowjo-v10-software

g:Profiler

Kolberg et al., 2020

https://f1000researc
h.com/articles/9-
709/v2

fgsea

Korotkevich et
al.,2021

https://www.biorxiv.o
rg/content/10.1101/0
60012v3

infSCITE

Jahn et al. 2016

https://genomebiolog
y.biomedcentral.com
/articles/10.1186/s13
059-016-0936-x

BioRender

BioRender

https://biorender.co
m




Mutect2

Cibulkis et al., 2013

https://www.nature.c

om/articles/nbt.2514
Other
12.5 mL GRIPTIP, Sterile, Filter INTEGRA Biosciences | Cat#6455
High Volume MANTIS Chip FORMULATRIX Cat# MCHVSMR6
Agencourt AMPure XP beads Beckman Coulter Cat# A63881
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Supplemental Figures and Legends.
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Supplemental Figure 1. Related to Figures 2 and 3. Thresholds used for allelic drop-out

(ADO) estimation and coverage around genotyped loci in K562

(A)-(J) scVAF (y-axis) versus the number of mutant or variant genotyping reads (x-axis) for
nine heterozygous mutant or variant loci (A)-(1) and one homozygous mutant locus (J). Each
dot represents a single cell. THP1 cells were used as homozygous WT control for each locus
(cyan). Mutant cells used (red) are indicated above each graph. In each panel, the vertical
black dotted line indicates the minimum number of mutant or variant reads required for a cell
to be called mutant or variant (STAR Methods). The lower horizontal red dotted line indicates
the minimum scVAF required for a cell to be called mutant or variant (STAR Methods). The
upper horizontal red dotted line indicates the maximum scVAF for which a cell is considered
heterozygous mutant or variant (STAR Methods). For heterozygous loci, dots outside of the

azure rectangle are cells in which we estimate that ADO occurred.

(K) Percentage of K562 cells (x-axis) in which amplified loci were detected when either 4 (top),
6 (middle) or 8 (bottom) loci were amplified. The legend below shows the number of multiple
amplicons detected. For each amplicon, at least 30 reads were required for the locus to be

considered detected.

(L) Percentage of ATAC fragments (y-axis) as a function of fragment size (x-axis) showing
data for K562 assayed by GTAC, scATAC alone, published K562 data obtained from a plate-
based scATAC-seq approach (Chen plate-based) and from a commercial droplet-based

approach (10X Chromium).

(M) UCSC genome browser tracks displaying aggregated reads (y-axis) across five genes
containing heterozygous mutations/variants targeted in K562 cells (top to bottom: NOTCH1,
CBL, HOXA9, ASXL1, TET2), comparing the 4 conditions (labelled on the left). Low signal in
coding regions confirms that exonic variant profiling from scATAC data alone is unfeasible.

Yellow rectangles indicate the position of the heterozygous mutations or variants analysed in

genotyping.
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Supplemental Figure 2. Related to Figure 4. AML sample immunophenotype, ADO

estimation and scATAC quality metrics.

(A) FACS analysis of the AML sample. Percentages of Lin-CD34" cells are indicated below
populations. HSC: haematopoietic stem cell, MPP: multipotent progenitor, LMPP: lymphoid-
primer multipotent progenitor, CMP: common myeloid progenitor, GMP: granulocyte-

monocyte progenitor, MEP: megakaryocyte-erythroid progenitor.

(B) Table of % of immunophenotypic populations as a proportion of LinCD34" in the AML
sample (left) and normal bone marrow!®", showing expansion of the GMP and LMPP

immunophenotypic compartments in the AML sample.

(C) Overview of ADO estimation in the AML sample. Bone marrow cells were isolated from a
newly diagnosed male AML patient. Next generation sequencing was performed on leukemic
bone marrow mononuclear cells using a panel of genes recurrently mutated in myeloid
malignancy. 2 heterozygous germline SNPs in ASXL2 and SH2B3 genes were identified.
These two loci were co-amplified in the GTAC experiment together with the 5 somatic mutant
loci. The same 2 loci were also amplified in 300 homozygous WT CD34+ human bone marrow
cells used as control for setting ADO thresholds (STAR Methods).

(D) Percentage of cells (y-axis) in which both variant and WT alleles were detected (green)
compared to cells where only the WT (red; i.e. there was variant ADO) or variant (purple; i.e.
there was WT ADO) allele was detected, for the SH2B3 and ASXL2 loci. Percentages of cells
in which there was bi-allelic detection, variant ADO, or WT ADO, respectively, are: for SH2B3:
95.8%, 2.2%, and 2.0%; for ASXL2: 93.5%, 3.1%, and 3.4%.

(E) Percentage of cells in which there was bi-allelic detection of SH2B3 (left) and ASXL2 (right)

loci across ten 384-well plates.

(F) Fraction of mutant cells as estimated by GTAC (y-axis) versus the expected clone size
inferred from bulk sequencing of bone marrow mononuclear cells (x-axis). The dotted line is

the linear regression curve. Each locus is indicated by a red dot.

(G) Number of unique nuclear scATAC fragments obtained per cell, comparing data from the
AML sample processed with GTAC (red, n=3285) with data from five mixed phenotype acute
leukemia (MPAL) samples processed with 10X Chromiumi®? (purple, n=20059). Median
values are: 70475 for GTAC; 12192 for 10X. Cells with >1000 and <120000 unique nuclear

ATAC fragments were considered. P values obtained using two-tailed t-test.

(H) Percentage of ATAC reads in peaks, comparing data from the AML sample processed
with GTAC (red, n=3285) with data from five mixed phenotype acute leukemia (MPAL)

samples processed with 10X Chromium®? (purple, n=20059). Median values are: 67.83% for



GTAC; 57.30% for 10X. Cells with >1000 and <120000 unique nuclear ATAC fragments were

considered. P values obtained using two-tailed t-test.

(I) Doublet enrichment scores, comparing data from the AML sample processed with GTAC
(red, n=3285) with data from five mixed phenotype acute leukemia (MPAL) samples
processed with 10X Chromium!S? (purple, n=20059). Median values are: 1.00 for GTAC; 1.93
for 10X. Cells with >1000 and <120000 unique nuclear ATAC fragments were considered. P

values obtained using two-tailed t-test.

(J) Number of ATAC fragments (y-axis) as a function of fragment size (x-axis) aggregated

across all cells from our AML sample.

(K) Scatterplot showing the logio of the number of unique nuclear fragments (x-axis) versus
the TSS enrichment score (y-axis) for each cell. Cells with TSS enrichment < 8 (red horizontal
dotted line), less than 10000 (left vertical dotted line) and more than 120000 (right vertical
dotted line) unique reads were excluded. Cells passing QC are displayed as dots. High cell

density is indicated in orange.

(L) Top, bars indicating the contribution of each plate (x-axis) to each cluster (colour coded).

Below, UMAP from Figure 4G in which each cell is colour-coded by plate.
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Supplemental Figure 3. Related to Figure 4. Cluster annotation in GTAC data from the
primary AML sample.

(A) Heatmap of gene activity scores for marker genes identified for each cluster (columns).
Each row represents a gene. Marker genes with FDR < 0.05 and log2FC > 0.5 are shown.

Several key marker genes are labelled on the right.

(B) Enrichment of haematopoietic gene signatures within marker genes identified for each
cluster, based on gene activity scores. Here, marker genes were selected with FDR < 0.05
and log2FC > 0.25. Clusters are labelled on the right. Bars are colour-coded according to
cluster, as in Figure 4G. Signatures were compiled using published scRNA-seq datal®" 5357,

For each cluster, the top 4 enriched signatures are shown.

(C) Top to bottom: the UMAP from Figure 4G overlaid with per-cell deviation scores for motif
accessibility for the LEF1, HOXA9, SPI1, and PAX5 motifs.

(D) Heatmap showing enrichment of curated peak sets from previously published bulk ATAC-
seq data (provided by ArchR) within marker peaks identified for each cluster. Marker peaks
were selected with FDR < 0.05 and log2FC > 0.25. The colour scale indicates the normalized
peak set enrichment (-logio(adjusted P value)) on a scale of 0-100. The maximum -
logio(adjusted P value) for each peak set is indicated by the numbers in brackets following the

name of the enriched ATAC annotation.

(E) Left: UMAP based on previously published®? scATAC-seq data from healthy human
hematopoiesis. Cluster labelling is indicated below the graphs. Numbers on the graph indicate
the healthy reference bone marrow population. Clusters and labels were kept identical as in
the original publication. Right: Projection of single cells from our AML dataset, coloured by

assigned cluster, onto the healthy human hematopoiesis reference (grey).
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Supplemental Figure 4. Related to Figure 4. A homozygous RUNX7 mutation is
associated with progression from preleukemia to leukemia and correlates with

profound differences in chromatin states.

(A) Normalized scATAC sequencing read coverage (y-axis), comparing cluster pseudo-bulks
(labelled on the left) around the PBX1, GATA1, CD3E/D/G, and CD79B loci. Signal range is
displayed above each graph. Horizontal tracks represent cluster pseudo-bulks. Chromosome

coordinates are indicated above. Gene annotations are indicated below.
(B) The UMAP from Figure 4G overlaid with gene activity scores for FLT3 and SETBP1.

(C) Normalized scATAC sequencing read coverage (y-axis), comparing clone pseudo-bulks
around the BLNK/DNTT, IRF8, MS4A1 and MN1 loci. Each horizontal track represents a

different clone (labelled on the left). Rest of the panel as in (A).

(D) TF footprints for the EOMES, HOXB4 and SPI1 motifs comparing WT (azure, n=377 cells),
preleukemic (green, n=595 cells) and leukemic clones (orange, n=2141 cells). Top, Tn5 bias-
subtracted signal (y-axis) as a function of distance from the motif centre (x-axis). Bottom, Tn5
binding bias (y-axis) as a function of distance from the motif centre (x-axis), based on bias
prediction computed by screening coverage of random hexamers within Tn5 insertion sites,

using pseudo-bulk replicates. 1 indicates no bias. Colour legend is indicated above.

(E) Projection of single cells from our AML dataset, coloured by clone, onto the previously
published®? scATAC-seq healthy human hematopoiesis reference (grey, same as in Figure

S3E). Colour legend for clones is labelled in the top right corner (same as in Figure 4).

(F) UMAP from Figure 4G, highlighting cells that mapped onto normal CMP/LMPP in red (all

other cells are in grey).

(G) Boxplots comparing RUNX1 gene activity between preleukemic (green, n=97) and
leukemic (orange, n=492) cells for which the projected closest normal population was

CMP/LMPP. Wilcoxon rank sum test was used. The P value is reported above.

(H) Same as (G) but comparing RUNX1, WT1, MEIS1 and MYC binding motif accessibility

between the two groups.

(I) Gene set enrichment analysis (GSEA) of genes with increased activity in leukemic cells
compared to preleukemic cells within cells for which the closest normal population was
CMP/LMPP. The y-axis plots the normalized enrichment score (NES). Dot size indicates -

log1o(FDR). Key pre-selected enriched pathways are indicated below (x-axis).
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Supplemental Figure 5. Related to Figure 5. GTAC identifies clone-specific chromatin
dynamics throughout the leukemic hierarchy, highlighting a differentiation delay of
BCOR mutant clones at an LSC-like state.

(A) Gene activity scores of genes encoding three PRC1.1 members (y-axis), namely BCOR,
BCORL1 and RYBP, across 5 leukemic clusters (labelled below). P values obtained using
Kruskall-Wallis test with Dunnett’'s multiple comparisons. Significant differences are indicated

with a star.

(B) The UMAP from Figure 4G overlaid with gene activity scores for CD38 and HAVCR2
(encoding the TIM-3 marker).

(C) Dot plot showing results of gene set enrichment analysis (GSEA), when LMPP-like cells
were compared to all other leukemic cells. The x-axis plots the normalized enrichment score.

Dot size indicates -log1o(FDR). Pathways are indicated on the left (y-axis).

(D)-(F) Normalized scATAC sequencing read coverage around /RF8 (D), CEBPE (E) and BLK
(F) loci, across the pDC/NKP, Mono/Neut and B trajectory, respectively. Each trajectory was
split into five quantiles (labelled Q1-Q5, colour-coded). Gene score as function of pseudotime
is plotted on the right of each graph. Peaks and gene annotations are plotted below.

Highlighted areas show variation across pseudotime.

(G) Boxplots depicting the per-cell pseudotime score (y-axis) across the three leukemic clones
(colour-coded), for the three trajectories (left-to-right, indicated above each graph). P values

obtained using Wilcoxon rank sum test.
(H) Same as in Figure 5E but showing TCF7, CEBPD and PAX5 motif accessibility.

(I) Volcano plot illustrating differentially accessible genomic peaks (FDR < 0.05 and log2FC >
0.25; labelled as red dots) between TARB2 (n=293 cells) and TAR (n=167 cells) clones within
the Mono/Neut progenitor-like cluster. Vertical dotted lines indicate log>FC thresholds (-0.25
and 0.25), the horizontal dotted line indicates FDR=0.05. Labels indicate the closest gene to

the peak. Labelled genes belong to monocytic and neutrophilic progenitor signatures.

(J) Heatmaps showing the variation of motif accessibility across clone-specific Mono/Neut
pseudotime (x-axis), for a selected subset of most variable motifs across pseudotime (each
row represents a motif). The upper heatmap relates to the TAR clone and the lower heatmap
to the TARB2 clone. Motifs related to the AP-1 complex are labelled.
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Supplemental Figure 6. GTAC reveals specific switches in chromatin accessibility
within the LMPP-like differentiation stage upon subclonal acquisition of BCOR

mutations.

(A) Ratio of differentially accessible peaks between BCOR mutant and BCOR WT LMPP-like
cells which map to either distal elements (red) or promoters (blue). Two bars on the left
represent the TARB2 versus TAR comparison. Two bars on the right represent the TARB1
versus TAR comparison. In each set of two bars, the left bar indicates peaks more accessible
in BCOR mutant cells, and the right bar indicates peaks more accessible in BCOR WT cells.

Fisher's exact test was performed to determine significance (ns: non significant).
(B) Same as Figure 6E but comparing the TAR and TARB1 clones.

(C) Left: Boxplots comparing INPP4B gene activity between genetic preleukemic and genetic
leukemic cells. Wilcoxon rank sum test was used. The P value is reported above. Right:
Boxplots comparing INPP4B gene activity between TAR, TARB1 and TARBZ2 leukemic clones.

P values obtained using Kruskal-Wallis test with Dunn’s test for multiple comparisons.

(D)-(F) Same as in Figure 5E but around the MLLT10 (C), BTG3 (D), and SOCS2 (E) gene

loci, focusing on TSS-proximal regions.

(G)-(I) Same as in Figure 5F but relative to MLLT10 (F), BTG3 (G), and SOCS2 (H) gene

activity.

(J) TF footprint for the RELA motif comparing TARB2 (yellow) and TAR (purple) LMPP-like
cells. Top, Tn5 bias-subtracted signal (y-axis) as a function of distance from the motif centre
(x-axis). Bottom, Tn5 binding bias (y-axis) as a function of distance from the motif centre (x-
axis), based on bias prediction computed by screening coverage of random hexamers within

Tn& insertion sites, using pseudo-bulk replicates. 1 indicates no bias.

(K) Volcano plot of differential TF motif accessibility between TARB1 (left) and TARB2 (right)
clones across all leukemic clusters. Differentially accessible motifs (FDR < 0.05 and absolute
Az > 0.20) are labelled as red dots. Vertical dotted lines indicate Az thresholds, the horizontal
dotted line indicates the FDR threshold.

(L) Graphical depiction of the hypothesis regarding clonal dominance of BCOR mutant clones

within the leukemic hierarchy, based on GTAC data from this patient.
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