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Abstract 

Single-cell multi-omics methods enable the study of cell state diversity, which is largely determined by the interplay of the genome, epigenome, 
and transcriptome. Here, we describe Gtag&T-seq, a genome-and-transcriptome sequencing (G&T-seq) protocol of the same single cells that 
omits whole-genome amplification (WG A) b y using direct genomic t agment ation (Gt ag). Gt ag drastically decreases the cost and impro v es 
co v erage unif ormity at single-cell and pseudo-bulk le v els compared to WG A-based G&T-seq. We also sho w that transcriptome-based DNA cop y 
number inference has limited resolution and accuracy, underlining the importance of affordable multi-omic approaches. Applying Gtag&T-seq to 
a melanoma xenograft model before treatment and at minimal residual disease revealed differential cell state plasticity and treatment response 
between cancer subclones. In summary, Gtag&T-seq is a low-cost and accurate single-cell multi-omics method that explores genetic alterations 
and their functional consequences in single cells at scale. 
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Introduction 

Single-cell genomics is key to study genetic heterogeneity in
cells of developing and ageing organisms in health and dis-
ease. Compared to conventional bulk DNA sequencing, these
methods offer enhanced resolution to characterize the muta-
tional processes operative in tissues and organs [ 1–3 ]. Lever-
aging the detected somatic mutations, the phylogeny of the
cells and tissues can be reconstructed [ 4–8 , 9 ], increasing our
understanding of the developmental and evolutionary mech-
anisms of (diseased) tissues as well as the aetiological role of
the acquired mutations in the phenotype [ 10 , 11 ]. 

The majority of single-cell genome sequencing methods
require whole-genome amplification (WGA) to preamplify
the genomic DNA (gDNA) and obtain enough material for
preparing a sequencing library. In general, WGA methods ap-
ply either polymerase chain reaction (PCR, e.g. DOP-PCR,
LM-PCR, Ampli1) [ 12–14 ], multiple displacement amplifi-
cation (MDA; e.g. RepliG, GenomiPhi) [ 15 ], or a combina-
tion of both (e.g. MALBAC, picoPlex) [ 16 , 17 ]. Amplifica-
tion, however, introduces coverage bias and nucleotide er-
rors due to buffer and polymerase artifacts. Additionally,
the process of pre-amplification followed by library prepa-
ration is low throughput, labour intensive, and costly. Re-
cently, tagmentation-based methods were reported, preparing
sequencing libraries from single-cell gDNA without upfront
WGA [ 18–24 , 25 ], and providing a more uniform representa-
tion of the cell’s genome, while enabling a higher throughput.

Single-cell multi-omics technologies have been developed to
simultaneously assess the genome, epigenome, transcriptome,
and / or selected proteins of single cells by either joint or par-
allel processing of the molecular hierarchy or by data analysis
methodologies [ 24–32 , 33 ]. Methods for the joint processing
of gDNA and polyadenylated RNA of single cells that are in-
dividually isolated and lysed in a reaction container either use
a single-tube gDNA-and-RNA preamplification (DR-seq and
scONE-seq) [ 24 , 29 ] or rely on physical separation of gDNA
and RNA before their parallel amplification (G&T-seq and
DNTR-seq) [ 25 , 32 , 34 , 35 ]. DR-seq preamplifies gDNA and
RNA simultaneously, minimizing nucleic acid loss, and then
splits the reaction to complete gDNA and RNA sequencing
libraries separately. However, its data analysis and interpre-
tation are complicated due to the presence of RNA-derived
reads in the gDNA-seq data. While scONE-seq has the ad-
vantage of a one-pot reaction up to differentially barcoded
gDNA- and RNA-sequencing libraries, both the gDNA and
RNA must be sequenced together, making it impossible to re-
sequence only the gDNA or RNA at higher depth, and the
method is also less flexible for selecting subsets of gDNA or
RNA for sequencing. Physical separation of RNA and gDNA,
as in genome-and-transcriptome sequencing (G&T-seq) [ 32 ]
and DNTR-seq [ 25 ] yields a more flexible protocol, allowing
the RNA- and gDNA-seq protocols to be adapted to the re-
searcher’s needs. This is important because protocols for both
RNA-seq and gDNA-seq differ significantly in their perfor-
mance for detecting (full-length) transcripts and classes of ge-
netic variation across cells, respectively. Up to now, gDNA
sequencing in G&T-seq necessitates WGA techniques, mak-
ing large-scale G&T-seq cost-prohibitive and time-consuming.
Also, methods where single cells are not individually tubed
but rather processed in pools using principles of combinato-
rial indexing for joint gDNA and polyadenylated RNA anal-
ysis have been developed as in sci-L3-RNA / DNA [ 36 ]. Other
groups have studied the interplay between genome and tran-
scriptome by either inferring copy number alterations (CNA) 
from gene expression profiles [ 37 , 38 ] or integrating separate 
single-cell gDNA and RNA datasets [ 39 ,40 ]. While these ap- 
proaches have led to new insights into tumour heterogeneity,
tumour progression, as well as therapeutic strategies, only di- 
rect multi-omics approaches allow genotype–phenotype rela- 
tions to be unambiguously ascertained [ 41–43 ]. 

Here, we present Gtag&T-sequencing, a method that en- 
ables genome-and-transcriptome sequencing of single cells 
without upfront WGA, enhancing throughput while minimiz- 
ing coverage bias, amplification noise, and cost. Gtag&T-seq 

of a patient-derived xenograft (PDX) melanoma model high- 
lights the advantages of genome-based over transcriptome- 
based CNA inference and the transcriptional effects of com- 
plex genomic alterations. We construct a gDNA-based cell lin- 
eage tree annotated with RNA-based cell type and state infor- 
mation from the same cells, providing unique insights in the 
role of genetic and non-genetic factors as well as their inter- 
play during tumour evolution under therapeutic pressure. 

Materials and methods 

PDX model 

The MEL006 cutaneous melanoma PDX model is part of 
the Trace collection ( https:// gbiomed.kuleuven.be/ english/ 
research/ 50488876/ 54502087/ Trace/ PDX-repository ) and 

was established using lesions derived from a patient under- 
going surgery as part of standard treatment at UZ Leuven.
Written informed consent was obtained and all procedures 
were approved by the UZ Leuven / KU Leuven Medical Ethi- 
cal Committee (S63799, S57760, S58277) and performed in 

accordance with the principles of the Declaration of Helsinki 
and with GDPR regulations. The experiments were approved 

by the KU Leuven animal ethical committee (P164-2019) 
and performed in accordance with the internal, national, and 

European guidelines of animal care and use. Single-cell sus- 
pensions were implanted subcutaneously in the interscapular 
fat pad of female NMRI nude BomTac: NMRI-Foxn1nu,
4-week-old females (Taconic Biosciences). Mice were main- 
tained in a pathogen-free facility under standard housing 
conditions with continuous access to food and water. The 
health and welfare of the animals was supervised by a desig- 
nated veterinarian. The KU Leuven animal facilities comply 
with all appropriate standards (cages, space per animal,
temperature [22 

◦C], light, humidity, food, and water), and 

all cages are enriched with materials that allow the animals 
to exert their natural behaviour. Mice used in the study were 
maintained on a diurnal 12-h light / dark cycle. MEL006 was 
derived from a female, drug-naïve melanoma patient. When 

the tumour reached 1000 mm 

3 , the mice were randomly 
assigned to the different experimental groups. Mice were 
treated daily by oral gavage with a capped dose of 600 μg 
dabrafenib and 6 μg trametinib (DT) in 250 μl total volume. 

Sample preparation for single-cell sorting 

HCC38 breast cancer cells and HCC38-BL lymphoblastoid 

cells were cultured in Dulbecco’s Modified Eagle Medium 

(DMEM / F12) containing 10% fetal bovine serum (FBS) at 
37 

◦C in a 5% CO2 incubator [ 44 ]. Trypsinized HCC38 cells 
and HCC38-BL cells were washed in fresh culture medium 

and then resuspended in FACS sorting buffer (DMEM / F12 

supplemented with 5% FBS, 1 mM EDTA, and 1.5 μM DAPI).

https://gbiomed.kuleuven.be/english/research/50488876/54502087/Trace/PDX-repository
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he BD FACS Melody sorter device was used for sorting single
ells into 96-well plates (FrameStar®, 4TI-0960 / C) contain-
ng 2.5 μl RLT plus buffer (Qiagen). Plates were then spun
own at 1000 g for 1 min at 4 

◦C, and finally stored at −80 

◦C.
EL006 cells were retrieved as described before [ 45 ], resus-

ended in serum-free DMEM / F12 medium and sorted using
he BD FACS Aria III into 96-well plates containing 2.5 μl
LT plus buffer. 

tag&T 

DNA and RNA separation and DNA precipitation were per-
ormed as per the G&T protocol of Macaulay et al. [ 32 , 46 ]
n a Hamilton 

® liquid handling robot. First, the plate contain-
ng the lysed cells is supplemented with RNA spike-ins [1 μl
f a 1:1 600 000 dilution of ERCC spike-in mixture A (Life
echnologies)], which is followed by the addition of oligo-dT
onjugated to streptavidin beads. After incubation, the poly-
denylated RNAs are collected to the side of the well using a
agnet (and processed further according to the G&T-seq pro-

ocol), while the DNA present in the supernatant is transferred
o a new recipient DNA plate. The wash solution used to rinse
he RNA-bead complexes is also added to the DNA plate. Af-
er mixing the solution containing the DNA with 0.7:1 ratio
MPure XP beads, the DNA is precipitated using a magnet.
or Gtag, the precipitated gDNA was resuspended in 4.5 μl re-
uspension buffer (0.5X NEB4, 0.37% Igepal CA-630, 0.37%
ween-20). Next, tagmentation is performed in a total vol-
me of 10 μl by adding 5.5 μl tagmentation master mix (5
l Tagment DNA buffer, 0.1 μl Tagment DNA Enzyme, 0.4
l nuclease free water) for 10 min at 55 

◦C. The reaction was
nactivated by adding 1 μl of 0.44% SDS to the sample and
ncubating 5 min at 55 

◦C. Then we added 13 μl of Q5 Ultra
I (NEB, 2x mastermix), 1 μl S5 primer, and 1 μl S7 primer
o the sample. PCR amplification was performed with the fol-
owing cycling program: 72 

◦C for 3 min; 98 

◦C for 30 s; 16 cy-
les of 98 

◦C for 10 s, 60 

◦C for 30 s; and 72 

◦C for 30 s, 72 

◦C
or 5 min and held at 10 

◦C. In between reaction steps, 96-
ell plates were placed in an Eppendorf thermomixer at room

emperature to mix (1000 rpm) for one minute and briefly cen-
rifuged using a tabletop centrifuge. Finally, the PCR products
ere pooled per plate and purified using AMPure XP beads

1x ratio). 

equencing library preparation 

NA and cDNA quality of picoPlex and Smart-seq2 ampli-
cation reactions, respectively, was confirmed using the 2100
ioanalyzer (high sensitivity chip, Agilent). Next, DNA and
DNA concentrations were determined using a Quantifluor ®

ssay (Promega ®). Samples were diluted to 200 or 100 pg / μl
or Nextera XT (Illumina) library preparation in respectively
ne-fourth or one-tenth of the volume recommended by the
anufacturer using manual or automated liquid handling. Af-

er library preparation, samples were pooled and purified us-
ng AMPure XP beads (0.6x ratio). Quality check of the DNA
picoPlex and Gtag) and cDNA library pools was performed
sing the 2100 Bioanalyzer (high sensitivity chip, Agilent) in
ombination with Qubit™ HS (High sensitivity) DNA Assay
it (Invitrogen™) before diluting the pools to a concentra-

ion of 4 nM. We used the KAPA Library Quantification Kit
or Illumina ® platforms (Roche, KK4854) on the LightCycler
80 and diluted the sequencing pools. HCC38 and HCC38-
L samples were diluted to 2 nM and sequenced 51-bp sin-
gle end on a HiSeq2500 platform. The first batch of MEL006
samples was diluted to 1.5 nM and sequenced on a HiSeq4000
platform (51-bp single-end), while the second batch was di-
luted to 0.75 nM and sequenced on a NextSeq2000 (2 × 50-
bp paired-end). 

Processing of genome data and DNA copy number 
analysis 

Single-end sequencing reads obtained were aligned to the
GRCh37 human reference genome using BWA-MEM [ 47 ].
Samtools was used to sort, index, and sample the mapped
BAM files down to 400 000 reads. Our mapping statistics
were obtained through samtools (version 1.11) and Picard
(version 2.23.8) ( http:// broadinstitute.github.io/ picard/ ). PCR
duplicates were removed with Picard. To create pseudo-bulk
genomes, samtools merge was used to combine BAM files.
DNA copy number (CN) analysis was performed as discussed
in Macaulay et al. [ 32 , 46 ]. Segmentation of the corrected
logR values was done using piecewise constant fitting, with
the penalty parameter ( γ) set to 10 for the 500 k UMPs bin
genomes and γ = 35 for the 10 k UMPs bin genomes. In-
teger DNA CNs were estimated as 2 

logR * �, with the average
ploidy of the cell, �, determined as the average CN value with
the lowest penalty from a 1.2–6 grid with possible CN val-
ues, transformed from segmented LogR values. High penalty
values are given to a possible average CN when the sum of
squared differences between the unrounded and rounded CN
is high. 

scDNA-seq quality filtering 

For quality filtering of MEL006 genomes, we only processed
single cells with at least 400 000 reads before deduplication.
HCC38 genomes were only processed if they had at least
100 000 raw reads before deduplication. We calculated the
median absolute pairwise difference (MAPD) score for all
samples by first measuring the absolute difference between
two consecutive logR values, %GC-corrected and normalized,
across the genome. Next, the median across all absolute differ-
ences is computed. For MAPD cut-offs, genomes only passed
if their MAPD score was less than the 75 

th percentile +1.5
times the interquartile range (HCC38, MAPD cut off = 0.64;
MEL006, MAPD cut off = 0.76). An overview of the QC
pass / fail samples can be found in Supplementary Data S1 and
Supplementary Data S2 . 

Coverage uniformity calculations 

Lorenz curves were computed by taking the cumulative frac-
tion of the covered genome against the cumulative fraction
of the mapped bases. From the BAM files, duplicates were
first removed, and all genomes were downsampled to 230
000 unique reads (with a quality of at least 20). Gini coef-
ficients were calculated in R using the ineq package ( https:
// cran.r-project.org/ web/ packages/ ineq/ ). 

Heatmaps and clustering 

Subclones in the MEL006 dataset were determined using the
CopyKit R package (version 0.1.2). The segmented CN values
were embedded in two dimensions using the uwot R package
(version 0.1.14, min dist = 0, n neighbours = 25, seed = 13).
Superclones were identified from the shared nearest neighbour
( K = 15) graph using the R package igraph (version 1.4.2).

http://broadinstitute.github.io/picard/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://cran.r-project.org/web/packages/ineq/
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Subclones were subsequently identified from the UMAP em-
bedding using the clustering algorithm hdbscan from the db-
scan R package (version 1.1–11). Regions of focal amplifica-
tions were determined on the pseudo-bulk Gtag genomes on
10 k UMPs bins segmented by piecewise constant fitting ( γ =
35) using GISTIC2. For each region, 20 additional genomic
bins were taken on each flank for visualization. All heatmaps
were constructed using the ComplexHeatmap R package (ver-
sion 2.10.0). 

Processing of single-cell RNA seq data 

After trimming the adaptor sequences with cutadapt (version
1.13), sequencing reads were aligned to the GRCh37 reference
genome, including ERCC sequences using STAR with default
parameters (version 2.5.2b). HTseq (version 0.6.0) with the
GENCODE H19 transcript annotations were used to generate
the count matrix. 

Analysis of single-cell RNA-seq: HCC38 and 

HCC38-BL 

Quality control was performed using the scater R package
(version 1.28.0): cells with less than 100 000 counts, expres-
sion of less than 2000 unique genes, more than 30% counts
assigned to mitochondrial sequences or 8% counts belonging
to ERCC sequences were removed for downstream analysis.
Genes with less than 32 counts across the complete dataset
were excluded from downstream analysis. All data analysis
was conducted in R version 4.3.0 (CRAN), while plots were
created with the ggplot2 (version 3.4.4) R package. 

Analysis of single-cell RNA-seq: MEL006 

Quality control was performed using the scater R package
(version 1.28.0): cells with less than 100 000 counts, expres-
sion of less than 1000 unique genes, more than 25% counts
assigned to mitochondrial sequences or 15% counts belong-
ing to ERCC sequences were removed for downstream analy-
sis [ 48 ]. Genes with less than five counts across the complete
dataset were excluded from downstream analysis. Expression
value scaling and normalization, cell-cycle regression, batch
correction, PCA and UMAP dimensionality reductions and
clustering were performed using the Seurat R package (ver-
sion 4.3.2) [ 49 ]. Marker gene discovery was performed us-
ing the FindAllMarkers function of the Seurat package using
the Wilcoxon Ranked Sum test. The R package presto (ver-
sion 1.0.0) was used to perform a fast Wilcoxon rank sum
test where the AUC value served as input for gene set en-
richment analysis (GSEA) with FGSEA R package (version
1.26.0). Gene sets were accessed with msigdbr R package (ver-
sion 7.5.1). GSEA was also performed with FGSEA using the
correlation scores of all genes passing quality control and the
CN of the 22q11.21 amplicon. Gene dosage plots were cre-
ated for all genes located on focal amplifications when at least
5% of the single cells expressed the gene, the unsegmented
CN was taken from the bin overlapping with the transcription
start site for each gene. The CN of the bin closest to the middle
of focal amplification was used as the overall CN of the am-
plicon. Minimal residual disease (MRD) states were assigned
as described in Rambow et al. [ 45 ]. All data analysis was con-
ducted in Python version 3.9 (Python software foundation) or
R version 4.3.0 (CRAN). Plots were created with the ggplot2
(version 3.4.4) and ggpubr (version 0.6.0) R packages. 
Benchmarking of inferCNV with G (tag)&T-seq data 

and classification of the Rambow et al. [ 45 ] 
Smart-seq2 data 

Raw single-cell RNA-seq reads from 96 normal human 

melanocytes (ethics approval S63257), as well as the Ram- 
bow et al. [ 45 ] (GEO: GSE116237) data were aligned to the 
GRCh37 reference genome including ERCC sequences using 
STAR with default parameters (version 2.5.2b). After creat- 
ing a count matrix with HTseq (version 0.6.0) and the GEN- 
CODE H19 transcript annotations, the data were merged 

with the G (tag)&T transcriptome counts. The scater R pack- 
age was used to discard low-quality cells, namely cells with 

less than 100 000 counts, less than 1000 unique genes ex- 
pressed, more than 25% counts assigned to mitochondrial se- 
quences or more than 15% counts belonging to ERCC se- 
quences. R package InferCNV (version 1.16.0) was subse- 
quently used to infer CN estimates from the scRNA-seq data 
using standard parameters for Smart-seq2 and the 6-state 
Hidden-Markov Model while using the transcriptome data 
of the normal melanocytes as reference. The mitochondrial 
and sex chromosomes were excluded from the analysis. The 
G (tag)&T data were used to benchmark the CN calls ob- 
tained with inferCNV, where the DNA-seq data were consid- 
ered the ground truth. Segments were then classified as (i) true 
positive if both DNA and RNA CN calls indicated a gain or 
if both indicated a loss; (ii) true negative if both indicated a 
neutral CN state; (iii) false negative if the DNA data indicated 

a CN aberration and the RNA did not; (iv) false positive if 
the RNA indicated a CN aberration and the DNA did not.
The CN calls and modified expression intensities obtained 

with inferCNV for the G (tag)&T transcriptome data were 
both used to train five machine learning algorithms (Linear 
Discriminant Analysis, Classification and Regression Trees, k- 
Nearest Neighbours, radial function support vector machine 
(SVM) and random forest) to classify a sample to the correct 
genomic subclone. Briefly, the caret R package (version 6.0–
94) was used to split the data 80–20% after removing highly 
correlated features (cor > 0.8) and train the classifiers using 
10-fold cross-validation. Accuracy was selected as the scoring 
metric to assess the performance. The best accuracy on the 
test data was observed for the radial function SVM trained on 

the modified expression intensities when combining subclones 
A and B. The model was then used to assign the Rambow et 
al . [ 45 ] to either subclone AB or C. Data analysis was con- 
ducted in R version 4.3.0 (CRAN) while plots were created 

with the ggplot2 (version 3.4.4) and ggpubr (version 0.6.0) R 

packages. 

Data from scONE, sci-L3 & DNTR 

Single-cell DNA-seq data for human cells used in this study 
can be accessed in Sequence Read Archive under accession 

numbers PRJNA603321 (DNTR), PRJNA768428 (scONE),
and PRJNA511715 (sci-L3). Sci-L3 fastq files were processed 

using the pipeline from Yin et al. [ 36 ]. For the three assays,
BAM files were down-sampled to 400 000 reads and pro- 
cessed in the same way as described above. Near-diploid cells 
processed with DNTR-seq, scONE-seq and sci-L3 with an av- 
erage ploidy between 1.9 and 2.1 were chosen and compared 

with single-cell DNA samples of HCC38-BL DNA processed 

by Gtag and picoPlex using the Wilcoxon test. A comparison 

was made between the MAPD of logR values between con- 
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ecutive genomic bins, analysed using 500 k UMPs genomic
ins, the coverage uniformity and Lorenz curves showing the
verage coverage uniformity of single-cell genomes. 

ode availability 

ode is available through the following GitHub link: https:
/ github.com/ voetlab/ Single _ cell _ GtagT _ Manuscript 

esults 

GA-free parallel genome and transcriptome 

equencing of single cells 

tag&T-seq is based on genome-and-transcriptome (G&T)
equencing (Fig. 1 A), developed by Macaulay et al. [ 32 , 46 ].
ollowing physical separation of the gDNA and polyadeny-

ated RNA of the same cell, Gtag&T-seq applies tagmenta-
ion to produce a gDNA sequencing library directly from the
ell’s genome instead of pre-amplifying it with WGA (Fig. 1 A).
ollowing tagmentation, PCR adds cell-specific barcodes and
equencing adapters to enable multiplexed low coverage se-
uencing and cost-effective multi-modal analysis of single cells
Fig. 1 B). 

The performance of Gtag&T-seq was evaluated against
onventional G&T-seq [ 32 ], using picoPlex for WGA, for
oth the HCC38 cancer cell line and its matched normal
ell line (HCC38-BL). PicoPlex was chosen for its proven
eproducibility and high accuracy in detecting DNA CNs
 50–52 ]. At the RNA level, the datasets were comparable,
ighlighted by the high correlation of the mean expres-
ion per gene for both cell lines (HCC38-BL, R 

2 = 0.83;
CC38, R 

2 = 0.87; Fig. 1 C and Supplemental Fig. S1 A
nd B). To compare Gtag also with other tagmentation-
ased methods in a DNA / RNA co-assay, we contrasted our
CC38-BL samples with near-diploid samples processed by
NTR-seq [ 25 ], scONE-seq [ 24 ], and sci-L3 [ 36 ] (Fig 1 E
nd I). To allow for a fair comparison of the genome se-
uences, gDNA reads of each cell were downsampled to a
aximum of 400 000 reads before duplicate removal (‘Ma-

erials and methods’, Supplementary Fig. S1 C and D and
upplementary Data S1 ). Reliable genetic variant detection
rom single-cell gDNA data largely depends on the noise and
overage uniformity attained by the method. When compared
o picoPlex-based G&T-seq, genomic readouts were less noisy
or Gtag (HCC38-BL, P ≤ 0.0001; HCC38, P ≤ 0.0001)
s assessed by MAPD (Fig. 1 D), but MAPD values were in-
reased when compared to DNTR-seq, sci-L3-seq and scONE-
eq (Fig. 1 E). In addition, Gtag improved coverage unifor-
ity in comparison to picoPlex, discernible from Lorenz

urves (Fig. 1 F and Supplementary Fig. S1 E) and compared
avourably to picoPlex, scONE and sci-L3 when using the
ini index ( μGtag = 0.20 v er sus μpicoPlex = 0.27, μDNTR 

= 0.17,
scONE = 0.21 and μsciL3 = 0.22) (Fig. 1 I). 
Low-depth single-cell genomes can be pooled to derive

seudo-bulk genomes, refining genomic variant calling [ 18 ,
3 ]. To investigate differences in performance resulting from
mitting WGA, we compared coverage breadth, uniformity,
nd noise after merging single-cell genomes (HCC38-BL) in
ilico for both G&T-based multi-omics methods. Plotting the
heoretical v er sus the observed coverage breadth for increas-
ng amounts of pooled single-cell genomes (Fig. 1 G) showed
 rapid saturation of coverage breadth for picoPlex, likely
aused by limited random priming during WGA. Pseudo-
bulks can be further leveraged to map DNA breakpoints
more precisely, conditional on smaller bin sizes not exacer-
bating noise. We observed that picoPlex suffered from in-
flated MAPD scores compared to Gtag for pseudo-bulks anal-
ysed with smaller bin sizes (Fig. 1 H). In addition, coverage
was more uniform for the Gtag 20-cell pseudo-bulk HCC38-
BL genomes, as evidenced by Gini indexes of 0.08 for Gtag
pseudo-bulk and 0.15 for picoPlex pseudo-bulk. 

Single-cell and pseudo-bulk analysis of a human 

melanoma PDX model 

The development of resistance to targeted therapy presents
a significant clinical challenge. Emerging evidence indicates
that both genetic and non-genetic mechanisms conspire to
drive resistance. A deeper understanding of the interplay be-
tween these mechanisms is essential for designing more ef-
fective, long-lasting combination treatments. The Gtag&T-seq
method offers an approach to dissecting the respective contri-
bution of these mechanisms at single-cell resolution. We pro-
cessed 703 and 175 single cells from a melanoma PDX model
using Gtag&T- and G&T-seq, respectively. The MEL006
model was established from a patient with a BRAF 

V600E mu-
tant melanoma who had an almost complete response to com-
bined dabrafenib (BRAF 

V600E inhibitor) and trametinib (MEK
inhibitor) therapy [ 45 ]. Single cells from the PDX model were
collected before treatment (T0), during treatment (T04), and
at MRD (T28), when most of the tumour cells are eradicated
by the therapy. At this late time point, a small subset of drug-
tolerant cancer cells persists, providing a substrate for relapse.

After removing low-quality genomes (‘Materials and meth-
ods’, Supplementary Fig. S2 and Supplementary Data S2 ), 494
single-cell Gtag genomes were compared to 142 single-cell pi-
coPlex genomes. DNA CN profiles were called using genomic
bins of 500 k unique mappable positions (UMPs), revealing
a highly rearranged tumour cell population (Fig. 2 A) with an
average ploidy of 3.5, indicative of an early whole-genome
doubling event, coherent with previous bulk sequencing ob-
servations [ 53 ]. 

Three distinct subclones (A–C; Fig. 2 A) were identified us-
ing the density-based clustering strategy [ 19 ], which differed
by the presence of an additional copy of chr2 in A and B and a
loss of one copy of chr7 in subclone B. Within each subclone,
single cells displayed similar CN profiles (mean pairwise R:
A = 0.85, B = 0.87, C = 0.79), indicative of stable clonal ex-
pansions. To refine the CNA states and breakpoints, pseudo-
bulk genomes were created per method for each subclone (A–
C) at both time points. Similar to our observations with cell
lines, WGA resulted in increased noise and decreased coverage
uniformity in pseudo-bulk genomes ( Supplementary Fig. S2 F),
leading to incorrect clustering of the picoPlex-derived pseudo-
bulks (Fig. 2 B) rather by time point rather than by subclone.
In addition, discrepancies are noted in the CN calling for
chr1, chr5, chr11, chr19, and chr20. As a consequence, Gtag
pseudo-bulk genomes allowed for a more detailed dissection
of focal CNAs (Fig. 2 C and D). 

Detection of subclone-specific focal amplifications 

at near base-pair resolution using Gtag 

Single-cell and pseudo-bulk CNA profiling with 500 k UMP
bins (Fig. 2 A–D) indicated the existence of highly amplified
loci on chr13 and chr22. The elevated amplification levels
in these regions, combined with the lower noise and higher

https://github.com/voetlab/Single_cell_GtagT_Manuscript
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
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separation f ollo w ed b y Gtag (in bold arro ws) or con v entional G&T-seq with picoPle x and Smart-seq2. ( B ) Comparison of the consumable costs and time 
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HCC38-BL DNA processed by Gtag and picoPlex, compared to near-diploid cells [ploidy: (1.9 – 2.1)] processed with DNTR-seq (HCT-116), scONE 
(HCT-116) and sciL3 (HAP1 / HEK293T), using genomic bins of 500 k UMPs. ( F ) Lorenz curves showing mean genome coverage uniformity across 
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Observed genome coverage versus theoretical coverage for merged Gtag and picoPlex genomes. The dotted line indicates the maximum theoretical 
co v erage, assuming no o v erlapping reads. For each method, increasing amounts of single-cell genomes were merged and plotted, and a local regression 
was applied. ( H ) MAPD values for merged single-cell genomes processed with Gtag and picoPlex using bin sizes of varying genomic resolution (5, 10, 
15, or 20 merged genomes). ( I ) Comparison of genome co v erage unif ormity using the Gini inde x f or HCC38-BL DNA processed with Gtag & picoPle x, 
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respectively, the median, 25th and 75th percentile, and whiskers are 1.5 × IQR. ****: P ≤ 0.0 0 01 (W ilcoxon test). *:P ≤ 0.05 (Wilcoxon test). 
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uniformity of Gtag genomes, allowed us to further refine the
breakpoints using 10 k UMP bins. In total, 11 focal amplifi-
cations ranging in size from 0.12 to 1.20 Mb were found: 10
on chr13 (q13.3A, q13.3B, q14.2–3, q14.3, q21.2, q21.33,
q22.3, q31.1, q31.3, and q32.3) and 1 on chr22 (q11.21).
GISTIC2 analysis of 367 skin cutaneous melanoma samples
revealed that 13q and 22q arms are frequently amplified [ 54 ].
Moreover, a 22q11.21 focal amplification is found in 10% of
the CCLE skin cancer cell lines ( e.g. Hs294-T and COLO679
BRAF (V600) mutant cell lines), 22q11.21 was also identi-
fied as recurrently amplified in a pan-cancer analysis [ 55 ], and
recently associated with inferior survival in acral melanoma
[ 56 ]. 

Subclonal differences in the presence, size and CN were ob-
served for the majority of the focal amplifications on chr13
(Fig. 2 E). Subclone C was characterised by the presence of
13q31.1 and 13q32.3 amplicons, as well as different break-
points for 4 focal amplifications (e.g . 13q13.3A, 13q14.3,
13q21.2, and 13q21.33; Fig. 2 E). Furthermore, a small num-
ber of cells belonging to subclone A and B showed additional
breakpoints in 13q14.2–3 and 13q21.33, resulting in multi-
ple smaller amplicons (Fig. 2 E) as well as small alterations in
22q11.21 that were only detected in Gtag genomes and not
in picoPlex genomes, but are confirmed using pseudo-bulk
genomes as well as transcriptomic analysis ( Supplementary 
Fig. S3 ). Among subclones, most breakpoints remained con-
sistent, resulting in a higher similarity within subclones com-
pared to those outside, as determined by Euclidean distance
( t-test, P < 2.2e-16 ). 

The CN of the majority of chr13 amplicons was correlated
with the amplification level of 22q11.21, suggesting that these
amplicons are co-amplified ( Supplementary Fig. S4 ). The ab-
sence of correlation for amplicon 13q22.3 is explained by its
absence in half of the cells, irrespective of clonal context. All
aforementioned subclonal differences were also detected in
pseudo-bulk genomes and remained after downsampling to
the same depth (Fig. 2 C and D and Supplementary Fig. S5 ).
Furthermore, these pseudo-bulk genomes allowed us to pin-
point the breakpoint of the focal amplifications to near base-
pair resolution (Fig. 2 F). 

Although full reconstruction of the amplicon structure is
challenging from single-end sequencing data, we were able to
make two key observations. First, the subclonal organization
of these focal amplifications supports the existence of at least
three major genomic subpopulations in this melanoma lesion,
with subclones A and B closely related. Second, the hetero-
geneity in the CN of the amplicons indicates that these are
dynamic instead of static DNA entities. 

Transcriptome-based DNA CN inference has limited
accuracy and fails to detect focal amplifications 

To address the added value of direct genome measurements
along with transcriptome profiling, we first set out to identify
the three major genomic subclones from the single-cell tran-
scriptome data. Of the G (tag)&T single-cell transcriptomes,
636 passed our quality thresholds (‘Materials and methods’
and Supplementary Data S2 ) and were used for downstream
analysis. We inferred CNAs using averaged gene expression
patterns with normal human melanocytes as a reference using
inferCNV [ 37 ]. Comparison to the matching gDNA-derived
DNA CN profiles of the same cells, revealed an average sen-
sitivity and specificity of 52% and 91%, respectively (‘Ma-
terials and methods’). InferCNV failed to detect the CN of 
the whole-chromosome gains for chromosomes 4, 6, 8, and 

18 for all cells, as well as chr2 for cells belonging to sub- 
clones A and B (Fig. 3 ). Instead, we obtained the correct CN 

for smaller regions of these chromosomes (Fig. 3 ), suggesting 
that not all genes are affected to the same degree by genomic 
imbalances. Furthermore, the focal amplifications on chromo- 
somes 13 and 22 and the p-ter amplification of chr12 were not 
detected. These shortcomings notwithstanding, we trained a 
SVM model on our single-cell genome-and-transcriptome data 
that achieved a mean classification accuracy of 0.71 (95% CI 
confidence interval, CI 95% 

= [0.63, 0.79]. Although we iden- 
tified the three subclones to a degree, we found frequent mis- 
classification of subclone B to A. Combining subclones A and 

B increased the accuracy of the model to 0.86 ( CI 95% 

= [0.79,
0.91]. This highlights the need for direct multi-omics to accu- 
rately dissect both genomic evolution and transcriptome plas- 
ticity in full. 

Differential expression analysis reveals subtle 

effects of subclonal chromosomal alterations 

Single-cell RNA-seq of the MEL006 PDX melanoma model 
exposed to BRAFi / MEKi treatment identified four drug- 
tolerant cell states: a ‘starved’ (starved-like melanoma cell,
SMC) state, a differentiated and ‘pigmented’ state, a ‘neural 
crest stem cell (NCSC)-like’ state and a de-differentiated state 
also referred to as ‘invasive / mesenchymal-like’ state [ 45 ]. To 

investigate the effects of the genomic alterations on the cell’s 
transcriptome and the aforementioned drug-tolerant states,
we performed pairwise differential gene expression analysis 
between the three genomic subclones at each timepoint. In 

total, only 100 differentially expressed genes were identified 

(FDR < 0.05) (Fig. 4 A and Supplementary Fig. S6 ). No dif- 
ferentially expressed genes were identified between any of the 
subclones at T04, most likely due to the lower number of cells 
processed ( n = 121). At respectively T0 and T28, we found 

39 and 72 differentially expressed genes, of which 11 genes 
were found to be differentially expressed at both timepoints,
including THAP7, LZTR1, and GPC5 . This observation in- 
dicates that during treatment, the transcriptomic differences 
between subclones become greater. 

Between subclones A and B, no differentially expressed 

genes were found, except for H2AFJ , indicating that the loss of 
one copy of chr7 has only subtle effects on the transcriptomes 
of cells belonging to subclone B ( Supplementary Fig. S6 ). This 
observation agrees with the difficulties of the SVM model to 

correctly classify subclone B based on the CNAs obtained 

with inferCNV. In contrast, we found that the loss of chromo- 
some 2 in subclone C resulted in lower expression of TMSB10,
ARPC2, ATP5G3, PCBP1 , and OST4 compared to subclones 
A and B. Meanwhile, PTMA and GYPC were upregulated 

only in subclone A, and RTN4, BIN1 , and EIF5B were up- 
regulated only in subclone B. At T28, we observed a shift 
in the differentially expressed genes towards markers of the 
MRD states (indicated with symbols on Fig. 4 A), as well as 
genes located on the 22q11.21 focal region and chromosome 
7 (indicated with orange and red colours, respectively, on Fig.
4 A). TMSB10 was the only gene upregulated in both sub- 
clones at both timepoints, while OST4 showed higher expres- 
sion in subclone B at both timepoints. Additionally, COL5A2 

and SEPT2 were upregulated in subclones A and B com- 
pared to C at T28. The invasive state marker IGFBP5 and 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
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Figure 3. InferCNV is unable to accurately reconstruct CNAs and discern the focal amplifications on c hr1 3 and chr22. CNA heatmap obtained using 
inferCNV on the transcriptome data of both the G&T-seq and Gtag&T-seq datasets. Single cells are annotated according to their subclone assignment 
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All CNs were capped at 6 to allow for a fair comparison between the methods. 
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PTBN1 were highly expressed in subclone A, while sub-
lone B showed higher expression of RHOB . At T28, AQP1
chr7), GFRA3 (chr5), MPZ (chr1), NGFR (chr17), RSPO3
chr6), SLC22A17 (chr14), L1CAM (chrX), GFRA2 (chr8),
nd PRIMA1 (chr14), all markers of the NCSC state, showed
ncreased expression in subclone A and / or B, while TFA2B
chr6) was higher expressed in subclone A at T0. CD36 (chr7),
 marker for the SMC state, was expressed at higher levels
n subclone C compared to subclone A at T28 and the SMC
arker PRELP (chr1) at T0. Nine differentially expressed

enes were located on the focal amplicons of chr13 and
hr22. At both T0 and T28, THAP7 (22q11.21) and LZTR1
22q11.21) were expressed at higher levels in subclone C in
oth T0 and T28, while KLHL22 (22q11.21) was not dif-
erentially expressed compared to subclone B at T0. PI4KA
22q11.21), TUBA3FP (22q11.21), P2RX6 (22q11.21) and
MEM191A (22q11.21) only appear to be differentially ex-
ressed in T28 and TM9SF2 (13q31.3) only in T0. GPC5
13q31.3) had a higher expression in cells belonging to sub-
lone A and B at both T0 and T28. These observations indi-
ate subclonal differences in expression levels of genes located
n the focal amplifications or, alternatively, differences in the
N of the amplicons influencing the gene expression between

ubclones A, B, and C. 

ocal amplifications influence subclone-specific 

ene expression 

o assess the effect of ongoing amplicon evolution on the
henotype of the subclones, we calculated the correlation be-
ween the DNA CN of genes located on each focal amplifi-
ation and their normalized expression (Fig. 4 B and C and
upplementary Fig. S7 ). For chr13, we found nine genes with
 gene-dosage effect across all the subclones (e.g. UFM1 and
CLN5 , Fig. 4 B), 8 genes with a subclone-specific effect (e.g.
TM9SF2 ; Fig. 4 B) and finally, four genes that did not show
a dosage effect ( e.g. MAB21L1; Fig. 4 B). All 18 expressed
genes located on the 22q11.21 amplicon showed clear gene-
dosage effects (e.g. CRKL ; Fig. 4 C) in at least one of the sub-
clones. Eight of these genes showed subclone-specific differ-
ences in gene expression when controlling for amplicon CN
(e.g. LZTR1 , THAP7, PI4KA ; Supplementary Table S1 and
Fig. 4 C). For LZTR1, a tumour suppressor in many cancers
although recently also suggested as a key oncogene in acral
melanoma [ 56 ], and THAP7 , the disparity is elucidated by
additional breakpoints in subclones A and B, resulting in a
small region of lower CN ( Supplementary Fig. S3 ). The differ-
ence in PI4KA expression, on the other hand, did not appear
to be caused by subclone-specific breakpoints. Taken together
these observations suggest concomitant gene-dosage effects
and epigenomic regulation modulating differential expression
of genes between subclones. 

Amplicon CN is associated with drug-tolerant cell 
state plasticity 

We next investigated whether the amplicons are associated
with specific drug-tolerant cell states. In contrast to the
other states, the NCSC state generally exhibits lower CNs
for all chr13 focal amplicons containing expressed genes,
except for 13q13.3B and 13q31.3. Conversely, the SMC
state consistently displays the highest CNs, independently
or in conjunction with the pigmented and / or invasive states
( Supplementary Fig. S8 A and B). Out of the 21 expressed
genes examined, disparities in gene expression among the
drug-tolerant cell states were evident in only 11 genes. The
majority adhered to a pattern where genes exhibited the low-
est expression in the NCSC state and the highest in the

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
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Figure 4. Differential gene expression analysis between subclones reveals subclone and timepoint specific gene expression and gene dosage effects. 
( A ) Lollipop plot depicting genes differentially expressed between genetic subclones at specific time points (FDR ≤ 0.05) located on chr2 or chr7, the 
identified focal amplicons or identified as markers for the melanoma MRD states. The colour of the dots reflects the chromosomal location of the genes, 
while the shape highlights marker genes related to melanoma MRD states. The size depicts the percentage of cells expressing the gene. ( B ) Gene 
dosage plots of four genes located on the focal amplification of c hr1 3. Log10 transformed CN of the 10 k UMPs bin overlapping with the transcription 
start-site ( x -axis) is plotted against log10 normalized gene expression counts ( y -axis). ( C ) Same as B but for genes located on 22q11.21 with observable 
gene expression. ( D ) Gene expression dosage plots for genes related to pigmentation and the CN of the 22q11.21 amplicon (log-scale). B, C, and D Dots 
are coloured per subclone. Linear regression was performed for each subclone (the shaded region indicates a 95% confidence interval). NCSC, neural 
crest stem cell; SMC, starv ed-lik e melanoma. 
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MC state. However, exceptions were noted for CCDC169 ,
INC00401 , LINC00383 , and GPC5 , all displaying lower
xpression levels in the pigmented state. Furthermore, it was
bserved that genes within the same amplicon demonstrated
istinct expression patterns across the states, as exemplified
y DLCK1 and CCDC169 . 
For the 22q11.21 amplicon, we found that the expression of
LANA , a marker for the pigmented state, was inversely cor-

elated with the CN (Fig. 4 D). In addition, GSEA revealed en-
ichment of gene ontology terms related to pigmentation (e.g.
eneralized developmental pigmentation, cellular pigmenta-
ion, Supplementary Table S2 ) among genes negatively corre-
ated with the CN of this amplicon (e.g. DCT , TYR, PMEL ).
hese findings might indicate that cells with a lower 22q11.21
N are more prone to engage the differentiated pigmented
ell state. Indeed, we found enrichment for a high 22q11.21
N in all other states compared to the pigmented state,
ith the highest enrichment in respectively the mesenchymal-

ike, SMC and NCSC states ( Supplementary Fig. S8 D). At
he gene level, we identified 12 out of 18 genes exhibiting
xpression differences among the drug-tolerant cell states,
ll displayed lower expression in the NCSC state, with the
ost pronounced disparities observed in comparison to the

MC state. Additionally, we noted that CRKL was also ex-
ressed at lower levels in cells associated with the pigmented
tate ( Supplementary Fig. S8 C). In summary, while none of
he previously described MRD-specific markers or known
elanoma-specific transcription factors are located on the
2q11.21 and chromosome 13 amplicons, our data indicate
 correlation between these amplicons and the MRD states
vailable to the subclones. 

ellular plasticity and phenotypic cell-state 

i ver sity within and between different genetic 

ubclones on treatment 

 (tag)&T-seq allow the construction, with single-cell reso-
ution, of a phylogenetic tree throughout therapy, annotated
ith the aforementioned drug-tolerant states. We found that
hile all genetic subclones were observed at both timepoints,

heir relative abundance shifted. T0 was enriched for sub-
lones A and B (52% and 24% of cells, respectively), while
ubclone C was the most abundant at T04 and T28, increas-
ng from 24% at T0 to 58% in T04 and to 65% in T28 ( X 

2 -
est, P < 2.2e-16; Fig. 5 A). When we compare T0 with T04
e observed a decrease from the mesenchymal-like state and

n increase in SMC state at T04 in all three subclones. Strik-
ngly, we found the NCSC state to be statistically enriched in
ubclones A and B at T28 ( X 

2 -test, P = 0.0001 ), while the
MC and pigmented states were present in all genetic sub-
lones. Both observations were validated using inferCNV and
ur trained SVM classifier on the Smart-seq2 data from Ram-
ow et al. [ 45 ] (Fig. 5 B). Differential expression analysis in-
eed revealed higher expression of the SMC-marker CD36
n subclone C, and increased expression of NCSC markers
QP1, GFRA3, MPZ, NGFR, RSPO3, SLC22A17, GFRA2,
RIMA1 and L1CAM in subclones A and B (Fig. 4 A). Further-
ore, GSEA revealed enrichment of genes related to epithelial-
esenchymal transition (EMT) at T28 in both subclone A

nd B, but not in subclone C (A, P = 0.0005; B, P = 0.0005;
upplementary Table S3 , Supplementary Table S4 ). Moreover,
e found that at T28, the CN of the 22q11.21 amplicon

n subclone C had increased compared to T0 and T04 (Fig.
5 C), and to A and B at T28 (Fig. 5 D). Between T0 and T04,
we observed a decrease in the 22q11.21 amplicon CN for
subclone C. 

In summary, we conclude that subclone C likely has a higher
prevalence at MRD, whereas the NCSC state is primarily
found in subclones A and B. This indicates that all genomic
subclones have the potential to adopt various drug-tolerant
states and survive therapy. However, their genetic makeup in-
fluences their ability to engage these states and successfully
endure the treatment. 

Discussion 

We developed Gtag&T-seq, a genome-and-transcriptome se-
quencing protocol of the same single cell that omits WGA us-
ing direct genomic tagmentation. Like G&T -seq, Gtag&T -seq
is applicable to both whole cells as well as nuclei from fresh
frozen tissue. Samples manually picked or sorted in the ly-
sis buffer can be stored for months and even years at −80 

◦C
( Supplementary Fig. S2 ). Following physical separation of the
gDNA and polyadenylated RNA of the same cell or nucleus,
usually, the RNA is processed first to assess the quality of the
samples and the efficiency of the sort, while the gDNA can
be stored for later analyses. Because the gDNA and RNA are
processed separately, either the gDNA or RNA of a subset of
cells can be re-sequenced at a higher depth if needed or se-
quenced with a different technology (e.g. long-read sequenc-
ing), if required, as we demonstrated before [ 32 ]. Compared
to G&T-seq using picoPlex, Gtag&T-seq is characterised by
improved coverage breadth and uniformity in both single-cell
and pseudo-bulk genomes, which allows for more precise de-
tection of genomic alterations. This is in line with previous re-
ports of other research groups that used tagmentation-based
library preparation without WGA [ 18–24 , 25 ]. Furthermore,
Gtag&T-seq requires less processing time and significantly re-
duces the cost of G&T-seq. Moreover, it proved to be superior
in the profiling of small focal amplifications (0.12–1.20 Mb),
allowing breakpoints to be pinpointed to near base-pair reso-
lution in pseudo-bulk genomes. In addition, Gtag&T allowed
us to confirm the resulting gene expression dosage effects us-
ing the RNA of the same cell. 

Importantly, we highlight the need for direct multi-omics
approaches to accurately dissect both genomic evolution and
transcriptome plasticity in full, as opposed to inferring CNAs
from single-cell transcriptomes. Besides failing to detect small
focal amplifications, several whole-chromosome gains were
found as smaller regions of amplification, suggesting that not
all genes are affected to the same degree by genomic imbal-
ances. Furthermore, this approach had difficulties in obtain-
ing the correct CN, potentially underestimating the hetero-
geneity present in the sample when subclones have shared
breakpoints. 

We applied Gtag&T-seq to a human PDX melanoma
model to study the interplay of genomic and transcriptomic
alterations in the context of tumour evolution and ther-
apy resistance. Previously, this model was used to identify
four drug-tolerant cell states—SMC, NCSC, pigmented and
mesenchymal-like states—and revealed limited genomic het-
erogeneity [ 45 ]. It remains unclear whether the cell fate de-
cision to engage one versus another drug-tolerant cell fate is
dictated by intrinsic mechanisms and underlying genetic un-
derpinnings and / or exposure to specific environmental cues.
Here, we discerned three major genomic subclones and con-

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf173#supplementary-data
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Figure 5. Phylogenetic tree reveals subclonal differences in treatment response and cellular plasticity. ( A ) Phylogenetic tree annotated with drug-tolerant 
cell states at T0, T04 and T28. The shift in the proportion of cells per subclone that occurs between T0, T04, and T28 is visualized with polygons. GSEA 

re v ealed EMT at T28 in subclones A and B. ( B ) InferCNV together with the trained SVM classifier applied to Smart-seq2 data supports the subclonal 
differences that were observed with G (tag)&T-seq. Subclone A and B are taken together and compared with subclone C. Percentages indicate the 
proportion of cells per subclone in the Gtag&T / G&T data and Smart-seq2 data of Rambow et al. [ 45 ]. Dots represent the percentage of cells with a 
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T04 and versus T28) per subclones. ( D ) Same as c, but here subclones are compared before treatment (T0), during treatment (T04), and at MRD (T28). 
The centreline, top, and bottom of the boxplots represent, respectively, the median, 25th and 75th percentile, and whiskers are 1.5 × IQR. Significance 
le v els after the Wilco x on test are as f ollo ws, ns: P > 0.05; *: P ≤ 0.05; **: P ≤ 0.01. 
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tructed a longitudinal cell lineage tree annotated with the
rug-tolerant states throughout therapy. We found subclonal
ifferences with regard to treatment response and transcrip-
ome plasticity: subclone C, which lost a copy of chr2, ap-
eared better suited to survive the initial treatment but had a
ignificant lack of cells with the NCSC state. In addition, we
uggest a potential role for the chromosome 13 and 22q11.21
mplifications in determining phenotypic differences between
he subclones as well as the drug-tolerant states. One hypothe-
is is that this effect is mediated by THAP7 , which is expressed
igher in both subclone C and the SMC state and is known to
romote cell proliferation in lung adenocarcinoma [ 57 ]. An-
ther key gene to explain the subclonal differences could be
ZTR1 , which is highly expressed in clone C cells with a high
N of 22q11.21 and is located on a breakpoint in clones A
nd B. Although LZTR1 is generally considered a tumour sup-
ressor, a recent study identified LZTR1 , as well as CRKL ,
s drivers of tumour development and metastasis in acral
elanoma [ 56 ]. Furthermore, we identified an inverse corre-

ation between the 22q11.21 amplicon CN and pigmentation-
elated gene expression, such as MLANA , suggesting that cells
ith lower CNs may have an increased propensity to differ-

ntiate into pigmented cells to withstand drug pressure. Con-
ersely, cells with higher CNs may have a growth advantage
nder BRAFi / MEKi therapy. Functional validation is neces-
ary to confirm if this amplification and associated genes drive
umour evolution and therapy resistance. 

In the melanoma model we observed extensive heterogene-
ty regarding the presence, size, and dosage of focal amplicons
hat would be difficult to resolve using bulk sequencing and
as also not always detected by picoPlex. Similar levels of

mplicon heterogeneity were recently also observed in breast
ancer by single-nucleus sequencing [ 58 ]. It should be fur-
her investigated whether focal amplifications, as found in this
elanoma model, are drivers of subclonal differences regard-

ng tumour evolution and therapy resistance [ 59 ] or whether
hey are passenger events. Nevertheless, recent studies have
hown the importance of profiling driver amplicons as they
roved to be predictors for survival as well as actionable tar-
ets for cancer therapy [ 60–62 ]. In this work, we show that
tag&T is a suitable method to profile focal amplifications at
ear base-pair resolution in single cells. A recent publication

ntroduced Single-cell Extrachromosomal Circular DNA and
ranscriptome sequencing (scEC&T-seq), a method enabling
arallel sequencing of circular DNAs and full-length RNA
rom individual cells [ 63 ]. While this technique facilitates a
etailed characterization of ecDNA content differences and
heir transcriptional effects, it does so at the expense of over-
ooking the CN landscape of non-circular DNA structures. 

In the past years, several multi-omics techniques that inter-
ogate the genome and transcriptome have been developed.
he separation principle of transcriptogenomics [ 31 ] is simi-

ar to that of G&T-seq, but Li et al. [ 31 ] only performed ex-
me sequencing. Other techniques based on gDNA-and-RNA
eparation disunite the nucleus from the cytoplasm following
ellular lysis and, therefore have several limitations, including
oss of nuclear RNAs in the transcriptome analysis, loss of mi-
ochondrial DNA molecules in the genome analysis, inability
f the characterization of mitotic cells in phases where the nu-
lear membrane has disassembled, and the necessity of intact
ells prohibiting the use of the technology on archived fresh-
rozen tissue [ 25 , 34 , 35 ]. In DR-seq [ 29 ], gDNA and RNA
re first preamplified before splitting the reaction, which min-
imizes the risk of losing nucleic acids during the separation
process but increases the risk of contaminating for example,
the gDNA readout with RNA-derived amplicons. Similar ad-
vantages and disadvantages are also inherent to scONE-seq
[ 24 ], though based on gDNA-versus-RNA specific barcoding
and sequencing library preparation in a single-pot reaction, it
is additionally limited in sequencing gDNA and RNA libraries
separately to optimal depths. Furthermore, methods such as
DR-seq and scONE-seq that process gDNA and RNA in a
single reaction have limited flexibility, as the joint gDNA-and-
RNA pre-amplification protocol needs to be suitable for both
molecular analytes. Separating the RNA and gDNA prior to
amplification enables more flexibility in choosing which assay
is used downstream. For example, in Gtag&T, Smart-seq2 can
be replaced with recently developed alternatives, like Smart-
seq3 [ 64 ] or 3 

′ RNA-seq technologies [ 65 , 66 ] to further re-
duce costs. While the methods above have low-to-medium
throughput because (deoxy)ribonucleic acids are processed in
a tube per cell, the recently developed sci-L3-RNA / DNA co-
assay enables at least 10 000s of single nuclei to be profiled per
2-day experiment. Yin et al. [ 36 ] show that this combinato-
rial indexing-based co-assay can distinguish female HEK293T
cells from male BJ cells based on Y chromosome presence. Im-
portantly, we emphasize the need for both high-throughput,
like sci-L3, as well as low-to-medium throughput methods
when studying rare cells that can be isolated [ 67 ] or when only
smaller populations of cells are available, for example, when
studying genomic instability during preimplantation embryo
development [ 68 , 69 ]. 

Taken together, Gtag&T will enable researchers to study
the interplay of genome and transcriptome in unprecedented
detail. We anticipate that our method will be broadly applica-
ble to characterise the role of somatic variation in health and
disease in fields such as oncology , neurology , and embryology .
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Data availability 

The data underlying this article are available in the Eu-
ropean Genome-phenome Archive (EGA) at https://ega- 
archive.org/ and can be accessed under accession num-
bers EGAS00001007043 (raw sequencing data from the
PDX model and Gtag&T derived data for the HCC38 and
HCC38-BL cell lines) and EGAS00001001204 (G&T data
for the HCC38 and HCC38-BL cell line). Code is avail-
able through the following GitHub and Zenodo links: https:
// github.com/ voetlab/ Single _ cell _ GtagT _ Manuscript ; https://
doi.org/ 10.5281/ zenodo.14887455 . 
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