
R E S E A R C H Open Access

© The Author(s) 2026. Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, 
sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and 
the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​i​c​e​n​s​e​s​/​b​y​/​4​.​0​/.

Li et al. Molecular Cancer          (2026) 25:127 
https://doi.org/10.1186/s12943-026-02622-9

Molecular Cancer

*Correspondence:
Meenhard Herlyn
herlynm@wistar.org

Full list of author information is available at the end of the article

Abstract
Background  Most advanced melanomas initially respond to targeted therapy but eventually relapse. Increasing 
evidence suggests that drug-tolerant persister cells can adopt a reversible drug-refractory state and represent a key 
driver of therapeutic resistance.

Methods  We developed MeRLin, a lineage tracing platform that integrates cellular barcoding, single-cell 
transcriptomic profiling, RNA fluorescence in situ hybridization, and computational analyses to track clonal and 
transcriptional dynamics in a patient-derived melanoma model during prolonged targeted therapy. Longitudinal 
analyses enabled the characterization of clonal fates, transcriptional states, and spatial organization of persister 
populations.

Results  Clonal dynamics showed that persister subpopulations initially responded to therapy, persisted through 
minimal residual disease, and expanded during tumor recurrence. Four persister-associated transcriptional states 
characterized by stress-like, lipid metabolism, PI3K signaling, and extracellular matrix remodeling programs were 
associated with persister populations arising from minor pre-treatment subpopulations under sustained drug 
pressure. Spatial transcriptomic analyses revealed structured spatial organization of these programs and suggested 
coordinated autocrine and paracrine interactions among persister states. Targeted barcode RNA fluorescence in situ 
hybridization enabled spatial mapping of clonal identity and gene expression, revealing in situ co-localization of a 
dominant resistant clone marked by SLC2A1 expression.

Conclusions  Together, MeRLin provides a robust framework for dissecting cancer heterogeneity and characterizing 
persister subpopulations. Our findings demonstrate that melanoma recurrence is associated with diverse, spatially 
organized persister states linked to adaptive transcriptional programs.
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Introduction
Despite initially exhibiting strong responses to targeted 
therapy, the majority of tumors eventually relapse, often 
without gaining new resistance mutations [1, 2]. The 
presence of drug-tolerant persister (DTP) cells, a sub-
population of cancer cells capable of entering a revers-
ible drug-refractory state, contribute to minimal residual 
disease (MRD) [3]. DTP-mediated resistance stems from 
intratumoral phenotypic heterogeneity driven by diverse 
gene expression programs and adaptive survival mecha-
nisms [3]. During treatment, cancer cells may transiently 
activate survival pathways and resistance genes, enter-
ing a DTP state [3]. Prolonged drug exposure enables 
DTP cells to develop diverse, heritable resistance, allow-
ing them to tolerate cytotoxic stress, establish MRD, and 
seed subsequent outgrowth of resistant clones4. Under-
standing the mechanisms of DTP formation, plasticity, 
and heterogeneity in cancer is crucial for the discovery of 
resistance markers and therapeutic targets [3]. The detec-
tion and targeting of DTP cells may offer novel strategies 
to overcome resistance and improve long-term treatment 
efficacy [1, 5].

Lineage tracing technologies provide critical insight 
into tumor heterogeneity and clonal evolution [6]. 
The Confetti system uses Cre/lox-mediated stochas-
tic recombination of fluorescent reporters to visualize 
clonal expansion and dissemination in vivo [7], while 
the lentiviral-based LeGO system enables scalable color 
barcoding and quantitative tracking of clonal diversity 
in xenograft models [8]. Static barcoding strategies such 
as LARRY and CellTag allow clonal labeling that can be 
read out by single-cell RNA sequencing (scRNA-seq) 
[9, 10], and the Watermelon system further links clonal 
identity with cell state by combining lentiviral barcodes, 
fluorescent proliferation reporters, and transcriptomic 
profiling [11]. In parallel, methods such as FateMap [4], 
derived from Rewind [12], and imaging-compatible lin-
eage recorders using sequential rounds of fluorescence 
in situ hybridization (FISH)-based hybridization, includ-
ing intMEMOIR [13], baseMEMOIR [14], and PEtracer 
[15], have expanded the ability to reconstruct clonal rela-
tionships with spatial context alongside gene expression 
analysis. Here, we developed MeRLin (Melanoma Resis-
tance Lineage tracing), a single-vector, high-complexity 
static barcoding platform designed for cancer xenograft 
models. MeRLin integrates clonal tracking with single-
cell transcriptomic profiling and enables targeted spatial 
validation of selected clones using standard RNA-FISH. 
It also allows in vivo imaging through bioluminescence 
and far-red fluorescence. This unified design supports the 

integrated analysis of clonal dynamics, transcriptional 
plasticity, and spatial organization during melanoma pro-
gression and therapeutic response.

Two-dimensional (2D) melanoma cell culture remains 
a foundational model for high-throughput drug screen-
ing and molecular characterization but lacks the hetero-
geneity and physiological complexity of in vivo tumors 
[16]. Patient-derived xenograft (PDX) models, in which 
tumor tissues from patients are implanted into immu-
nocompromised or humanized mice, more accurately 
recapitulate spatial structure of cancer and intratumor 
heterogeneity [17]. PDX models retain the genomic fea-
tures of patients across different stages, subtypes, and 
diversified treatment backgrounds, making them indis-
pensable for studying therapeutic response and resis-
tance mechanisms [17].

Using MeRLin in a melanoma PDX model that recapit-
ulates the clinical development of BRAF/MEK inhibitor 
(BRAFi/MEKi) resistance, we traced the clonal origins 
and transcriptional states of thousands of individual mel-
anoma cells as resistance developed in vivo. Prolonged 
targeted therapy was associated with the presence of 
molecularly and functionally diverse drug-tolerant per-
sister states arising from minor pre-treatment subpopu-
lations, characterized by four adaptive transcriptional 
programs. We identified genes enriched within persister 
subpopulations and spatially mapped a dominant resis-
tant clone marked by SLC2A1 expression in recurrent 
tumors, providing proof-of-principle validation of tar-
geted spatial clonal analysis. Together, these findings 
delineate transcriptional programs and candidate path-
ways associated with drug-tolerant persister formation, 
plasticity, and heterogeneity in melanoma resistance.

Methods
Cloning of the MeRLin library
Starting with the pCDH-EF1a-eFFly-mCherry plasmid 
[18] (Addgene #104833, a gift from Irmela Jeremias), we 
derived a lentiviral vector backbone pCDH-EF1a-eFFly-
mNeptune2.5 by replacing mCherry with mNeptune2.5 
from pcDNA3-mNeptune2.5 [19] (Addgene #51310, 
a gift from Michael Lin), using NsiI and SalI restriction 
sites (NEB) (Supplementary Table 1). To optimize the 
simultaneous sequencing of barcodes by scRNA-seq, we 
used the Q5 Site-Directed Mutagenesis Kit (NEB E0552) 
to mutate the original KpnI site in the 3’ LTR (C-to-T at 
position 3931) and introduce a new KpnI site (6-nt inser-
tion at position 3961). For barcode insertion, we ordered 
PAGE-purified Ultramer oligonucleotides (IDT) of bar-
code inserts containing semi-random repeat patterns 
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and homologous flanks (Table S1). Barcode insert 1 
contained 60-nt repeats of ‘WWSS’ (W = A/T, S = G/C), 
60-nt repeats of ‘NSW’ (N = any base), and a 25-nt gap 
sequence. Barcode insert 2 contained the same 25-nt gap, 
followed by 60-nt repeats of ‘WS’ and 60-nt repeats of 
‘SNW’. Barcode insert 1 had a 28-nt left flank, while bar-
code insert 2 had a 33-nt right flank homologous to the 
vector insertion site for Gibson Assembly. We digested 
the vector for 5 h with KpnI (NEB), gel-purified the lin-
earized vector, and performed Gibson Assembly using 30 
fmol of vector, 160 fmol of barcode oligonucleotides (100 
nM in nuclease-free water), 15 µl of NEBuilder HiFi DNA 
Assembly Master Mix (NEB E2621), and nuclease-free 
water to a final volume of 30 µl, incubating at 50°C for 1 h. 
The assembled plasmid was column-purified (Monarch 
PCR & DNA Cleanup Kit, NEB T1030) and then 25 ng of 
the column-purified plasmid was electroporated into 25 
µl of Endura Electrocompetent Cells (Lucigen 60242-1) 
using a Gene Pulser II (Bio-Rad) under the following con-
ditions: 10 µF capacitance, 600 Ohms resistance, 1.8 kV 
voltage, and a time constant of ~ 5–6 ms. We performed 
nine parallel electroporations. Immediately after electro-
poration, we added 975 µl of pre-warmed (37°C) recovery 
media to each electroporation cuvette and then trans-
ferred the liquid to 1.5-ml microcentrifuge tubes and 
placed these tubes on a shaker at 220 rpm and 37°C for 
1 h. After recovery, we took 10 µl of the culture for plat-
ing serial dilutions. The rest of the cultures were pooled 
(4–5 electroporation per batch) into 150  ml LB broth 
containing 100 µg/ml ampicillin, and incubated at 30°C, 
220 rpm for 12–14 h before plasmid isolation (EndoFree 
Plasmid Maxi Kit, Qiagen). Some pellets were stored at 
− 20°C before isolation. Transformation efficiency was 
estimated by colony counting from the plated serial dilu-
tions, and barcode insertion was verified via polymerase 
chain reaction (PCR) on randomly picked 20–30 colonies 
using DreamTaq Green PCR Master Mix (Thermo Fisher 
Scientific, K1081). Plasmid sub-libraries were pooled 
before lentivirus packaging. The final barcode library 
diversity of MeRLin was estimated at 2.89 million (Table 
S2).

Cell culture
Melanoma WM4237-1 cell line was established in our 
lab, and cultured in TU2% media consisting of 80% 
MCDB 153, 10% Leibovitz’s L-15, 2% FBS, 2.4 mM 
CaCl2, and passaged using 0.05% trypsin-EDTA.

For lentivirus packaging, we cultured Lenti-X 293T 
cells (Clontech) in DMEM containing 10% FBS, and simi-
larly passaged for lentivirus production.

Lentivirus packaging and transduction
Before plasmid transfection, Lenti-X 293T cells were 
grown to ~ 80% confluency in 10  cm tissue culture 

dishes in DMEM containing 10% FBS. For each dish, the 
medium was replaced with 10 mL of DMEM (10% FBS) 
containing 25 µM chloroquine diphosphate, followed by 
a 5-hour incubation. For transfection, 81.6  µl of Trans-
porter 5 (Polysciences) was added to 420 µl of Opti-MEM 
(Thermo Fisher Scientific, 31985062). In parallel, 8.6  µg 
of psPAX2, 2.6  µg of pMD2.G, and 9.2  µg of the bar-
code plasmid library were mixed in 500 µl of Opti-MEM. 
Diluted Transporter 5 was added dropwise to the diluted 
DNA tube, inverted and incubated for 20  min before 
being added dropwise to the culture dish. Approximately 
18  h post-transfection, the medium was aspirated, cells 
were washed once with 1× DPBS, and fresh DMEM 
(5% FBS) was added. Virus-containing media were col-
lected at 48 and 72 h post-transfection and stored at 4 °C. 
After the final collection, pooled virus-laden media were 
centrifuged at 500 × g for 5  min and filtered through a 
0.45  μm PES filter. To concentrate the lentivirus, four 
volumes of virus-containing media were mixed with one 
volume of cold Lenti Concentrator (Origene, TR30025) 
and incubated overnight at 4  °C with constant rocking. 
The concentrated lentiviral particles were pelleted by 
centrifugation at 3,000 × g for 35 min at 4 °C and resus-
pended in cold, sterile 1× DPBS at 1/20th of the original 
media volume by gentle pipetting. The purified lentivirus 
was aliquoted and stored at -80 °C.

To transduce melanoma cells, freshly thawed lentiviral 
library and polybrene (final concentration 8 µg/mL) were 
added to dissociated cells, which were then plated in six-
well plates (225,000 cells in 1 mL of media per well) and 
centrifuged at 600 × g for 30  min at 32  °C. After over-
night incubation at 37  °C, the media was removed, cells 
were washed once with 1× DPBS, and 2 mL of TU2% was 
added to each well. Cells were then passaged into 10-cm 
dishes in the above-mentioned media. Dissociated cells 
were sorted by flow cytometry for mNeptune2.5-positive 
cells to achieve a multiplicity of infection (MOI) below 
0.4. Barcoded cells were expanded and divided into rep-
licates, with one replicate saved as the original control In 
vitro. 

Drug treatment
Stock solutions of 10 mM dabrafenib (NSC 764134, 
NCI) and 100 µM trametinib (NSC 758246, NCI) were 
freshly prepared in DMSO. For drug treatment, stock 
solutions were diluted in culture medium to final con-
centrations of 0.3 µM for dabrafenib and 30 nM for tra-
metinib. WM4237-1 cells were treated for one week, 
with either DMSO (vehicle control) or drug-containing 
medium refreshed every two days. Three replicates were 
pooled for both control and treatment conditions. Cells 
were trypsinized, washed, pelleted, and resuspended in 
100  µl dead cell removal antibody per 10  million cells 
(Miltenyi Biotec, Dead Cell Removal Kit). Following a 
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15-minute incubation at room temperature, LS columns 
were primed with 3 ml 1× dead cell removal buffer, and 
cells were washed with 2  ml buffer per 10  million cells, 
followed by four additional washes with 3  ml buffer. A 
final centrifugation at 250 × g for 5 min was performed, 
the supernatant was completely removed, and the pellet 
was resuspended in 80  µl PBS before transferring to an 
Eppendorf tube on ice. A final cell count was performed 
before proceeding to bulk RNA-seq and scRNA-seq.

Animal studies
All animal procedures were approved by the Institutional 
Animal Care and Use Committee (IACUC, #201546). For 
injections of barcoded WM4237-1 cells, 6-8-week-old 
male immunodeficient NSG mice were shaved on their 
lower back and injected subcutaneously into the right 
flanks (5 × 10⁵ in 100 µL RPMI: Matrigel (Corning), 1:1). 
The mice were received from the in-house breeding facil-
ity and housed under pathogen-free conditions. Tumor 
size monitoring was performed using caliper measure-
ment and calculated using the following formula volume 
= (W2 × L)/2, where W and L refer to the short and long 
tumor diameter, respectively. After tumors reached a vol-
ume of ~ 500  mm^3, BRAFi/MEKi treatment was initi-
ated with a rodent diet containing 150 mg/kg dabrafenib 
and 1.5  mg/kg trametinib (Bio-Serv, S7581). On Day 0, 
Day 21, Day 57 and day 91 (endpoint), mice were eutha-
nized by CO2 inhalation and tumors were dissected and 
cut into chunks for bulk RNA-seq and formalin-fixed 
paraffin-embedded (FFPE) samples.

Single-cell sample preparation
For single-cell sample preparation, tumor chunks from 
three replicates were pooled and minced, and 0.2–1 g of 
tissue was added to 5 ml dissociation solution consisting 
4.7 ml RPMI with 200 µl enzyme H, 100 µl enzyme R, and 
25 µl enzyme A (Miltenyi Biotec, Tumor Dissociation Kit) 
on ice. Samples sealed in C-tubes were proceeded onto 
the gentleMACS Octo Dissociator (Miltenyi Biotec) with 
a heating apparatus for 1 h. Following dissociation, 8 ml 
of serum-free media was added, and single-cell suspen-
sions were filtered through a 70 μm nylon mesh and cen-
trifuged at 250 × g for 7 min. The pellet was resuspended 
in 1 ml ACK Lysing Buffer (Quality Biological, 118-156-
101), incubated for 5  min, and then diluted with 9  ml 
serum-free media before a second centrifugation at 250 
× g for 5 min. The pellet was resuspended in 80 µl BSA 
buffer (0.25 g BSA in 50 ml PBS) per 2 million cells before 
adding 20 µl mouse antibody cocktail per 2 million cells 
(Miltenyi Biotec, Mouse Cell Depletion Kit). After 15 min 
of incubation at 4 °C, LS columns were primed with 3 ml 
BSA buffer, and the labeled cells were passed through, 
collecting the flow-through containing enriched human 
tumor cells. Cells were washed three times with 1  ml 

BSA buffer, centrifuged at 250 × g for 5 min. Dead cells 
were removed using the Dead Cell Removal Kit (Miltenyi 
Biotec) as described above. Purified human melanoma 
cells were resuspended in 80  µl PBS before transferring 
to an Eppendorf tube on ice. A cell count was conducted 
before proceeding to scRNA-seq.

Bulk RNA-seq
Libraries for whole transcriptome RNA sequencing were 
prepared using the Stranded Total RNAseq with Ribo-
zero Plus kit (Illumina, San Diego, CA) as per manu-
facturer’s instructions starting with an input of 700 ng 
of total RNA and 10 cycles of final PCR amplification. 
Library size was assessed using the 4200 Tapestation and 
the High-Sensitivity DNA assay (Agilent, Santa Clara, 
CA). Concentration was determined using the Qubit 
Fluorometer 2.0 (Thermofisher, Waltham, MA). Next 
Generation Sequencing with a paired-end 2 × 150 bp run 
length was done on the NovaSeq X platform (Illumina, 
San Diego, CA). A minimum of 30 M reads per sample 
was acquired for each sample.

Barcoded RNA-FISH
To validate the co-localization of SLC2A1 with the second 
most dominant clone (barcode suffix “​G​T​T​G​A​A​C​G​A​C​C​
A​C​A​A”), we used paired bulk RNA-seq and scRNA-seq 
to recover the full-length 265 bp barcode. A custom 5ZZ 
antisense probe set Syn-T2v3 (ACD 1588531-C1) was 
designed by the ACD Probe Design Team and synthe-
sized to target this barcode mRNA transcript for spatial 
mapping. Using the RNAscope™ Multiplex Fluorescent 
Reagent Kit v2 with TSA Vivid Dyes (ACD 323270), we 
visualized this persister subpopulation of barcode “​G​T​T​
G​A​A​C​G​A​C​C​A​C​A​A” and quantified the expression of the 
stress-like gene SLC2A1 (RNAscope® Probe Hs-SLC2A1, 
ACD 423141-C2) in tissue sections from WM4237-1 
endpoint tumor. A 5ZZ sense probe targeting the anti-
sense sequence of barcode “​G​T​T​G​A​A​C​G​A​C​C​A​C​A​A” 
(Syn-T2v3-sense, ACD 1587501-C1) was used as the neg-
ative control as non-specific staining.

These probes were used with TSA Vivid Fluorophore 
650 (ACD 323273) and TSA Vivid Fluorophore 570 (ACD 
323272), respectively. The slides were then imaged using 
a Leica TCS SP8 X WLL scanning confocal microscope 
by a 63x objective lens, a zoom of 2x, and laser settings 
at 405  nm for DAPI staining, and 550  nm and 649  nm 
for the two probes. Image analysis was performed by 
masking, patching, and counting patches with red mask, 
green mask and co-localized to determine an enrichment 
p-value. We segmented the RNA-FISH image to 4 × 4, 
6 × 6, 8 × 8, and 10 × 10 (non-overlapping) patches, to 
quantify co-localization of SLC2A1 with barcode “​G​T​T​G​
A​A​C​G​A​C​C​A​C​A​A” or non-specific control.
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Single-cell RNA-seq library preparation and read 
alignment
Single cell droplets were generated using the Chro-
mium Next GEM single cell 3’ kit v3.1 (10x Genomics). 
cDNA synthesis and amplification, library preparation, 
and indexing were performed using the 10x Genom-
ics Library Preparation kit (10x Genomics), according 
to the manufacturer’s instructions. The overall library 
size was determined using the Agilent Bioanalyzer 2100 
and the high-sensitivity DNA assay, and libraries were 
quantitated using KAPA real-time PCR. Libraries were 
pooled and sequenced on the NovaSeq 6000 (Illumina, 
San Diego, CA, USA) using an S2 300 cycle kit (Illumina), 
paired end run with the following run parameters: 26 bp 
× 8 bp (dual index) × 280 bp.

Reads alignment was performed using Cell Ranger 
v8.0.0 (10x Genomics). For in vivo PDX samples, raw 
sequencing reads were first aligned to a combined 
human-mouse reference genome (refdata-gex-GRCh38_
and_GRCm39-2024-A) to identify and exclude mouse-
derived reads. Cells with more than 20% of the reads 
mapped to the mouse genome were removed. For bar-
coded samples, the reads were aligned to a custom refer-
ence genome that included the barcode vector sequence 
integrated into the human genome (GRCh38-2024-A). 
All the other samples were aligned directly to the human 
genome (GRCh38-2024-A).

Clonal barcode extraction
Clonal barcodes and their corresponding 10x cell bar-
codes (CB tags) were retrieved from the BAM files gen-
erated using Cell Ranger. Reads containing barcode 
sequences were aligned to a pseudo-chromosome that 
represented the barcode vector. We have developed a 
clonal barcode extraction tool to automate this process. 
Briefly, the extractor first scans for the known 3’ sequence 
of the vector backbone (​C​A​G​A​T​C​T​T​A​G​C​C​A​C​T​T​T​T​T​A​
A​A​A​G​A​A​A​A​G​G​G​G​G; Table S1) to locate the start of the 
semi-random clonal barcode sequence in each read. The 
extracted clonal barcode sequences were subsequently 
processed through a series of quality control and correc-
tion steps, including removing empty vectors, short bar-
codes, barcodes with incorrect patterns, and cells with 
multiple barcodes. For each high-confidence barcode, the 
first 15 bases and their corresponding CB tags were com-
piled into a structured data frame (details are available on 
GitHub).

Computational analysis of scRNA-seq data
All scRNA-seq expression matrices were processed using 
the Seurat v5 [20]. The barcode information was incorpo-
rated into the cell metadata of each Seurat object. Cells 
were filtered out if they had fewer than 2,000 detected 
genes, more than 50,000 unique molecular identifiers 

(UMIs), or over 20% of the reads mapped to mitochon-
drial genes. Doublets were identified and removed using 
DoubletFinder v2.0.4 [21]. Cell cycle phase scores were 
calculated based on the canonical S and G2/M genes. 
After quality control, the samples were integrated and 
normalized using SCTransform [22]. Principal compo-
nent analysis (PCA) was performed, and the top 10 com-
ponents were retained based on the elbow point of the 
standard deviation plot for downstream analysis.

To better resolve the clonal architecture within each 
scRNA-seq sample, we used ClonoCluster v0.0.1 [23], 
an algorithm that integrates both transcriptomic profiles 
and clonal barcode identities into hybrid clusters. This 
approach replaced standard Louvain clustering and uni-
form manifold approximation and projection (UMAP) in 
the Seurat workflow, which did not produce optimal clus-
ter separation due to the absence of clonal barcode infor-
mation in its analysis. To fine-tune the impact of clonal 
barcode identity on the UMAP layout, we tested various 
Warp Factor (WF) values and determined that WF = 6 
provided the best balance between transcriptomic simi-
larity and clonal architecture.

Clonal barcode classification and Shannon diversity 
analysis
To assess the clonal dynamics of barcoded cells over 
time, we calculated the Shannon diversity index [24] for 
each sample based on the barcode abundance distribu-
tions. To classify individual barcode behaviors, we mod-
eled their longitudinal abundance trajectories across all 
time points using nonlinear least squares fitting. Two 
competing models were tested for each barcode: an expo-
nential decay model representing sensitive clones, and an 
exponential growth model representing persister clones. 
Barcodes best fit by the decay model (residual sum of 
squares, RSS < 0.1) were classified as Sensitive barcodes, 
whereas those better fit by the growth model (RSS < 0.1) 
were labeled as Persister barcodes. Barcodes that did not 
fit either model or remained at consistently low abun-
dance were classified as low-abundance barcodes.

Pseudotime trajectory inference
Pseudotime trajectory was performed using Mono-
cle3 v.1.4.26 [25] on scRNA-seq dataset of barcoded 
WM4237-1 endpoint tumors. Cells were clustered using 
UMAP embeddings derived from the ClonoCluster pipe-
line with default Monocle3 clustering resolution allow-
ing the algorithm to automatically determine optimal 
community structure. Trajectories were inferred using 
Monocle3 principal graph learning framework. The root 
node was manually defined at the centroid of the sensi-
tive clonal population to represent the transcriptionally 
sensitive state. Pseudotime values were subsequently cal-
culated for all cells, and pseudotime-ordered trajectories 
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were visualized to assess transcriptional state transitions 
during treatment.

Functional signature analysis by barcode group
To characterize the transcriptional programs and func-
tional signatures associated with distinct clonal popula-
tions, we redefined the ClonoCluster-derived clusters 
into five barcode groups. Each group comprised a unique 
and mutually exclusive set of barcodes.

For each barcode group, we performed differential gene 
expression analysis to identify upregulated genes (log2 
fold-change ≥ 1, detected in ≥ 50% of cells, and adjusted 
p-value < 0.05). These genes were subsequently submitted 
to the Enrichr platform for functional enrichment analy-
sis [26]. Hallmark, KEGG, and Reactome databases were 
queried to determine biological processes associated with 
each group’s transcriptional program.

After defining the representative functional signatures 
for each group, we selected key genes from the enriched 
pathways and calculated signature activity scores using 
AUCell [27] to validate the activity of these group-spe-
cific programs at single-cell level.

CIBERSORTx deconvolution analysis
Cell-type deconvolution of bulk RNA-seq data was per-
formed using CIBERSORTx (​h​t​t​p​​s​:​/​​/​c​i​b​​e​r​​s​o​r​​t​x​.​​s​t​a​n​​f​o​​r​
d​.​e​d​u), following the standard workflow. Single-cell ​R​N​
A​-​s​e​q data from WM4237 endpoint tumors were used 
to construct a custom reference signature matrix. Cells 
were grouped by barcode-defined clonal populations and 
used to derive representing transcriptional signatures for 
each subpopulation. This reference expression matrix 
was applied to bulk RNA-seq datasets for deconvolution 
to infer the relative proportions of each subpopulation 
across samples. CIBERSORTx was run with 1,000 per-
mutations to enable statistical significance estimation of 
inferred cell fractions, and only results with significant 
p-values were retained in downstream analyses.

SCENIC analysis
To infer the transcription factor activity and gene regu-
latory networks for each barcode group in the scRNA-
seq data, we performed single-cell regulatory network 
inference and clustering (SCENIC) analysis using pyS-
CENIC v0.12.1 [27]. Gene co-expression modules were 
first inferred using the GRNBoost2 algorithm [28]. These 
modules were then refined by filtering target genes 
based on motif enrichment within ± 10  kb of transcrip-
tion start sites using the hg38 motif collection as a ref-
erence. Next, regulon activity was quantified across all 
cells using AUCell for each regulon. The resulting activ-
ity scores were integrated into Seurat objects to identify 
the top differentially active regulons across barcode types 

(persister, sensitive, and low-abundance) and barcode 
groups defined from ClonoCluster.

Alternative polyadenylation analysis
To investigate the post-transcriptional regulation asso-
ciated with treatment response, we performed alterna-
tive polyadenylation analysis (APA) using MAAPER [29] 
by comparing BAM files from drug treated samples to 
non-treated samples (day 21, day 57, endpoint vs. day 0; 
BRAFi/MEKi vs. CTRL). The required polyadenylation 
site (PAS) annotation file for hg38 was obtained from ​h​t​
t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​V​i​v​i​​a​n​​s​t​a​​t​s​/​​d​a​t​a​​-​p​​k​g​/​​t​r​e​​e​/​m​a​​i​n​​/​M​A​A​P​
E​R​/​P​o​l​y​A​_​D​B. Genes with an adjusted p-value < 0.05 and 
log fold change > log (1.2) or < -log (1.2) were classified as 
lengthened or shortened, respectively.

InferCNV analysis
To infer chromosomal copy number variations (CNVs) 
across barcode groups, we performed inferCNV v1.20.0 
[30] on scRNA-seq data. The subcluster mode was used 
with both denoising and hidden Markov model (HMM) 
options enabled. The resulting CNV expression matrix 
was centered at 1. For each cell, a CNV score was cal-
culated as the proportion of genes of which the inferred 
CNV values deviated from the expected range (0.9–1.1), 
defined as:

	
CNV score = 1

N

∑ N

i=1
I(xi < 0.9 or xi > 1.1)

where xi is the inferred CNV value for gene i, N is the 
total number of genes analyzed, and I is the indicator 
function.

Computational analysis of spatial transcriptomics data
To examine the spatial organization of functional pro-
grams associated with barcode groups, particularly the 
intratumoral distribution of persister subpopulations, 
spatial transcriptomics was performed on a BRAFi/
MEKi-treated endpoint tumor using the 10x Genom-
ics Visium platform. The expression matrix and spatial 
coordinates were processed using Seurat v5, and spots 
with > 20% reads mapped to the mouse genome were 
excluded.

As barcode information was not available in the Visium 
samples, each spot was annotated based on the func-
tional signature with the highest AUCell enrichment 
score following normalization across all five signatures. 
For each annotated group, spatial autocorrelation was 
assessed using Moran’s Index statistic31. Cell-cell com-
munication between groups was inferred using CellChat 
v2.1.2 [32, 33] in the spatial mode.

https://cibersortx.stanford.edu
https://cibersortx.stanford.edu
https://github.com/Vivianstats/data-pkg/tree/main/MAAPER/PolyA_DB
https://github.com/Vivianstats/data-pkg/tree/main/MAAPER/PolyA_DB
https://github.com/Vivianstats/data-pkg/tree/main/MAAPER/PolyA_DB
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Computational analysis of bulk RNA-seq data
Raw sequencing data were aligned to the human refer-
ence genome (hg38) using STAR v2.7.11b [34] and gene-
level counts were quantified. Transcript abundance was 
normalized as transcript per million (TPM) for single-
sample gene set enrichment analysis (ssGSEA) [35]. To 
assess temporal dynamics, the enrichment scores of the 
functional signatures identified in each barcode group 
were evaluated across time points.

Analysis of acquired mutations
To assess the presence of acquired mutations following 
treatment, we applied the RNA_Mutect pipeline [36] to 
bulk RNAseq data. Whole-exome sequencing (WES) was 
performed on matched normal peripheral blood mono-
nuclear cell (PBMC) samples.

Identified variants were functionally annotated using 
ANNOVAR [37], incorporating both the refGene and 
dbNSFP databases. This comprehensive annotation 
enabled the identification of potentially deleterious 
mutations by detecting variants absent in pre-treatment 
samples and recurrent across multiple post-treatment 
samples.

Permutation-based analysis of recurrent gene- and 
pathway-level mutations
To test for genetically convergent resistance, we analyzed 
acquired somatic mutations called by RNA-MuTect from 
bulk RNA-seq of six independent endpoint tumors. For 
each tumor, the mutated gene set comprised unique 
genes with at least one post-treatment coding mutation 
absent from pre-treatment samples.

Gene-level recurrence was quantified as the number of 
tumors in which a given gene was mutated. Significance 
was assessed by permutation testing that preserved each 
tumor’s mutation burden. For each permutation, mutated 
gene sets were randomly sampled without replacement 
from a background universe of expressed genes while 
matching the number of mutated genes per tumor, and 
empirical p-values were calculated as the fraction of per-
mutations with recurrence at least as high as observed.

Pathway-level recurrence was defined as the number 
of tumors in which at least one mutated gene mapped to 
a KEGG pathway. Permutations were performed analo-
gously using the same burden-preserving randomized 
gene sets, with empirical p-values calculated as above 
and FDR estimated across pathways using Benjamini–
Hochberg procedure.

Alignment and analysis of mouse originated reads
To assess mouse stromal cell associated transcriptional 
signals in bulk RNA-seq data, sequencing reads were 
aligned to the mm39 mouse reference genome using 
STAR v2.7.11b, and gene-level counts were quantified 

and normalized to transcripts per million (TPM). For 
each time point, mean TPM values of curated marker 
gene sets for mouse fibroblasts, endothelial cells, peri-
cytes, and macrophages were calculated. Average expres-
sion levels were visualized by bar plots to illustrate 
temporal changes in stromal transcriptional programs 
during treatment.

Statistical tests
All statistical analyses were performed using R v4.4.0. 
Only post hoc false discovery rate (FDR) adjusted p-val-
ues less than 0.05 were considered significant.

Results
Development of MeRLin for integrated single-cell lineage 
tracing and transcriptomic profiling
Phenotypic heterogeneity in cancer cell populations 
provides the foundation for clonal selection, particu-
larly under drug pressure. Both Darwinian selection 
of pre-existing resistant clones and Lamarckian induc-
tion of drug-tolerant mechanisms can contribute to the 
development of DTP cells [1]. We developed MeRLin, a 
high-complexity lentiviral barcoding system designed 
to simultaneously track clonal dynamics and transcrip-
tional states at single-cell resolution (Fig.  1A and S1A-
S1C). The vector backbone encodes firefly luciferase and 
far-red fluorescent protein mNeptune2.519, enabling in 
vivo imaging [18] (Methods and Fig. S1D). Lineage trac-
ing is achieved by sequencing clone-specific transcribed 
barcodes within the 3′-untranslated region (UTR) of 
luciferase and mNeptune2.5 mRNAs (Methods). These 
barcodes consist of 265  bp semi-random sequences, 
allowing selected cancer subpopulations to be visualized 
using targeted RNA fluorescence in situ hybridization 
(RNA-FISH) (Table S1).

We constructed a MeRLin library of 2.89  million 
barcodes and transduced WM4237-1 melanoma cells 
with a multiplicity of infection (MOI) less than 0.4 to 
ensure each cell carried a unique barcode (Methods; 
Table S2). WM4237-1 was derived from a 28-year-old 
female patient with a BRAF V600E mutation prior to 
BRAFi/MEKi treatment [38] (Table S3). Four biopsies 
(WM4237-1 to -4) collected from the same patient at 
2-4-month intervals shared identical mutation profiles 
(BRAFV600E, RB1N690fs, TP53S241), despite treatment 
with dabrafenib and trametinib combination therapy 
(best response: stable disease) administered between 
WM4237-1 and WM4237-2 [38]. Infected WM4237-1 
cells were sorted for mNeptune2.5-positive populations 
using flow cytometry (Methods). The barcoded popula-
tions were expanded and divided into replicates, with one 
replicate saved as the original control.
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Resistant clones arise from minor populations present 
prior to treatment
We first analyzed the clonal selection of barcoded 
WM4237-1 cells under BRAFi/MEKi in vitro (Fig.  1A). 
Cell replicates were treated with 0.3 µM dabrafenib 
and 30 nM trametinib for a week, resulting in 20–30% 
survival of resistant cells (Methods). We performed 

scRNA-seq on both the BRAFi/MEKi-treated and con-
trol cells (Fig.  1B). Inferred cell cycle phase analysis 
revealed that treated cells exhibited G1 cell cycle arrest 
(Fig.  1C; Methods) and upregulation of melanocytic 
markers, including EDNRB, DCT, and TYRP1 (Fig. S2A), 
indicating a more differentiated transcriptional state [39]. 
Single-cell regulatory network inference and clustering 

Fig. 1  Distinct clonal fates are associated with variable transcriptional programs. (A) Schematic representation of the MeRLin construct and experimental 
workflow [41]. The vector encodes firefly luciferase and fluorescent protein mNeptune2.5. Lineage tracing is enabled by semi-random barcodes (BC) tran-
scribed within the 3′ untranslated region of the mRNAs. WM4237-1 melanoma cells were transduced with the MeRLin barcode library. EF1α, elongation 
factor 1α; T2A, self-cleaving peptide; WPRE, woodchuck hepatitis virus post-transcriptional regulatory element; PolyA, polyadenylation signal. (B) Uniform 
manifold approximation and projection (UMAP) visualization of BRAFi/MEKi-treated (red) and control (CTRL, blue) WM4237-1 cells based on scRNA-seq 
data. (C) Distribution of cell cycle phases inferred from scRNA-seq. P < 2.2 × 10⁻¹⁶, two-tailed Fisher’s exact test. (D) Shannon diversity index comparing 
barcode diversity between CTRL and BRAFi/MEKi-treated cells. P < 2.2 × 10⁻¹⁶, two-tailed Hutcheson’s t-test. (E) Lineage tracing of BRAFi/MEKi-treated cells 
to their corresponding control cells (CTRL), quantified by the relative abundance of individual barcodes. (F) UMAP visualization highlighting sensitive 
(blue) and resistant (red) clones following BRAFi/MEKi treatment. (G) Differential expression analysis comparing resistant large-sized clones (> 15 cells), 
resistant small-sized clones (≤ 15 cells), and sensitive clones, revealing distinct transcriptional programs. (H) Statistical significance for differential expres-
sion analyses. * P < 0.05, ** P < 0.01, *** P < 0.001; two-tailed Wilcoxon rank-sum test
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(SCENIC) analysis was employed to infer gene regulatory 
networks from the scRNA-seq data (Methods; Fig. S2B). 
MYC activity was higher in control cells, whereas JUN 
regulatory activity was increased in BRAFi/MEKi-treated 
cells (Fig. S2C).

Barcode reads were directly retrieved from scRNA-
seq data, enabling lineage tracing of treated cells back to 
their corresponding origins in the vehicle control (Meth-
ods). This approach allowed simultaneous lineage tracing 
and direct comparison of transcriptional states between 
treated and control cells. Following BRAFi/MEKi treat-
ment, barcode diversity was markedly reduced, with less 
than 25% of control cells surviving drug pressure (Fig. 
S2D). Consistently, the Shannon index, which measures 
barcode richness and evenness (Methods), showed a 
moderate reduction in barcode diversity in treated cells 
compared to controls (Fig.  1D). The dominant resistant 
clones originated from minor subpopulations present 
prior to treatment (Fig.  1E). Sensitive clones declined 
substantially following BRAFi/MEKi treatment (Fig.  1F, 
left and S2E), whereas resistant clones expanded (Fig. 1F, 
right and S2E). Because the most sensitive clones were 
completely eliminated by BRAFi/MEKi, only relatively 
sensitive clones remained detectable after treatment.

To identify the cellular expression programs associated 
with resistant clones, we analyzed differentially expressed 
gene sets in these cells (Methods). Resistant clones 
were separated into large-sized (> 15 cells) and small-
sized (≤ 15 cells) groups using a published approach [4], 
enabling clearer distinction of expression patterns associ-
ated with different levels of drug resistance. Our analysis 
showed relative enrichment of oxidative phosphoryla-
tion (OXPHOS) in resistant clones (Fig.  1G). Although 
OXPHOS-related genes were downregulated in both 
sensitive and resistant clones following BRAFi/MEKi 
treatment, the reduction was most pronounced in sensi-
tive clones. In the post-treatment setting, OXPHOS sig-
natures remained enriched in both large- and small-sized 
resistant clones, distinguishing them from sensitive pop-
ulations. In contrast, resistant clones exhibited marked 
downregulation of TGFβ (transforming growth factor 
β) pathway activity following BRAF/MEK inhibition, 
whereas sensitive clones retained active TGFβ signaling 
under the same conditions (Fig.  1G). Although expres-
sion of BCL2L1, PIK3CB, and STAT2 increased across 
all treated cells compared to pre-treatment, these genes 
were expressed at higher levels in the most resistant 
clones compared with relatively sensitive cells (Fig. 1H). 
Notably, the corresponding control cells of the resistant 
clones largely lacked distinct transcriptional programs 
(Fig. 1F, right), suggesting that cancer cell heterogeneity 
may stem from stochastic and transient fluctuations in 
survival-associated genes and pathways [40].

In vivo lineage tracing reveals clonal dynamics during MRD 
and recurrence
We leveraged the patient-derived xenograft (PDX) model 
WM4237-1 [38] (Table S3), which recapitulates the 
patient’s response to BRAFi/MEKi therapy, initially show-
ing strong sensitivity until relapse. Replicates of MeRLin-
barcoded WM4237-1 cells were injected subcutaneously 
into the right flanks of immunodeficient NSG (NOD-scid 
IL2Rgammanull) mice and formed tumors (Fig. 2A; Meth-
ods). The barcoded tumors initially responded to BRAFi/
MEKi treatment but relapsed after approximately three 
months (Fig. 2B; Methods).

We performed longitudinal analyses of WM4237-1 
tumors collected at defined stages of treatment, including 
pre-treatment (day 0), early MRD (day 21), late MRD or 
pre-recurrence (day 57), and the resistant endpoint. Bulk 
RNA-seq was performed on the original control, three 
biological replicates each from day 0, day 21, and day 57, 
and six replicates from endpoint tumors (Fig. S3A). Bar-
code sequences extracted from bulk RNA-seq data were 
used to infer changes in clonal composition over time 
(Table S4; Methods). Approximately 22% of barcodes 
from pre-treatment tumors were detected in recurrent 
tumors following prolonged BRAFi/MEKi treatment (Fig. 
S3B). Consistent with this, Shannon diversity decreased 
at early MRD relative to pre-treatment and declined fur-
ther by the pre-recurrence stage, reaching levels compa-
rable to those observed in resistant tumors (Fig. S3C). 
Only six of approximately 200 barcodes were shared 
across all six recurrent tumor replicates (Fig. S3D), sug-
gesting that tumor recurrence is unlikely to be driven 
predominantly by pre-existing resistant clones detectable 
in pre-treatment tumors [42].

We quantified the barcoded subpopulations by nor-
malizing their proportions to the corresponding tumor 
volumes and global transcriptional activity across time 
points (Methods and Fig. S3F). Clonal dynamics were 
classified into three categories (Fig. 2C): (1) persister sub-
populations, which initially responded to treatment but 
persisted and expanded during the MRD stage, ultimately 
dominating tumor recurrence; (2) sensitive subpopula-
tions, which declined substantially following BRAFi/
MEKi treatment; and (3) low-abundance subpopulations, 
characterized by low and fluctuating counts across time 
points, exhibited limited representation at tumor recur-
rence. The stacked plot illustrates the clonal dynamics of 
all three subpopulations, showing that dominant resis-
tant clones primarily arose from minor subpopulations in 
pre-treatment tumors, whereas sensitive subpopulations 
declined substantially following treatment (Fig. 2D).

Among the six shared barcodes, three subpopulations 
belonged to persister cells (Fig. S3E), while the other 
three were classified as low-abundance subpopulations. 
Our analysis distinguished adaptive mechanisms from 
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pre-existing resistance, supporting a predominant role 
for adaptive mechanisms in melanoma recurrence.

We applied RNA-MuTect to detect newly acquired 
somatic mutations in exons from bulk RNA-seq data 
of six resistant endpoint tumor replicates (Methods; 

Table S5). Although all tumors relapsed within approxi-
mately three months and each accumulated 200 to 300 
genetic alterations in the coding regions, no recurrent 
mutations were shared across all samples (Fig. S3G). To 
assess whether mutation recurrence exceeded chance 

Fig. 2  Clonal dynamics during BRAFi/MEKi treatment in a melanoma PDX model. (A) Experimental outline [41]. (1) MeRLin-barcoded WM4237-1 cells 
were injected subcutaneously into the right flanks of NSG mice. (2) BRAFi/MEKi treatment and tumor progression. (3) Tumors were harvested at multiple 
time points. (4) Transcribed barcodes were sequenced and visualized in situ by RNA-FISH. Pie charts illustrate changes in barcode composition during 
treatment. Tumor (mouse) numbers per time point: day 0 (pre-treatment), n = 3; day 21 (early MRD), n = 3; day 57 (late MRD or pre-recurrence), n = 3; 
endpoint (resistant), n = 6 (Table S4, bulk RNA-seq). (B) Growth curves of barcoded WM4237-1 tumors before and during BRAFi/MEKi treatment. (C) Nor-
malized abundance of individual barcodes revealing distinct clonal fates, including persister subpopulations that initially responded to treatment but 
persisted and expanded during treatment (red), sensitive subpopulations that declined substantially following treatment (green), and low-abundance 
subpopulations that fluctuated without dominating resistant tumors (blue). (D) Stacked plot illustrating longitudinal clonal dynamics contributing to 
tumor recurrence during BRAFi/MEKi treatment. (E) Top, pie chart illustrating the hierarchical clonal composition of endpoint tumors based on scRNA-
seq data, n = 3 (Table S4, scRNA-seq). The 15-bp barcode suffixes of the five most abundant clones are shown, with barcodes ranked 6–10, 11–20, minor 
populations, and singletons grouped accordingly. Bottom, normalized abundance of the top-ranked barcodes (rank 1–3) across prolonged treatment. (F) 
UMAP visualization of single-cell transcriptomes from pooled scRNA-seq data at day 0 (pre-treatment) (crimson red), day 21 (early MRD) (emerald green), 
and endpoint (resistant) (navy blue). (G) Proportion of cells in each inferred cell-cycle phase across time points. *** P < 0.001; two-tailed Fisher’s exact test. 
(H) UMAP colored by inferred cell-cycle phases, showing the distribution of G1 (royal blue), S (orange), and G2/M (brick red) cells. (I) UMAP visualization 
of endpoint tumor subpopulations classified as persister (red), sensitive (green), and low-abundance (blue) cells
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expectations, we performed permutation analyses at 
both gene and pathway levels [43] (Methods). At the gene 
level, although 9 genes including SZT2, were mutated in 
4 of 6 replicates, recurrence was consistent with random 
chance (empirical p ≈ 0.13), with no mutated genes shared 
across 5 or 6 replicates. At the pathway level, we quanti-
fied recurrence as the number of endpoint replicates in 
which a KEGG pathway contained at least one mutated 
gene and applied permutation test that preserved each 
replicate’s mutation burden and sampled genes from the 
same background (Methods; Table S6). Although several 
pathways appeared recurrent in all replicates (R = 6/6), 
none remained significant after multiple-testing correc-
tion (minimum empirical p ≈ 6 × 10⁻⁴; FDR ≈ 0.11), includ-
ing canonical cancer pathways such as MAPK and WNT 
signaling, indicating no pathway-level genetic conver-
gence beyond chance.

Single-cell analysis characterizes transcriptional states of 
persisters over time
We performed scRNA-seq on samples from treatment 
day 0, day 21, and the endpoint, pooling three replicate 
tumors per time point to characterize transcriptomic 
changes over time (Methods; Table S4). Since the sample 
preparation, sequencing workflow, and data processing 
differ between bulk RNA-seq and scRNA-seq, the abso-
lute barcode read counts are only technically comparable 
within the same sequencing method. Barcode sequences 
extracted from scRNA-seq data were subjected to filter-
ing steps including removal of UMI duplicates, empty 
vectors, short barcodes, barcodes with incorrect pat-
terns, and cells containing multiple barcodes (Methods). 
To facilitate comparison with other barcoding technolo-
gies, we reported barcode performance metrics for both 
the in vitro and in vivo scRNA-seq datasets, including the 
average number of UMIs supporting each barcode call 
per cell (Fig. S4A-E), and the fraction of cells with a confi-
dent barcode assignment after quality control (Table S4).

Through scRNA-seq data, Shannon index similarly 
demonstrated a decrease in barcode diversity on day 
21 compared to the pre-treatment tumor, and a further 
decline in the recurrent tumor (Fig. S4F). We detected 
261 unique barcodes in the recurrent tumor, compared 
to 1,127 unique barcodes in the pre-treatment tumor, 
indicating that only 23% of the initial subpopulations 
survived prolonged BRAFi/MEKi therapy (Table S4). 
Resistant clones at the endpoint displayed a hierarchi-
cal distribution, with the most dominant clone compris-
ing 11.3% of the cells from the three pooled tumors, and 
the top five persister lineages collectively accounting for 
40% of the cells in recurrent tumors (Fig. 2E). The three 
top-ranked persister subpopulations underwent expo-
nential growth during prolonged BRAFi/MEKi treatment 
(Fig. 2E; Methods).

Uniform manifold approximation and projection 
(UMAP) showed distinct transcriptional states between 
early MRD (day 21) and pre-treatment (day 0) tumors, 
whereas cells from the resistant (endpoint) tumors were 
located across both transcriptional states (Fig.  2F). The 
top three principal components (PC1-3) accounted for 
over 66% of the total transcriptomic variance (Table 
S7). PC1 was strongly enriched for cell cycle-associated 
genes (e.g., MKI67, TOP2A, and BIRC5), indicating that 
proliferative activity was a major factor distinguishing 
these longitudinal samples. Cell cycle phases inferred 
from scRNA-seq data demonstrated a higher propor-
tion of cycling cells in G2/M and S phases in the popu-
lations of day 0 and endpoint tumors, while day 21 cells 
predominantly exhibited G1 cell cycle arrest (Fig.  2G; 
Methods). The corresponding UMAP illustrates how 
inferred cell-cycle phases contribute to transcriptional 
heterogeneity across time points (Fig. 2H). Barcode reads 
from single cells were quantified across time points using 
an approach similar to that applied to the bulk RNA-seq 
data, and cell populations were classified as persister, 
sensitive, or low-abundance subpopulations (Methods). 
Differential expression analysis comparing the low-abun-
dance group with sensitive subpopulations did not iden-
tify any significant genes at any of the three time points 
using the specified thresholds (log2 fold-change ≥ 0.25 or 
≤ − 0.25, cell percentage ≥ 10%, FDR < 0.05). UMAP visu-
alization of endpoint tumor subpopulations defined by 
clonal fate showed that persister cells were preferentially 
distributed within transcriptional states characteristic 
of endpoint tumors (Fig. 2I and F). In contrast, inferred 
cell-cycle phase distributions did not differ significantly 
among persister, sensitive, and low-abundance subpopu-
lations at the endpoint (Fig. S4G).

Integrated lineage-transcriptome analysis identifies 
diverse persister programs
We applied ClonoCluster [23], a clustering algorithm that 
integrates clonal identity and transcriptomic similarity, 
to generate hybrid clusters from scRNA-seq data inde-
pendently at each time point (Fig. S5A-S5C; Methods). 
The resulting hybrid clusters were used to improve clus-
ter resolution and facilitate marker identification [23]. 
By adjusting the contribution of clonal barcode identity 
within the UMAP embedding, ClonoCluster improved 
the separation of hybrid clusters (Fig.  3A; Methods). In 
the recurrent tumors, five barcode-defined groups were 
identified (Fig.  3B, left). Interestingly, barcode groups 
1–4 corresponded to persister subpopulations defined by 
clonal fate (Fig. 3B, right), whereas barcode group 5 pref-
erentially comprised sensitive and low-abundance sub-
populations (Fig. 3B, right and S5D).

Examining cell cycle phases, we found that in recur-
rent tumors, persister subpopulations from groups 2 to 
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4 showed a significantly higher fraction of cycling cells in 
the G2/M and S phases, whereas sensitive and low-abun-
dance subpopulations in group 5 predominantly under-
went G1 cell cycle arrest (Fig. 3C; Methods). Pseudotime 
analysis revealed a continuous, branched transcrip-
tional trajectory rather than a single linear progression, 

consistent with adaptive plasticity under treatment 
(Methods). The inferred trajectory indicated that bar-
code group 3 represented an extension of barcode group 
2, whereas barcode groups 1 and 4 were preferentially 
enriched along distinct branches (Fig. 3D).

Fig. 3  Distinct transcriptional programs characterize persister subpopulations. (A) ClonoCluster integration of clonal barcode identity (colored) with 
transcriptomic information (grey). UMAPs illustrate the effect of increasing Warp Factor values (0, 6, and 10) on the structure of endpoint tumor scRNA-seq 
data (Methods). (B) UMAP visualizations of hybrid clusters integrating clonal and transcriptomic information (left) and corresponding clonal fate assign-
ments (right). Barcode groups 1–4 (red, blue, green, brown in the left panel) correspond to persister subpopulations (red in the right panel), whereas bar-
code group 5 (gray in the left panel) comprises sensitive (green in the right panel) and low-abundance (blue in the right panel) subpopulations. n, number 
of unique barcodes per group. (C) Proportion of cells in each inferred cell-cycle phase. *** P < 0.001; two-tailed Fisher’s exact test. (D) UMAP projection 
of single cells colored by inferred pseudotime values. Black curves indicate the inferred trajectory backbone. (E) UMAPs recolored by expression of the 
melanoma differentiation markers MITF and TYRP1. (F) Functional enrichment terms for barcode groups 1–4 identified in (B). P-values were determined 
using two-tailed Fisher’s exact tests (Table S10). (G) AUCell scores (color scale) for the top functionally enriched programs per barcode group projected 
onto the UMAP (Table S9). (H) Discriminative marker genes (5–7 genes per group) for each barcode group (Table S8, Endpoint). Fold change ≥ 2, cell 
percentage ≥ 50%, and FDR < 0.05. (I) UMAPs showing expression of SERPINE2, DUSP4, and FXYD3 within barcoded subpopulations
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We detected a wide variability in the expression lev-
els of MITF, a key regulator of melanoma differentiation 
[44], across all subpopulations in the recurrent tumor 
(Fig. 3E, top). Persister cells from group 1 exhibited the 
lowest MITF expression, consistent with a more dediffer-
entiated state relative to other groups. We also observed 
that TYRP1, a differentiation marker and MITF target 
gene, was highly expressed in the sensitive and low-
abundance subpopulations of barcode group 5. (Fig. 3E, 
bottom). Similarly, additional differentiation markers 
including DCT and EDNRB, were enriched in these sub-
populations (Fig. S6A).

To characterize the cellular expression programs 
underlying persister subpopulations, we identified dif-
ferentially expressed genes in each barcode group (Meth-
ods; Table S8, Endpoint). EnrichR pathway analysis was 
used to functionally annotate each cluster (Methods; 
Table S9), revealing that group 1 was enriched for stress-
like signatures [45], groups 2 and 3 shared neural crest 
stem-like (NC-like) features [45], and group 4 was asso-
ciated with extracellular matrix (ECM) remodeling states 
(Fig. 3F and Table S10). The activities of these expression 
programs were measured using AUCell and projected 
onto UMAP space (Fig.  3G; Methods). The transcrip-
tional states of groups 2 and 3 were associated with 
lipid metabolism and PI3K signaling, respectively [46] 
(Fig. 3F-G and Table S9).

Notably, the most dominant barcode (Fig.  2E, top 1) 
corresponded to the lipid metabolism state (Fig. S5E and 
3G), barcodes ranked 2 to 5 mapped to the stress-like 
program (Fig. S5E and 3G), and the sixth-ranked bar-
code corresponded to the ECM remodeling state (Fig. 
S5E and 3G). To confirm representation of dominant 
barcodes in the pooled scRNA-seq dataset (Fig. 2E), we 
examined bulk RNA-seq-derived barcode frequencies 
for each of the three endpoint tumor replicates. Barcodes 
ranked 1–4 were found among the top five barcodes in at 
least one individual tumor replicate (Fig. S4H). Because 
bulk RNA-seq and scRNA-seq differ in sample process-
ing, library preparation, and data analysis, barcode read 
counts are directly comparable within the same sequenc-
ing platform and not necessarily across platforms.

We performed CIBERSORTx deconvolution analysis 
of these persister states across 6 endpoint bulk RNA-
seq replicates (Methods). These persister states were 
detected across nearly all tumor replicates (Table S11), 
suggesting that tumor recurrence is associated with con-
vergence onto shared persister programs. Applying the 
same deconvolution analysis to longitudinal PDX sam-
ples WM4237-1 to WM4237-4, with BRAFi/MEKi ther-
apy administered between WM4237-1 and WM4237-2, 
revealed a higher overall correlation of the four persister 
states in the post-treatment sample WM4237-2 than in 
the pre-treatment sample WM4237-1 (Table S11).

Persister cells engage diverse programs to drive resistance
Persister cells from barcode group 1 exhibited a stress-
like transcriptional program marked by increased expres-
sion of BNIP3 and PDK1, together with elevated ATF4, 
SLC2A1, ALDOA, and P4HA1 (Fig.  3H and S6B; Table 
S8, Endpoint). Cells from barcode groups 2 and 3 shared 
a transcriptional signature consistent with a neural 
crest stem-like state [45] (Fig. 3G), including expression 
of dedifferentiation-associated genes such as MCAM 
(CD146), HEY1, and SPP1 (osteopontin) (Fig.  3H and 
S6C; Table S8, Endpoint). Although these NC-like sub-
populations partially overlapped, they displayed distinct 
molecular features. Barcode group 2 showed preferen-
tial enrichment of lipid metabolism-related genes such 
as FASN and APOE (Fig. 3H and S6D), whereas barcode 
group 3 were enriched for PI3K signaling-associated 
markers, including AKT3 and the receptor tyrosine 
kinase FGFR1 (Fig. 3H and S6E; Table S8, Endpoint). Per-
sister cells from barcode group 4 showed enrichment of 
genes involved in extracellular matrix (ECM) remodel-
ing, including ECM1, VCL (vinculin), and MET (c-MET) 
(Fig. 3H and S6F; Table S8, Endpoint).

Furthermore, MeRLin-enabled transcriptomic profiling 
identified approximately 200 persister-enriched marker 
genes with significantly elevated expression across four 
persister subpopulations compared with sensitive and 
low-abundance subpopulations (Table S8, Endpoint, 
barcode groups 1–4). These persister subpopulations 
showed increased expression of SERPINE2, DUSP4, and 
DUSP6 (Fig. 3I and S6G). In addition, we identified dif-
ferentially expressed cell surface markers, including 
MCAM (CD146), CSPG4, ITGA6/ITGA7, and FXYD3 
(Fig. S6C and S6G), with FXYD3 showing consistently 
increased expression across all persister groups (Fig. 3I).

Distinct transcriptional regulators characterize persister 
states
SCENIC analysis revealed clear distinctions among 
stress-like, lipid metabolism, PI3K signaling, ECM 
remodeling, and melanocytic states (Methods; Fig. S6H). 
Specifically, ATF4 was identified as the putative regula-
tor of the stress-like state [47], ETV5 for lipid metabolism 
[48], LEF1 for PI3K signaling [49], and JUN for mela-
nocytic state [50], respectively (Fig.  4A). Unsupervised 
analysis predicted ETS1 as the transcription factor driv-
ing ECM remodeling in melanoma [51] (Table S12). A 
set of ETS1 target genes were identified, including VCL 
and MET (Fig. 4B; Methods). Notably, five of the top ten 
genes most highly expressed in group 4 were ETS1 tar-
gets, supporting a potential role for ETS1-regulated ECM 
remodeling programs in melanoma resistance. Higher 
ETS1 expression was also associated with poorer patient 
survival in TCGA dataset (Fig. 4C).
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Post-transcriptional regulation and copy number variation 
in persister subpopulations
Next, we investigated the post-transcriptional mecha-
nisms underlying adaptive resistance. scRNA-seq data 
were used for mining alternative polyadenylation (APA) 
isoform expression, which is a widespread regula-
tory mechanism that generates distinct 3′ transcript 
ends and is closely linked to cell identity, proliferation, 
and differentiation [52] (Methods). We observed both 
3′UTR lengthening and shortening at early MRD (day 
21) compared to pre-treatment (day 0) tumors, as well 

as in BRAFi/MEKi-treated melanoma cells compared 
with controls in vitro (Fig.  4D), indicating that alterna-
tive polyadenylation is actively modulated during early 
treatment response. However, with prolonged treatment, 
recurrent (endpoint) tumors showed globally shortened 
transcript isoforms, indicating that this shift may reflect 
the development of tumor resistance rather than a drug-
induced effect observed at early MRD or in treated cells.

The copy number variation (CNV) content of each bar-
code group was ascertained from scRNA-seq data using 
inferCNV (Methods), indicating higher somatic copy 

Fig. 4  Regulatory features associated with adaptive resistance. (A) SCENIC analysis identifying transcriptional regulators enriched in each barcode group. 
(B) Regulon activity of ETS1 and its predicted target genes in the ECM remodeling state. (C) Kaplan-Meier analysis of TCGA melanoma patients showing 
an association between higher ETS1 expression and worse survival (P = 0.018). (D) Alternative polyadenylation analysis showing changes in 3′UTR length 
distributions across in vitro treatment and in vivo time points, compared to control cells and pre-treatment tumors. *** P < 0.001; two-tailed Fisher’s 
exact test. (E) Copy number variation scores across barcode groups shown on the left. *** P < 0.001; two-tailed t-test. Associations between CNV scores 
and gene expression within each barcode group are shown on the right using Spearman’s rank correlation coefficients. rs1 = 0.21, P1 = 0.047; rs3 = 0.28, 
P3 = 0.012 (median rs, subscripts indicate barcode groups). (F) Copy number variation of BRAF across barcode groups shown on the left. Spearman’s rank 
correlations between BRAF CNV and expression are shown for each barcode group, with UMAP visualization of BRAF expression shown on the right. 
rs1 = 0.44, rs2 = 0.56, rs3 = 0.65, rs4 = 0.23, rs5 = 0.29, (subscripts indicate barcode groups), *** P < 0.001. (G) Copy number variation of CCND1 across barcode 
groups shown on the left. Associations between CCND1 CNV and gene expression are shown using Spearman’s rank correlation coefficients, with UMAP 
visualization of CCND1 expression shown on the right. rs1 = 0.23, rs2 = 0.1, rs3 = 0.17, rs4 = 0.13 (subscripts indicate barcode groups). * P < 0.05, ** P < 0.01, 
*** P < 0.001
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Fig. 5 (See legend on next page.)
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number alterations in barcode groups 3 and 4 (Fig.  4E, 
left). In group 3, higher gene expression was significantly 
correlated with CNV, whereas no such correlation was 
observed in group 4 (Fig.  4E, right). Notably, increased 
BRAF expression was strongly associated with its copy 
number amplification in groups 2 and 3 (Fig.  4F), indi-
cating that these persister subpopulations may sustain 
MAPK pathway activity through genomic amplification. 
In contrast, elevated expression of CCND1 (cyclin D1), 
a key cell-cycle regulator, showed only a weak correla-
tion with its CNV in groups 2 and 3 (Fig. 4G), suggesting 
that CCND1 upregulation is likely driven by transcrip-
tional or post-transcriptional mechanisms rather than 
genomic changes. To determine whether the inferred 
CNVs were clonal or subclonal, we reconstructed a heat-
map of inferred copy-number variation profiles with 
genes ordered by genomic position and cells ordered by 
barcode groups (Fig. S6I). Large-scale CNV signals were 
continuous, highly consistent within individual barcode 
groups and were distinct across barcode groups, support-
ing a predominantly clonal, rather than subclonal origin 
of the inferred CNV patterns.

Longitudinal clonal tracking reveals progressive 
diversification of persister programs
Persister barcode groups identified in endpoint 
WM4237-1 tumors were longitudinally tracked by align-
ing exact barcode sequences to barcode reads detected at 
earlier time points, and transcriptional features of each 
barcode group were analyzed independently at each time 
point (Methods). Using ClonoCluster, which integrates 
clonal barcode identity with single-cell transcriptomic 
similarity, persister barcode groups 1 and 2 were detected 
at early MRD (day 21) (Figs. 3B and 5A). In contrast, bar-
code groups 3 and 4 were sparsely represented at this 
stage, consistent with the higher relative abundance of 
sensitive and low-abundance subpopulations during early 
MRD (Fig. S5F). Despite application of ClonoCluster, no 
transcriptionally distinguishable barcode groups were 
resolved at pre-treatment (day 0) (Fig. S7A and Fig. S5G), 
indicating limited clonal divergence prior to therapy.

At the early MRD stage, barcode group 1 exhibited 7 
differentially expressed genes relative to other groups 

(Table S8, day 21), including upregulation of TYRP1 
(Fig. 5A), which is associated with a more differentiated 
transcriptional profile [39]. By contrast, at the endpoint, 
barcode group 1 showed the lowest MITF activity among 
all subpopulations (Fig. 3E), consistent with a more dedif-
ferentiated state. Together, these observations indicate a 
phenotypic shift of barcode group 1 between early MRD 
and tumor recurrence, rather than a fixed persister iden-
tity established at early stages.

At early MRD, the 5 differentially expressed genes iden-
tified in barcode group 2 included APOC1 (Table S8, day 
21), which is associated with the lipid metabolism state 
(Table S9). Similarly, the 13 differentially expressed genes 
detected in barcode group 4 at early MRD included MET 
(Table S8, day 21), a gene associated with ECM remodel-
ing (Table S9). These transcriptional features were weakly 
represented at early MRD and became more prominent 
at tumor recurrence. In contrast, no significantly differ-
entially expressed genes were detected in barcode groups 
3 or 5 at the early MRD stage.

Using bulk RNA-seq data, we profiled persister pro-
grams across multiple time points during BRAFi/MEKi 
treatment in the WM4237-1 model, including day 57 
(Fig. 5B and Fig. S7B; Methods). At the bulk level, these 
programs were detected in pre-treatment tumors, 
showed reduced representation at early MRD (day 21), 
and exhibited higher representation at late MRD (day 57) 
and tumor recurrence. In parallel, bulk barcode analyses 
revealed changes in clonal composition between day 21 
and day 57 (Fig. S3B and S3C), while overall tumor vol-
umes remained relatively stable throughout the MRD 
period (Fig.  2B). Because bulk RNA-seq reflects aggre-
gate expression across heterogeneous cell populations, 
these patterns indicate temporal changes in the overall 
representation of persister programs and clones without 
single-cell resolution.

To examine these programs in the scRNA-seq data 
at pre-treatment and early MRD, program activity was 
measured using AUCell and projected onto ClonoClus-
ter-derived UMAP embeddings using the same approach 
applied for endpoint tumors (Fig. 3G; Methods). At early 
MRD, persister programs did not form separated clus-
ters in the transcriptional embedding (Fig. 5C), including 

(See figure on previous page.)
Fig. 5  Persister programs are detected across treatment and PDX models. (A) ClonoCluster analysis applied to scRNA-seq data from early MRD (day 21) 
barcoded WM4237-1 tumors. UMAP showing projection of barcode groups 1–5, defined at the endpoint, onto the day 21 dataset (top). Expression of 
TYRP1 is shown at day 21 and is enriched in barcode group 1 (bottom). (B) Pathway enrichment scores for stress-like, lipid metabolism, PI3K signaling, and 
ECM remodeling programs derived from bulk RNA-seq of barcoded WM4237-1 tumors across BRAFi/MEKi treatment. Sample numbers per time point are 
day 0 n = 3, day 21 n = 3, day 57 n = 3, and endpoint n = 6 (Table S4, bulk RNA-seq). * P < 0.05, ** P < 0.01, *** P < 0.001, two-tailed t-test. (C-D) UMAPs show-
ing persister programs in barcoded WM4237-1 scRNA-seq data at early MRD (C) and pre-treatment (D). (E) Calinski-Harabasz index of persister programs 
across time points, quantified from ClonoCluster-derived UMAP embeddings of barcoded WM4237-1 scRNA-seq data. (F-H) UMAPs showing persister 
programs in non-barcoded WM4007 scRNA-seq data at tumor recurrence (F), early MRD (G) and pre-treatment (H). (I) Calinski-Harabasz index of persister 
programs across time points, quantified from UMAP embeddings of non-barcoded WM4007 scRNA-seq data. (J) UMAPs showing persister programs in 
scRNA-seq data from the non-barcoded, intrinsically resistant model WM4380-2. (K) Kaplan-Meier analysis of TCGA melanoma data showing that higher 
expression of the ECM remodeling signature is associated with poorer patient outcomes (P = 0.011)
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among barcode groups 1 and 2 that could be clonally 
defined at this stage (Fig. 5A), consistent with the limited 
number of differentially expressed genes between bar-
code groups at day 21 (Table S8, day 21). In pre-treatment 
tumors, these programs were also detected but were not 
clearly segregated either transcriptionally or by barcode 
group (Fig. 5D and Fig. S7A).

We quantified the separation of persister programs 
across time points using the Calinski-Harabasz (CH) 
index, which measures within-cluster coherence relative 
to between-cluster separation for a given embedding and 
clustering assignment. As shown in Fig. 5E, the CH index 
was lowest at pre-treatment, modestly higher at early 
MRD, and highest at tumor recurrence, indicating more 
clearly defined transcriptional patterns at recurrence. 
These analyses are consistent with increasing distinction 
of persister programs over the course of treatment (Table 
S8), while pre-treatment tumor cells may exhibit more 
variable and transient expression of resistance-associated 
genes and pathways without forming transcriptionally 
distinct clusters [40].

Persister programs are present across PDX models
These persister programs were further evaluated in 
two independent, non-barcoded scRNA-seq datasets 
from BRAF V600E-mutant PDX models, including a 
BRAFi/MEKi-sensitive model WM4007 and a BRAFi/
MEKi-resistant model WM4380-2 (Methods; Table S3). 
WM4007 initially responded to BRAFi/MEKi therapy 
but relapsed after approximately seven months [53] (Fig. 
S7C). Longitudinal samples from this model were col-
lected at three stages, including pre-treatment (day 0), 
early MRD (day 13), and tumor recurrence (endpoint). 
scRNA-seq analysis showed that all four persister pro-
grams were detected at recurrence (Fig.  5F) and were 
also present at early MRD (Fig.  5G) and pre-treatment 
(Fig.  5H), although their transcriptional separation var-
ied across time points. Quantification of program sepa-
ration using the Calinski-Harabasz index showed higher 
values at later time points compared with pre-treatment 
(Fig.  5I), indicating greater transcriptional distinction 
of persister programs with prolonged treatment in the 
WM4007 model. Similarly, the Silhouette index, which 
assesses local cluster structure, increased over the course 
of treatment in both BRAFi/MEKi-sensitive models 
WM4237-1 and WM4007 (Fig. S7E and S7F).

WM4380-2 was derived from a stage IV melanoma 
patient previously treated with BRAFi [54], and showed 
no measurable response to BRAFi/MEKi treatment in 
the PDX model (Fig. S7D). All four persister states were 
present in this intrinsically resistant model, with par-
ticularly strong enrichment of the ECM remodeling pro-
gram (Fig.  5J). Notably, higher expression of the ECM 

remodeling signature was associated with poorer patient 
outcomes in the TCGA melanoma cohort (Fig. 5K).

Spatial mapping of persister states and cell-cell 
communication in recurrent melanoma
To characterize the spatial organization of the persister 
states, we annotated stress-like, lipid metabolism, PI3K 
signaling, and ECM remodeling states using spatial 
transcriptomics (Methods). A published PDX dataset 
of WM4237-1 following prolonged BRAFi/MEKi treat-
ment was analyzed to separate human transcriptomic 
content from mouse [53] (Fig. S8B), revealing the pres-
ence of these distinct transcriptional states in recurrent 
tumors (Fig.  6A and S8C). Stress-like signature showed 
a scattered distribution, whereas the ECM remodeling 
state formed a mosaic pattern interspersed with melano-
cytic cells (Fig.  6B and S8D). Notably, lipid metabolism 
and PI3K signaling signatures associated with the NC-
like state were co-localized and enriched near the tumor 
boundary (Fig. 6B). Moran’s index revealed that the ECM 
remodeling state exhibited the weakest spatial autocor-
relation among the signatures, indicating a relatively low 
degree of spatial dependence (Fig. 6C and S8E; Methods).

We used CellChat to quantitatively infer cell-cell com-
munication networks among persister states (Methods). 
The outgoing signaling of TGFβ and Midkine (MK) was 
primarily observed in stress-like cells [55] (Fig.  6D and 
S9A). Predicted cell-cell communication between lipid 
metabolism and PI3K signaling states included BMP 
(bone morphogenetic protein), ANGPTL (angiopoietin-
like protein), CSPG4 (chondroitin sulfate proteoglycan 
4), and MPZ (myelin protein zero, P0), all of which are 
associated with neural differentiation [56] (Fig.  6D and 
S9B). Notably, MPZ was upregulated in lipid metabolism 
associated barcode group 2 (Table S8, Endpoint). Colla-
gen and claudin (CLDN) signaling was strongly upregu-
lated in the ECM remodeling state (Fig.  6D and S9C). 
Additional representative signaling pathways among 
persister states are shown in Fig. S9D-F. We character-
ized the specific ligand-receptor pairs involved in TGFβ1 
signaling and found that the outgoing signaling pattern 
of stress-like cells primarily involved TGFβR1 (ALK5) 
and TGFβR2, whereas the lipid metabolism state showed 
outgoing signaling through either TGFβR2 or ACVR1 in 
combination with TGFβR1 (Fig. 6E).

MeRLin enables in situ profiling of clonal identity and gene 
expression.
To demonstrate our barcode RNA-FISH strategy as a 
proof of principle for in situ profiling of clonal iden-
tity and gene expression, we recovered the full-length 
barcode sequence of a selected subpopulation from 
bulk RNA-seq data (Methods). RNA-FISH probes were 
designed to target the barcode suffix “​G​T​T​G​A​A​C​G​A​C​
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C​A​C​A​A”, which corresponds to the rank 3 subpopula-
tion (Figs. 2E and 7.5% of the recurrent tumor) and maps 
to the stress-like state of barcode group 1 (Fig. S5E and 
3G). Using standard RNA-FISH (Methods), we spatially 
mapped this dominant persister subpopulation and 

quantified its co-occurrence with the stress-like marker 
SLC2A1 (Fig. 6F, top). Statistical analysis revealed a sig-
nificant colocalization between the dominant barcode 
signal and SLC2A1 expression in the recurrent tumor 
(Fig. 6F, bottom). In contrast, RNA-FISH probes targeting 

Fig. 6  Spatial organization of persister states in recurrent melanoma. (A) Spatial transcriptomic annotation of persister states overlaid on a hematoxylin 
and eosin (H & E)-stained section of a recurrent WM4237-1 PDX tumor. Stress-like (red), lipid metabolism (blue), PI3K signaling (green), extracellular ma-
trix (ECM) remodeling (brown), and melanocytic states (grey) are indicated. (B) Spatial distribution of individual persister states shown with normalized 
expression scales. (C) Moran’s index analysis quantifying spatial autocorrelation of each persister state. Stress-like, I = 0.27; lipid metabolism, I = 0.31; PI3K 
signaling, I = 0.23; ECM remodeling, I = 0.083; and melanocytic, I = 0.21. ** P < 0.01, *** P < 0.001. (D) Inferred cell-cell communication networks among 
persister states based on CellChat analysis, illustrating selected signaling pathways. Stress-like (yellow) and lipid metabolism (blue) states emitted TGFβ 
signals (left); lipid metabolism (blue) and PI3K signaling (purple) states exhibited autocrine and paracrine BMP signaling (middle); and ECM remodel-
ing state (red) sent collagen signals (right). (E) Predicted ligand-receptor interactions underlying TGFβ signaling in (D left), showing outgoing signaling 
patterns from stress-like (top) and lipid metabolism states (bottom). (F) Barcode RNA-FISH demonstrating spatial localization of a dominant persister 
subpopulation (barcode suffix “GTTGAACGACCACAA”) and the stress-like marker SLC2A1 in a recurrent tumor section (top). Statistical analysis (bottom) 
showing significant spatial co-localization (all patch sizes, Fisher’s exact test, P < 0.014), compared with a non-specific antisense barcode probe control. 
(patch size of 10 × 10, Fisher’s exact test, P = 0.089). The analysis was based on three ROIs (regions of interest) each. (G) UMAP projections showing expres-
sion of the dominant barcode and SLC2A1
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the antisense sequence of the same barcode, used as a 
negative control for non-specific staining, showed no 
colocalization (Methods; Fig.  6F, bottom). Consistent 
with the scRNA-seq results, SLC2A1 was upregulated in 
the selected persister subpopulation (Fig. 6G), supporting 
its association with the stress-like transcriptional pro-
gram of barcode group 1 observed in recurrent tumors 
(Fig. 3B and G). Together with the computational frame-
work for identifying representative markers of persister 
subpopulations, this proof-of-principle experiment dem-
onstrates that our barcode RNA-FISH strategy enables 
in situ clonal profiling and transcript quantification at 
single-cell resolution.

Discussion
Under sustained targeted therapy, melanoma cells can 
undergo adaptive reprogramming rather than merely 
enduring drug pressure [3]. Drug-tolerant persister 
(DTP) cells represent key survivors that reshape signal-
ing pathways and cellular identities to evade therapeu-
tic inhibition [45]. However, the temporal dynamics and 
clonal context of these adaptive changes remain incom-
pletely understood. To address this challenge, we devel-
oped MeRLin, a lineage tracing platform that integrates 
cellular barcoding, single-cell transcriptomics, and RNA-
FISH to characterize clonal dynamics together with 
transcriptional plasticity and spatial organization during 
melanoma treatment [42].

Using MeRLin in WM4237-1 melanoma cells treated 
in vitro with BRAFi/MEKi, we found that resistant clones 
exhibited relative enrichment of OXPHOS activity and 
higher expression of BCL2L1, PIK3CB, and STAT2 com-
pared with sensitive clones. Since these genes were selec-
tively upregulated in resistant clones after treatment, 
functional studies will be needed to determine whether 
targeting these genes and pathways can sensitize resis-
tant cells to BRAFi/MEKi. Resistant clones also showed 
reduced TGFβ pathway activity after treatment, whereas 
sensitive clones retained active TGFβ signaling, consis-
tent with prior evidence that TGFβ can promote apopto-
sis when combined with MAPK pathway inhibition [57]. 
These data suggested that attenuation of TGFβ signal-
ing may represent a mechanism to evade pro-apoptotic 
responses, although its contribution to drug resistance 
remains to be validated.

Application of MeRLin to PDX model WM4237-1 
revealed that therapeutic resistance arose predominantly 
through adaptive reprogramming rather than selection of 
pre-existing resistant clones. Dominant resistant clones 
in recurrent tumors originated from initially minor sub-
populations that were transcriptionally similar to other 
groups prior to treatment and progressively acquired 
resistance-associated features over time. Although we 
cannot exclude the presence of rare pre-existing resistant 

clones below our detection threshold, the lack of gene- 
and pathway-level genetic convergence across endpoint 
tumors supports a model in which phenotypic plasticity 
is a major contributor to melanoma recurrence.

Integrated clonal and transcriptomic analyses iden-
tified four persister-associated states characterized by 
stress-like, lipid metabolism, PI3K signaling, and extra-
cellular matrix (ECM) remodeling programs, suggesting 
that melanoma persister cells can access multiple adap-
tive routes [58]. The stress-like state of barcode group 1 
was marked by increased expression of PDK1, SLC2A1, 
and ALDOA, consistent with a glycolytic shift previ-
ously associated with the Warburg effect [7], together 
with upregulation of hypoxia-associated genes BNIP3 
and P4HA1 linked to melanoma progression [7], and 
activation of ATF4-mediated stress signaling implicated 
in escape from BRAF inhibition [47]. Neural crest-like 
signature in barcode groups 2 and 3 was consistent with 
established models of melanoma dedifferentiation [45]. 
The lipid metabolism state was characterized by FASN 
and APOE, genes previously implicated in MAPK inhibi-
tor resistance through reducing lipid poly-unsaturation 
and protecting of MITF-low/AXL-high persister cells 
from ferroptosis [59, 60]. The PI3K signaling state fea-
tured AKT3 and FGFR1, consistent with their roles in 
apoptosis resistance and therapy tolerance [61, 62]. The 
ECM remodeling state of barcode group 4 showed upreg-
ulation of ECM1, VCL, and MET, linking extracellular 
matrix dynamics to epithelial-mesenchymal transition 
[63], mechanosignaling and cancer progression [64]. Lon-
gitudinal clonal tracking further revealed that the stress-
like persister state underwent a pronounced transition 
from a relatively differentiated phenotype at early MRD 
to a more dedifferentiated state at recurrence, whereas 
phenotypic features of the lipid metabolism and ECM 
remodeling states were weakly evident at early MRD and 
progressively consolidated during tumor recurrence.

Post-transcriptional regulation was also associated 
with adaptive resistance, with dynamic 3′UTR lengthen-
ing and shortening during early MRD and in vitro treat-
ment, followed by global 3′UTR shortening in recurrent 
tumors. This pattern is consistent with a shift in alter-
native polyadenylation from a drug-induced MRD state 
toward a more proliferative state at recurrence, poten-
tially through reduced miRNA-mediated repression [65]. 
In parallel, CNV analyses suggested that barcode groups 
2 and 3 combined copy number amplification reinforc-
ing MAPK signaling, such as BRAF amplification, with 
non-genetic adaptations that promote cell-cycle re-entry, 
including increased CCND1 expression, highlighting the 
coexistence of genetic and non-genetic mechanisms. We 
also identified cell surface markers enriched in DTP pop-
ulations, including FXYD3, which may serve as candidate 
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biomarkers, although their functional relevance remains 
to be determined.

Deconvolution of bulk RNA-seq data indicated that the 
four persister programs were consistently detected across 
endpoint tumor replicates and showed greater concor-
dance in the post-treatment PDX sample WM4237-2 
than pre-treatment PDX. These programs were not 
unique to recurrence but were present across mod-
els and treatment stages, including two BRAFi/MEKi-
sensitive models WM4237-1 and WM4007, as well as 
an intrinsically resistant model WM4380-2. In BRAFi/
MEKi-sensitive models, we found that the transcriptional 
distinction of these programs increased under prolonged 
therapy. Nonetheless, these persister programs should be 
interpreted with appropriate caution, as some transcrip-
tomic features may be influenced by replicate-specific 
factors including clonal CNVs, and additional biologi-
cal replicates, extended time points, or alternative mod-
els may reveal additional persister programs or further 
heterogeneity.

Among the persister states, ECM remodeling-associ-
ated barcode group 4 represented a distinct subpopula-
tion. These cells displayed pronounced transcriptional 
separation, enrichment along an independent pseudo-
time branch, and the highest proliferative capacity at 
recurrence. SCENIC analysis identified ETS1 as a can-
didate regulator of this program [51], and higher ETS1 
expression together with higher ECM remodeling sig-
nature were associated with poorer patient outcomes 
in TCGA melanoma cohorts. Spatial analyses further 
showed that ECM remodeling cells formed a dispersed 
mosaic pattern interspersed with melanocytic cells, con-
sistent with a dynamic and potentially advanced adaptive 
state. While these associations support an important role 
for ECM remodeling in melanoma resistance, functional 
studies will be required to establish causality.

Although the WM4237-1 model was analyzed in 
both in vivo and in vitro settings, notable differences 
were observed. Extensive 3′UTR shortening observed 
in recurrent tumors in vivo was not detected in BRAFi/
MEKi-treated cells in vitro or at the MRD stage, whereas 
melanocytic genes were upregulated in resistant clones in 
vitro but suppressed in persister populations at the end-
point in vivo. These findings suggest that in vitro systems 
may primarily capture immediate treatment responses, 
whereas resistance-associated programs develop under 
in vivo microenvironmental influences, including stro-
mal interactions, hypoxia, and spatial constraints [17]. 
Because PDX models more closely recapitulate human 
melanoma biology, they may offer greater translational 
relevance than in vitro systems [16]. As our scRNA-seq 
analyses focused on human melanoma cells, future stud-
ies incorporating longitudinal profiling of stromal and 
immune cells, ideally in humanized mouse models, will 

be important for defining tumor microenvironment con-
tributions to DTP development.

Spatial transcriptomic analysis revealed a structured 
organization of persister states, with lipid metabolism 
and PI3K signaling states co-localized near the tumor 
boundary, while ECM remodeling cells showed minimal 
spatial dependence. Inferred cell-cell communication 
analyses suggested coordinated autocrine and paracrine 
signaling among persister states, in which stress-like cells 
secrete TGFβ, which has been reported to promote fibro-
nectin deposition and establishment of a resistant niche 
[66], while ECM remodeling cells engage collagen and 
claudin (CLDN) pathways associated with a shift toward 
a differentiated, proliferative phenotype [67]. In addition, 
MeRLin-enabled barcode RNA-FISH provided proof-of-
principle validation for in situ clonal profiling, demon-
strating spatial co-localization of a dominant persister 
subpopulation with the stress-like marker SLC2A1.

Prior lineage tracing approaches include static bar-
coding systems such as LARRY, CellTag, and Water-
melon for scRNA-seq based clonal labeling, FateMap 
combined with ClampFISH for spatial validation, and 
imaging-based lineage recorders such as intMEMOIR, 
baseMEMOIR, and PEtracer that use sequential rounds 
of FISH-based hybridization to read out high-complexity 
evolving barcodes. Although MeRLin requires custom 
RNA-FISH probes that are designed after barcode iden-
tification by sequencing, which limits spatial throughput, 
its spatial readout is intended as a targeted spatial valida-
tion strategy rather than comprehensive clonal mapping 
and was therefore applied selectively in this study.

In summary, this study provides a multidimensional 
view of tumor heterogeneity and clarifies the relationship 
between clonal dynamics and phenotypic plasticity dur-
ing melanoma therapy resistance [4, 7, 11]. By integrating 
clonal tracking with transcriptional profiling and spatial 
context at single-cell resolution, MeRLin reveals how 
adaptive reprogramming shapes persister clonal dynam-
ics and highlights candidate programs and genes that 
warrant further functional investigation [1].

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​
g​/​​1​0​.​​1​1​8​6​​/​s​​1​2​9​4​3​-​0​2​6​-​0​2​6​2​2​-​9.

Supplementary Material 1.

Supplementary Material 2.

Acknowledgements
The authors thank A. Aplin at Thomas Jefferson University, and M.A. Davies at 
MD Anderson Cancer Center, for their feedback and discussions contributing 
to this work; Wistar Genomics Facility, especially S. Majumdar and S. Widura, 
for assistance with next-generation sequencing, bulk and single-cell RNA 
sequencing, and S. Conroy and T. Nguyen, for assistance with Sanger 
sequencing; Wistar Histotechnology Facility, especially F. Chen and X. Wang, 
for assistance with paraffin-embedding and staining; Wistar Microscopy 

https://doi.org/10.1186/s12943-026-02622-9
https://doi.org/10.1186/s12943-026-02622-9


Page 21 of 22Li et al. Molecular Cancer          (2026) 25:127 

Facility, especially J. Hayden and F. Keeney, for assistance with confocal 
microscope; Wistar Animal Facility, especially D. DiFrancesco, M. Houston-
Leslie, B. Grant, and E. Conicello, for assistance with mouse experiments; 
Wistar Flow Cytometry Facility, especially J. Faust and J. Fundyga, for assistance 
with flow sorting; Wistar Bioinformatics Facility, especially J. Wickramasinghe, 
for assistance with CRISPR screen analysis, and A. Kossenkov, for assistance 
with proteomics data analysis. X. Xu at University of Pennsylvania, for 
patient derived xenografts; V. Rebecca at Johns Hopkins, for single cell data 
generation of WM4380-2; J. Rubinstein and S. Domanskyi at The Jackson 
Laboratory, for spatial transcriptomics data of WM4237-1; M. Sade-Feldman 
and N. Hacohen at Harvard Medical School, for their contributions to the study 
design of single-cell RNA sequencing; G. Robertson at Penn State Cancer 
Institute, A. L. Welm at University of Utah, D. Yu at MD Anderson Cancer Center, 
M. Schober at NYU Langone Health, and T. Muranen at Harvard Medical 
School, for discussions on the project. B. Kuhn, N. Udeshi, and S. Carr at the 
Broad Institute for proteomics data generation; D. Kilburn and G. Mills at 
Oregon Health and Science University for multiplex immunohistochemistry.

Authors’ contributions
H.L. and M.H. conceived and designed the study. H.L. designed and performed 
all experiments and acquired, analyzed, and interpreted the data under 
the supervision of M. H.. Y.C. analyzed all data and contributed to data 
interpretation and study design. H.L. designed and optimized the MeRLin 
barcodes and constructed vector backbones. N.P., D.F., and X.Z. assisted with 
H.L. with MeRLin library construction. M.D., N.P., and H.L. contributed to the 
production and transduction of lentivirus. M.D., N.P., J.K., H.L., D.F., M.X., Q. Z., 
and X.Z. supported cell cultures. M.D., H.L., N.P., D.F., and G.S.B. conducted 
the flow cytometry. H.L., J.K., N.P., D.F., M.D., G.S.B., M.X., and M.T. performed 
mouse experiments. H.L., J.K., M.D., N.P., D.F., and G.S.B. prepared the bulk, 
single-cell, and FFPE samples. H.L., M.D., J.K., and L.L. performed microscopy. 
D.S.H. conducted the bulk RNA-seq. Y.C. and X.Z. designed the barcode 
extraction tool. Y.C. and S.J. analyzed the spatial transcriptomic data. Y.C. 
and T.H. developed the statistical framework for barcode type classification. 
Y.C., L.G., and H.F. analyzed the bulk RNA-seq data. Y.C. and J.R. performed 
SCENIC analysis. Y.C. and C.Q. conducted mutation analyses. Y.C., L.W., and T.B. 
performed RNA APA analysis. M.R. and A.P. contributed to scRNA-seq data 
analysis. N.A. and Y.C. analyzed the RNA-FISH data. A.R., Z.W., J.V., H.M., G.T., 
and E.R.S provided feedback on the early manuscript drafts. M.D. and Y.C. 
contributed to manuscript preparation and revision. H.L. wrote the manuscript 
with input from all the authors.

Funding
This research was supported by NIH/NCI grants P01 CA114046-15, R01 
CA238237-05, R01 CA240362-05, R01 CA241148-05, P50 CA261608-03, 
U54 CA224070-05, and the Sheldon G. Adelson Medical Research Grant 
R-202206-00540.

Data availability
Raw and processed scRNA-seq and bulk RNA-seq data were deposited in the 
Gene Expression Omnibus (GEO) under the accession number GSE299711 
and GSE299589. Raw and processed Visium spatial transcriptomic data are 
available under accession number GSE245582. Raw scRNA-seq data for 
the WM4380-2 model can be requested from Dr. Vito W. Rebecca’s preprint 
paper [54]. The analysis and visualization scripts for this study are available at 
GitHub (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​Y​e​q​i​​n​g​​9​5​/​M​e​R​L​i​n), along with a brief guide on 
reproducing the analysis workflows and figures presented in the paper.

Declarations

Ethics approval and consent to participate
Not applicable.

Competing interests
The authors declare no competing interests.

Consent to Participate
Not applicable.

Author details
1The Wistar Institute, Philadelphia, PA, USA

2Department of Computer Science, New Jersey Institute of Technology, 
Newark, NJ, USA
3Department of Bioengineering, School of Engineering and Applied 
Sciences, University of Pennsylvania, Philadelphia, PA, USA
4Department of Genetics, Perelman School of Medicine, University of 
Pennsylvania, Philadelphia, PA, USA
5St John’s Cancer Institute, Santa Monica, CA, USA

Received: 14 October 2025 / Accepted: 14 February 2026

References
1.	 Russo M, et al. Cancer drug-tolerant persister cells: from biological questions 

to clinical opportunities. Nat Rev Cancer. 2024;24:694–717. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​
1​0​3​8​​/​s​​4​1​5​6​8​-​0​2​4​-​0​0​7​3​7​-​z.

2.	 Pu Y, et al. Drug-tolerant persister cells in cancer: the cutting edges and 
future directions. Nat Rev Clin Oncol. 2023;20:799–813. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​
8​​/​s​​4​1​5​7​1​-​0​2​3​-​0​0​8​1​5​-​5.

3.	 He J, et al. Drug tolerant persister cell plasticity in cancer: A revolutionary 
strategy for more effective anticancer therapies. Signal Transduct Target Ther. 
2024;9:209. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​3​9​2​-​0​2​4​-​0​1​8​9​1​-​4.

4.	 Goyal Y, et al. Diverse clonal fates emerge upon drug treatment of homoge-
neous cancer cells. Nature. 2023;620:651–9. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​8​6​-​0​
2​3​-​0​6​3​4​2​-​8.

5.	 Mikubo M, Inoue Y, Liu G, Tsao MS. Mechanism of Drug Tolerant Persister 
Cancer Cells: The Landscape and Clinical Implication for Therapy. J Thorac 
Oncol. 2021;16:1798–809. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​j​t​h​o​.​2​0​2​1​.​0​7​.​0​1​7.

6.	 Serrano A, Berthelet J, Naik SH, Merino D. Mastering the use of cellular bar-
coding to explore cancer heterogeneity. Nat Rev Cancer. 2022;22:609–24. ​h​t​t​
p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​6​8​-​0​2​2​-​0​0​5​0​0​-​2.

7.	 Karras P, et al. A cellular hierarchy in melanoma uncouples growth and metas-
tasis. Nature. 2022;610:190–8. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​8​6​-​0​2​2​-​0​5​2​4​2​-​7.

8.	 Berthelet J, et al. The site of breast cancer metastases dictates their clonal 
composition and reversible transcriptomic profile. Sci Adv. 2021;7. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​
o​​r​g​/​​1​0​.​​1​1​2​6​​/​s​​c​i​a​d​v​.​a​b​f​4​4​0​8.

9.	 Weinreb C, Rodriguez-Fraticelli A, Camargo FD, Klein AM. Lineage tracing on 
transcriptional landscapes links state to fate during differentiation. Science. 
2020;367. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​2​6​​/​s​​c​i​e​n​c​e​.​a​a​w​3​3​8​1.

10.	 Biddy BA, et al. Single-cell mapping of lineage and identity in direct repro-
gramming. Nature. 2018;564:219–24. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​8​6​-​0​1​8​-​0​7​4​
4​-​4.

11.	 Oren Y, et al. Cycling cancer persister cells arise from lineages with distinct 
programs. Nature. 2021;596:576–82. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​8​6​-​0​2​1​-​0​3​7​
9​6​-​6.

12.	 Emert BL, et al. Variability within rare cell states enables multiple paths 
toward drug resistance. Nat Biotechnol. 2021;39:865–76. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​
3​8​​/​s​​4​1​5​8​7​-​0​2​1​-​0​0​8​3​7​-​3.

13.	 Chow KK, et al. Imaging cell lineage with a synthetic digital recording system. 
Science. 2021;372. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​2​6​​/​s​​c​i​e​n​c​e​.​a​b​b​3​0​9​9.

14.	 Chadly DM Reconstructing cell histories in space with image-readable base 
recording, et al. editors. bioRxiv, 2024.2001.2003.573434. 2024. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​
1​0​.​​1​1​0​1​​/​2​​0​2​4​.​0​1​.​0​3​.​5​7​3​4​3​4.

15.	 Koblan LW, et al. High-resolution spatial mapping of cell state and lineage 
dynamics in vivo with PEtracer. Science. 2025;390:eadx3800. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​
0​.​​1​1​2​6​​/​s​​c​i​e​n​c​e​.​a​d​x​3​8​0​0.

16.	 Rebecca VW, Somasundaram R, Herlyn M. Pre-clinical modeling of cutaneous 
melanoma. Nat Commun. 2020;11:2858. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​4​6​7​-​0​2​
0​-​1​5​5​4​6​-​9.

17.	 Liu Y, et al. Patient-derived xenograft models in cancer therapy: technologies 
and applications. Signal Transduct Target Ther. 2023;8:160. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​
1​0​3​8​​/​s​​4​1​3​9​2​-​0​2​3​-​0​1​4​1​9​-​2.

18.	 Ebinger S, et al. Characterization of Rare, Dormant, and Therapy-Resistant 
Cells in Acute Lymphoblastic Leukemia. Cancer Cell. 2016;30:849–62. ​h​t​t​p​​s​:​/​​/​
d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​c​​e​l​l​​.​2​0​1​​6​.​​1​1​.​0​0​2.

19.	 Chu J, et al. Non-invasive intravital imaging of cellular differentiation with a 
bright red-excitable fluorescent protein. Nat Methods. 2014;11:572–8. ​h​t​t​p​​s​:​/​​/​
d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​n​​m​e​t​h​.​2​8​8​8.

20.	 Hao Y, et al. Dictionary learning for integrative, multimodal and scalable 
single-cell analysis. Nat Biotechnol. 2024;42:293–304. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​
s​​4​1​5​8​7​-​0​2​3​-​0​1​7​6​7​-​y.

https://github.com/Yeqing95/MeRLin
https://doi.org/10.1038/s41568-024-00737-z
https://doi.org/10.1038/s41568-024-00737-z
https://doi.org/10.1038/s41571-023-00815-5
https://doi.org/10.1038/s41571-023-00815-5
https://doi.org/10.1038/s41392-024-01891-4
https://doi.org/10.1038/s41586-023-06342-8
https://doi.org/10.1038/s41586-023-06342-8
https://doi.org/10.1016/j.jtho.2021.07.017
https://doi.org/10.1038/s41568-022-00500-2
https://doi.org/10.1038/s41568-022-00500-2
https://doi.org/10.1038/s41586-022-05242-7
https://doi.org/10.1126/sciadv.abf4408
https://doi.org/10.1126/sciadv.abf4408
https://doi.org/10.1126/science.aaw3381
https://doi.org/10.1038/s41586-018-0744-4
https://doi.org/10.1038/s41586-018-0744-4
https://doi.org/10.1038/s41586-021-03796-6
https://doi.org/10.1038/s41586-021-03796-6
https://doi.org/10.1038/s41587-021-00837-3
https://doi.org/10.1038/s41587-021-00837-3
https://doi.org/10.1126/science.abb3099
https://doi.org/10.1101/2024.01.03.573434
https://doi.org/10.1101/2024.01.03.573434
https://doi.org/10.1126/science.adx3800
https://doi.org/10.1126/science.adx3800
https://doi.org/10.1038/s41467-020-15546-9
https://doi.org/10.1038/s41467-020-15546-9
https://doi.org/10.1038/s41392-023-01419-2
https://doi.org/10.1038/s41392-023-01419-2
https://doi.org/10.1016/j.ccell.2016.11.002
https://doi.org/10.1016/j.ccell.2016.11.002
https://doi.org/10.1038/nmeth.2888
https://doi.org/10.1038/nmeth.2888
https://doi.org/10.1038/s41587-023-01767-y
https://doi.org/10.1038/s41587-023-01767-y


Page 22 of 22Li et al. Molecular Cancer          (2026) 25:127 

21.	 McGinnis CS, Murrow LM, Gartner ZJ, DoubletFinder. Doublet Detection in 
Single-Cell RNA Sequencing Data Using Artificial Nearest Neighbors. Cell Syst. 
2019;8:329–37. . e324. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​e​l​s​.​2​0​1​9​.​0​3​.​0​0​3

22.	 Hafemeister C, Satija R. Normalization and variance stabilization of single-cell 
RNA-seq data using regularized negative binomial regression. Genome Biol. 
2019;20:296. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​5​9​-​0​1​9​-​1​8​7​4​-​1.

23.	 Richman LP, Goyal Y, Jiang CL, Raj A, ClonoCluster. A method for using clonal 
origin to inform transcriptome clustering. Cell Genom. 2023;3:100247. ​h​t​t​p​​s​:​/​​
/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​x​g​e​n​.​2​0​2​2​.​1​0​0​2​4​7.

24.	 Shannon CE. The mathematical theory of communication. MD Comput. 
1963;1997(14):306–17.

25.	 Trapnell C, et al. The dynamics and regulators of cell fate decisions are 
revealed by pseudotemporal ordering of single cells. Nat Biotechnol. 
2014;32:381–6. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​n​​b​t​.​2​8​5​9.

26.	 Kuleshov MV, et al. Enrichr: a comprehensive gene set enrichment analysis 
web server 2016 update. Nucleic Acids Res. 2016;44:W90–97. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​
1​0​.​​1​0​9​3​​/​n​​a​r​/​g​k​w​3​7​7.

27.	 Aibar S, et al. SCENIC: single-cell regulatory network inference and clustering. 
Nat Methods. 2017;14:1083–6. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​n​​m​e​t​h​.​4​4​6​3.

28.	 Moerman T, et al. GRNBoost2 and Arboreto: efficient and scalable inference 
of gene regulatory networks. Bioinformatics. 2019;35:2159–61. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​
/​​1​0​.​​1​0​9​3​​/​b​​i​o​i​​n​f​o​​r​m​a​t​​i​c​​s​/​b​t​y​9​1​6.

29.	 Li WV, Zheng D, Wang R, Tian B. MAAPER: model-based analysis of alternative 
polyadenylation using 3’ end-linked reads. Genome Biol. 2021;22:222. ​h​t​t​p​​s​:​/​​/​
d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​5​9​-​0​2​1​-​0​2​4​2​9​-​5.

30.	 Tickle T, Georgescu TI, Brown C, Haas M. B. inferCNV of the Trinity CTAT Proj-
ect. 2019. ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​b​r​o​a​​d​i​​n​s​t​i​t​u​t​e​/​i​n​f​e​r​C​N​V.

31.	 Chen Y. Spatial autocorrelation equation based on Moran’s index. Sci Rep. 
2023;13:19296. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​9​8​-​0​2​3​-​4​5​9​4​7​-​x.

32.	 Jin S, et al. Inference and analysis of cell-cell communication using CellChat. 
Nat Commun. 2021;12:1088. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​4​6​7​-​0​2​1​-​2​1​2​4​6​-​9.

33.	 Jin S, Plikus MV, Nie Q. CellChat for systematic analysis of cell-cell communi-
cation from single-cell transcriptomics. Nat Protoc. 2025;20:180–219. ​h​t​t​p​​s​:​/​​/​
d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​9​6​-​0​2​4​-​0​1​0​4​5​-​4.

34.	 Dobin A, et al. STAR: ultrafast universal RNA-seq aligner. Bioinformatics. 
2013;29:15–21. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​9​3​​/​b​​i​o​i​​n​f​o​​r​m​a​t​​i​c​​s​/​b​t​s​6​3​5.

35.	 Yi M, Nissley DV, McCormick F, Stephens RM. ssGSEA score-based Ras depen-
dency indexes derived from gene expression data reveal potential Ras addic-
tion mechanisms with possible clinical implications. Sci Rep. 2020;10:10258. ​h​
t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​9​8​-​0​2​0​-​6​6​9​8​6​-​8.

36.	 Yizhak K, et al. RNA sequence analysis reveals macroscopic somatic clonal 
expansion across normal tissues. Science. 2019;364. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​2​6​​/​s​​
c​i​e​n​c​e​.​a​a​w​0​7​2​6.

37.	 Wang K, Li M, Hakonarson H. ANNOVAR: functional annotation of genetic 
variants from high-throughput sequencing data. Nucleic Acids Res. 
2010;38:e164. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​9​3​​/​n​​a​r​/​g​k​q​6​0​3.

38.	 Krepler C, et al. A Comprehensive Patient-Derived Xenograft Collection 
Representing the Heterogeneity of Melanoma. Cell Rep. 2017;21:1953–67. ​h​t​t​
p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​e​​l​r​e​​p​.​2​0​​1​7​​.​1​0​.​0​2​1.

39.	 Belote RL, et al. Human melanocyte development and melanoma dedifferen-
tiation at single-cell resolution. Nat Cell Biol. 2021;23:1035–47. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​
/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​5​6​-​0​2​1​-​0​0​7​4​0​-​8.

40.	 Shaffer SM, et al. Rare cell variability and drug-induced reprogramming as a 
mode of cancer drug resistance. Nature. 2017;546:431–5. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​
0​3​8​​/​n​​a​t​u​r​e​2​2​7​9​4.

41.	 Created in BioRender, Li H. 2025 ​h​t​t​p​​s​:​/​​/​B​i​o​​R​e​​n​d​e​​r​.​c​​o​m​/​u​​9​n​​i​i​m​1.
42.	 Howland KK, Brock A. Cellular barcoding tracks heterogeneous clones 

through selective pressures and phenotypic transitions. Trends Cancer. 
2023;9:591–601. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​t​r​​e​c​a​​n​.​2​0​​2​3​​.​0​3​.​0​0​8.

43.	 Leiserson MD, et al. Pan-cancer network analysis identifies combinations of 
rare somatic mutations across pathways and protein complexes. Nat Genet. 
2015;47:106–14. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​n​​g​.​3​1​6​8.

44.	 Tsoi J, et al. Multi-stage Differentiation Defines Melanoma Subtypes with 
Differential Vulnerability to Drug-Induced Iron-Dependent Oxidative Stress. 
Cancer Cell. 2018;33:890–904. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​c​​e​l​l​​.​2​0​1​​8​.​​0​3​.​0​1​7. 
e895.

45.	 Rambow F, et al. Toward Minimal Residual Disease-Directed Therapy in Mela-
noma. Cell. 2018;174:843–55. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​e​l​l​.​2​0​1​8​.​0​6​.​0​2​5. e819.

46.	 Gurung S, et al. Stromal lipid species dictate melanoma metastasis and 
tropism. Cancer Cell. 2025. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​c​c​​e​l​l​​.​2​0​2​​5​.​​0​4​.​0​0​1.

47.	 Yang C, Tian C, Hoffman TE, Jacobsen NK, Spencer SL. Melanoma subpopula-
tions that rapidly escape MAPK pathway inhibition incur DNA damage and 
rely on stress signalling. Nat Commun. 2021;12:1747. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​
s​​4​1​4​6​7​-​0​2​1​-​2​1​5​4​9​-​x.

48.	 Su H, Zhao L, Fang T, Han W, Fan H. Identification of ETV5 as a prognostic 
marker related to epigenetic modification in pan-cancer and facilitates tumor 
progression in hepatocellular carcinoma. Sci Rep. 2024;14:29695. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​
r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​9​8​-​0​2​4​-​8​1​6​4​2​-​1.

49.	 Ren Z, Li X, Fu C. NCAPG promotes the malignant progression of endometri-
oid cancer through LEF1/SEMA7A/PI3K-AKT. J Cancer. 2025;16:445–59. ​h​t​t​p​​s​:​/​​
/​d​o​i​​.​o​​r​g​/​​1​0​.​​7​1​5​0​​/​j​​c​a​.​1​0​0​9​5​1.

50.	 Titz B, et al. JUN dependency in distinct early and late BRAF inhibition adapta-
tion states of melanoma. Cell Discov. 2016;2:16028. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​c​​
e​l​l​d​i​s​c​.​2​0​1​6​.​2​8.

51.	 Huang L, et al. Targeting Pan-ETS Factors Inhibits Melanoma Progression. 
Cancer Res. 2021;81:2071–85. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​5​8​​/​0​​0​0​8​​-​5​4​​7​2​.​C​​A​N​​-​1​9​-​1​6​6​
8.

52.	 Tian B, Manley JL. Alternative polyadenylation of mRNA precursors. Nat Rev 
Mol Cell Biol. 2017;18:18–30.

53.	 Rubinstein JC, et al. Spatiotemporal Profiling Defines Persistence and 
Resistance Dynamics during Targeted Treatment of Melanoma. Cancer Res. 
2025;85:987–1002. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​5​8​​/​0​​0​0​8​​-​5​4​​7​2​.​C​​A​N​​-​2​4​-​0​6​9​0.

54.	 Rebecca VW et al. Dasatinib Resensitizes MAPK Inhibitor Efficacy in Standard-
of-Care Relapsed Melanomas. bioRxiv. 2023. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​0​1​​/​2​​0​2​3​.​0​1​.​
2​0​.​5​2​4​9​2​3.

55.	 Cerezo-Wallis D, et al. Midkine rewires the melanoma microenvironment 
toward a tolerogenic and immune-resistant state. Nat Med. 2020;26:1865–77. ​
h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​5​9​1​-​0​2​0​-​1​0​7​3​-​3.

56.	 Wessely A, Steeb T, Berking C, Heppt MV. How Neural Crest Transcription Fac-
tors Contribute to Melanoma Heterogeneity, Cellular Plasticity, and Treatment 
Resistance. Int J Mol Sci. 2021;22. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​3​3​9​0​​/​i​​j​m​s​2​2​1​1​5​7​6​1.

57.	 Loos B, et al. TGFbeta signaling sensitizes MEKi-resistant human melanoma to 
targeted therapy-induced apoptosis. Cell Death Dis. 2024;15:925. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​
o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​4​1​9​-​0​2​4​-​0​7​3​0​5​-​1.

58.	 Prakash J, Shaked Y. The Interplay between Extracellular Matrix Remodeling 
and Cancer Therapeutics. Cancer Discov. 2024;14:1375–88. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​
1​1​5​8​​/​2​​1​5​9​​-​8​2​​9​0​.​C​​D​-​​2​4​-​0​0​0​2.

59.	 Talebi A, et al. Pharmacological induction of membrane lipid poly-unsat-
uration sensitizes melanoma to ROS inducers and overcomes acquired 
resistance to targeted therapy. J Exp Clin Cancer Res. 2023;42:92. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​
r​g​/​​1​0​.​​1​1​8​6​​/​s​​1​3​0​4​6​-​0​2​3​-​0​2​6​6​4​-​7.

60.	 More S, et al. Secreted Apoe rewires melanoma cell state vulnerability to fer-
roptosis. Sci Adv. 2024;10:eadp6164. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​1​2​6​​/​s​​c​i​a​d​v​.​a​d​p​6​1​6​4.

61.	 Irvine M, et al. Oncogenic PI3K/AKT promotes the step-wise evolution of 
combination BRAF/MEK inhibitor resistance in melanoma. Oncogenesis. 
2018;7:72. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​s​​4​1​3​8​9​-​0​1​8​-​0​0​8​1​-​3.

62.	 Czyz M. Fibroblast Growth Factor Receptor Signaling in Skin Cancers. Cells. 
2019;8. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​3​3​9​0​​/​c​​e​l​l​s​8​0​6​0​5​4​0.

63.	 Lee KM, et al. ECM1 regulates tumor metastasis and CSC-like property 
through stabilization of beta-catenin. Oncogene. 2015;34:6055–65. ​h​t​t​p​​s​:​/​​/​d​o​
i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​o​​n​c​.​2​0​1​5​.​5​4.

64.	 Martino F, Perestrelo AR, Vinarsky V, Pagliari S, Forte G. Cellular Mechanotrans-
duction: From Tension to Function. Front Physiol. 2018;9:824. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​
1​0​.​​3​3​8​9​​/​f​​p​h​y​s​.​2​0​1​8​.​0​0​8​2​4.

65.	 Schuster SL, Hsieh AC. The Untranslated Regions of mRNAs in Cancer. Trends 
Cancer. 2019;5:245–62. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​1​6​​/​j​​.​t​r​​e​c​a​​n​.​2​0​​1​9​​.​0​2​.​0​1​1.

66.	 Fedorenko IV, Wargo JA, Flaherty KT, Messina JL, Smalley KS. M. BRAF Inhibi-
tion Generates a Host-Tumor Niche that Mediates Therapeutic Escape. J 
Invest Dermatol. 2015;135:3115–24. ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​1​0​3​8​​/​j​​i​d​.​2​0​1​5​.​3​2​9.

67.	 Miskolczi Z, et al. Collagen abundance controls melanoma pheno-
types through lineage-specific microenvironment sensing. Oncogene. 
2018;37:3166–82. ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​1​0​​​3​8​​/​s​4​1​​3​8​8​-​​0​1​8​-​​0​2​0​9​-​0.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1016/j.cels.2019.03.003
https://doi.org/10.1186/s13059-019-1874-1
https://doi.org/10.1016/j.xgen.2022.100247
https://doi.org/10.1016/j.xgen.2022.100247
https://doi.org/10.1038/nbt.2859
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1093/nar/gkw377
https://doi.org/10.1038/nmeth.4463
https://doi.org/10.1093/bioinformatics/bty916
https://doi.org/10.1093/bioinformatics/bty916
https://doi.org/10.1186/s13059-021-02429-5
https://doi.org/10.1186/s13059-021-02429-5
https://github.com/broadinstitute/inferCNV
https://doi.org/10.1038/s41598-023-45947-x
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1038/s41596-024-01045-4
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1038/s41598-020-66986-8
https://doi.org/10.1038/s41598-020-66986-8
https://doi.org/10.1126/science.aaw0726
https://doi.org/10.1126/science.aaw0726
https://doi.org/10.1093/nar/gkq603
https://doi.org/10.1016/j.celrep.2017.10.021
https://doi.org/10.1016/j.celrep.2017.10.021
https://doi.org/10.1038/s41556-021-00740-8
https://doi.org/10.1038/s41556-021-00740-8
https://doi.org/10.1038/nature22794
https://doi.org/10.1038/nature22794
https://BioRender.com/u9niim1
https://doi.org/10.1016/j.trecan.2023.03.008
https://doi.org/10.1038/ng.3168
https://doi.org/10.1016/j.ccell.2018.03.017
https://doi.org/10.1016/j.cell.2018.06.025
https://doi.org/10.1016/j.ccell.2025.04.001
https://doi.org/10.1038/s41467-021-21549-x
https://doi.org/10.1038/s41467-021-21549-x
https://doi.org/10.1038/s41598-024-81642-1
https://doi.org/10.1038/s41598-024-81642-1
https://doi.org/10.7150/jca.100951
https://doi.org/10.7150/jca.100951
https://doi.org/10.1038/celldisc.2016.28
https://doi.org/10.1038/celldisc.2016.28
https://doi.org/10.1158/0008-5472.CAN-19-1668
https://doi.org/10.1158/0008-5472.CAN-19-1668
https://doi.org/10.1158/0008-5472.CAN-24-0690
https://doi.org/10.1101/2023.01.20.524923
https://doi.org/10.1101/2023.01.20.524923
https://doi.org/10.1038/s41591-020-1073-3
https://doi.org/10.1038/s41591-020-1073-3
https://doi.org/10.3390/ijms22115761
https://doi.org/10.1038/s41419-024-07305-1
https://doi.org/10.1038/s41419-024-07305-1
https://doi.org/10.1158/2159-8290.CD-24-0002
https://doi.org/10.1158/2159-8290.CD-24-0002
https://doi.org/10.1186/s13046-023-02664-7
https://doi.org/10.1186/s13046-023-02664-7
https://doi.org/10.1126/sciadv.adp6164
https://doi.org/10.1038/s41389-018-0081-3
https://doi.org/10.3390/cells8060540
https://doi.org/10.1038/onc.2015.54
https://doi.org/10.1038/onc.2015.54
https://doi.org/10.3389/fphys.2018.00824
https://doi.org/10.3389/fphys.2018.00824
https://doi.org/10.1016/j.trecan.2019.02.011
https://doi.org/10.1038/jid.2015.329
https://doi.org/10.1038/s41388-018-0209-0

	﻿Clonal dynamics shaped by diverse drug-tolerant persister states in melanoma resistance
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Cloning of the MeRLin library
	﻿Cell culture
	﻿Lentivirus packaging and transduction
	﻿Drug treatment
	﻿Animal studies
	﻿Single-cell sample preparation
	﻿Bulk RNA-seq
	﻿Barcoded RNA-FISH
	﻿Single-cell RNA-seq library preparation and read alignment
	﻿Clonal barcode extraction
	﻿Computational analysis of scRNA-seq data
	﻿Clonal barcode classification and Shannon diversity analysis
	﻿Pseudotime trajectory inference
	﻿Functional signature analysis by barcode group
	﻿CIBERSORTx deconvolution analysis
	﻿SCENIC analysis
	﻿Alternative polyadenylation analysis
	﻿InferCNV analysis
	﻿Computational analysis of spatial transcriptomics data
	﻿Computational analysis of bulk RNA-seq data
	﻿Analysis of acquired mutations
	﻿Permutation-based analysis of recurrent gene- and pathway-level mutations
	﻿Alignment and analysis of mouse originated reads
	﻿Statistical tests

	﻿Results
	﻿Development of MeRLin for integrated single-cell lineage tracing and transcriptomic profiling
	﻿Resistant clones arise from minor populations present prior to treatment
	﻿In vivo lineage tracing reveals clonal dynamics during MRD and recurrence
	﻿Single-cell analysis characterizes transcriptional states of persisters over time
	﻿Integrated lineage-transcriptome analysis identifies diverse persister programs
	﻿Persister cells engage diverse programs to drive resistance
	﻿Distinct transcriptional regulators characterize persister states
	﻿Post-transcriptional regulation and copy number variation in persister subpopulations
	﻿Longitudinal clonal tracking reveals progressive diversification of persister programs
	﻿Persister programs are present across PDX models
	﻿Spatial mapping of persister states and cell-cell communication in recurrent melanoma
	﻿MeRLin enables in situ profiling of clonal identity and gene expression.

	﻿Discussion
	﻿References


