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Abstract
Background  In estrogen receptor-positive (ER +) breast cancer, CDK4/6 inhibitors (CDK4/6is) combined with 
endocrine therapy (ET) are standard first-line treatment for metastatic disease. However, most patients eventually 
develop resistance. Activating ESR1 mutations are a prevalent mechanism of acquired resistance to ET and are 
enriched after ET plus a CDK4/6 inhibitor (CDK4/6i), but their role in the clonal evolution and adaptive mechanisms 
of acquired resistance to CDK4/6 inhibition, independent of ET, is unknown. In addition, whether different CDK4/6is 
impose distinct selective pressures and divergent resistance states remains elusive.

Methods  To investigate the clonal dynamics, cell states and cellular plasticity during acquired CDK4/6i resistance 
in mutant versus wild-type (WT) ESR1, we performed high-complexity DNA barcoding (ClonTracer library) with 
longitudinal sampling and multi-omic profiling in an isogeneic MCF7 model expressing WT ER or Y537S mutant ER. 
We also evaluated the clonality of the ESR1 mutations in clinical samples with CDK4/6i resistance.

Results  We showed that ESR1 mutations are enriched in clinical tumors with acquired resistance to CDK4/6is, and 
in paired biopsies expanded to near clonality after treatment. We demonstrated progressive clonal selection with 
both divergent and partially convergent evolutionary trajectories. The ESR1 mutation substantially reshapes clonal 
and epigenetic evolution during palbociclib resistance but had a weaker impact under abemaciclib selection. 
Overall, clonal evolution and cell states in palbociclib and abemaciclib resistance were distinct. Single-cell RNA-seq 
revealed transcriptional heterogeneity highlighting cellular plasticity during passaging of cells and selection. Finally, 
in vivo barcoding of mammary xenograft, local recurrences, and distant metastases demonstrated site-specific 
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​Background
Endocrine therapy (ET) in combination with a CDK4/6 
inhibitor (CDK4/6i) is the cornerstone treatment in 
estrogen receptor positive (ER +) breast cancer [1]. These 
therapies converge on the cyclin D1/CDK4/6/Rb axis, 
blocking the G1-S cell cycle transition and inducing cell 
cycle arrest, which accounts, at least in part, for their 
synergistic effects [2–4]. Despite the substantial benefits 
from this treatment combination, nearly all patients with 
metastatic disease will ultimately develop resistance. 
Genetic alterations that are direct drivers of acquired 
resistance to CDK4/6is, such as RB1 mutations, occur in 
only a small proportion of patients [5, 6]. Other recur-
rent alterations that indirectly drive resistance were also 
reported, including mutations in FAT1 [7], PIK3CA [8] 
and FGFR1 amplifications [9]. In addition, epigenetic 
remodeling with consequent upregulation of resistance-
associated signaling pathways [10] is likely to represent 
another mechanism of CDK4/6i resistance.

The ESR1 ligand binding domain (LBD) mutations, 
which confer constitutive activity and resistance to ET 
[11, 12], were not shown to be associated with primary 
(intrinsic) resistance to CDK4/6i-ET combinations [13–
15]. However, these mutations, particularly the Y537S 
ESR1 mutation, that exhibits the most robust ligand inde-
pendent and antagonistic resistance phenotypes among 
the ESR1 LBD mutations [16], were enriched following 
the acquisition of resistance to the combination of the 
CDK4/6i palbociclib and ET [6]. Moreover, clinical trials 
showed that in patients treated with ET plus a CDK4/6i, 
who had evidence of an emerging ESR1 mutation, bet-
ter targeting of the ESR1 mutations by switching from 
an aromatase inhibitor to a selective estrogen receptor 
degrader (SERD) (fulvestrant or camizestrant) prolonged 
treatment efficacy [17, 18]. These clinical observations 
suggest that the ESR1 mutations have a role in acquired 
resistance to CDK4/6i-ET combinations. However, their 
mechanistic role in resistance to the CDK4/6i compo-
nent isolated from ET remains unresolved. It is unknown 
whether these mutations directly alter clonal selection, 
reshape chromatin landscapes, or influence the adap-
tive cellular states that permit survival under CDK4/6 
inhibition. Furthermore, whether different CDK4/6is 

impose distinct selective pressures giving rise to diver-
gent resistant states has not been investigated. This ques-
tion is particularly relevant since multiple CDK4/6is are 
approved for clinical use, and prior studies have shown 
that abemaciclib has a broader target profile, with activity 
against CDKs beyond CDK4 and CDK6 [19].

In this study we investigated the impact of the Y537S 
ESR1 mutation and specific CDK4/6is on clonal evolu-
tion, genetic diversity and cell state plasticity, and how 
they shape the fitness landscape of acquired resistance.

Methods
Clinical sample tissue collection, whole exome sequencing 
and RNA sequencing
Tissues were collected from patients treated at the Dana- 
Farber Cancer Institute as described in detail previously 
and the current cohort is an expansion of the previ-
ously published cohort [20]. Metastatic core biopsies 
were obtained from patients, and samples were immedi-
ately snapfrozen in optimal cutting temperature (OCT) 
and stored in − 80  °C. Archival formalin-fixed, paraffin 
embedded (FFPE) blocks of primary tumor samples were 
also obtained. A blood sample was obtained during treat-
ment, and whole blood was stored at − 80  °C until DNA 
extraction from peripheral blood mononuclear cells (for 
germline DNA) was performed.

Tissue samples were collected from patients with 
ER + metastatic breast cancer who were treated with a 
CDK4/6i, with or without ET, and provided metastatic 
tumor biopsies (N = 112 biopsies, N = 89 patients). Tumor 
biopsies were classified as CDK4/6i-sensitive if obtained 
prior to CDK4/6i treatment from patients who subse-
quently experienced disease progression after > 6 months 
of therapy (N = 28 pre-treatment biopsies), acquired 
resistant if obtained from patients who progressed fol-
lowing > 6  months treatment with a CDK4/6i (N = 53 
post-treatment biopsies), and intrinsically resistant 
if obtained from patients who progressed within six 
months of treatment initiation (N = 31 pre-treatment 
biopsies) (details in Additional file 1: Table S1) [21]. 
This cohort included 23 pre-treatment sensitive tumors 
matched with post-treatment acquired resistant tumors 
from the same patient.

clonal outgrowth in mutant ER metastases, and partial overlap between metastatic and CDK4/6i-resistant subclones, 
supporting the dual role of specific populations in therapeutic resistance and metastatic colonization.

Conclusions  High-resolution lineage tracing and multi-omic studies demonstrate that CDK4/6i resistance is shaped 
by clonal selection and adaptive remodeling of cell states, with the ESR1 mutation status and the specific inhibitor 
acting as key determinants of evolutionary trajectories. These findings suggest that both variables should be 
considered when designing sequential and combination treatment strategies to overcome CDK4/6i resistance.

Keywords  Estrogen receptor-positive breast cancer, Mutant estrogen receptor, CDK4/6 inhibitor resistance, Clonal 
dynamics, Cell plasticity
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Tumor samples from this cohort were subjected to 
whole exome sequencing (WES) and RNA sequencing 
(RNA-seq). Clinical annotations were generated from 
the electronic medical record under the supervision of a 
board-certified medical oncologist and a cancer registrar 
(Additional file 1: Table S1). All samples included in this 
study were voluntarily donated by patients who provided 
informed consent under an institutional review board 
(IRB)-approved protocol (Dana-Farber/Harvard Cancer 
Center no. 05–246), which includes permission for sam-
ple acquisition, clinical data abstraction, sample analysis 
and data sharing. Analysis of biospecimens at the Broad 
Institute was performed under Broad Institute protocol 
number 15-370B.

The intrinsic resistant and sensitive cohorts were lim-
ited to biopsies that were obtained within 1 year prior to 
starting treatment with a CDK4/6i. Intrinsic resistance 
was defined as tumors that developed resistance within 
6 months of treatment with a CDK4/6i in the metastatic 
setting. Sensitive tumors were from patients that had dis-
ease stability or responsive disease for at least 6 months 
in the metastatic setting. Samples with acquired resis-
tance included biopsies that were acquired within 30 days 
prior to progression and up to 1  year after disease pro-
gression. These were samples that were obtained from 
patients that had disease stability or responsive disease 
for at least 6  months in the metastatic setting and later 
developed progressive disease.

These categories were defined based on the 6th and 
7th International consensus guidelines for the manage-
ment of advanced breast cancer (ABC7 guidelines) [21]. 
The cohort included 23 matched pairs consisting of a 
pre-treatment, CDK4/6i-sensitive tumor biopsy and a 
post-treatment, acquired resistant biopsy from the same 
patient.

Transcriptional analyses were performed only on 
samples from patients with acquired resistance who had 
a biopsy within 30 days of disease progression while on 
treatment (excluding patients who underwent a biopsy 
after the CDK4/6i was discontinued). Samples with non-
pathogenic ESR1 mutation were excluded from the tran-
scriptional analysis.

RNA-seq reads were mapped to the human genome 
(hg19) with STAR aligner [22]  with default parameters. 
Transcriptome quality was assessed using RNA-SeQC 2 
[23] and gene expression quantification was conducted 
using RSEM [24]. Samples with < 8,000 unique genes were 
removed from subsequent analyses. Gene expression was 
measured using upper quartile normalized log2(TPM + 1) 
values of expressed genes and corrected for tissue type 
(Frozen/OCT vs. FFPE) with receptor status as a covari-
ate using ComBat [25] in the sva package. Single sample 
gene set enrichment analysis was performed using the 
Hallmark gene sets [26, 27].

WES were captured using Illumina technology and the 
sequencing data processing and analysis was performed 
using the Picard and Terra pipelines at the Broad Insti-
tute. The Picard pipeline (http://​picard.​sourcef​orge​.net) 
was used to produce a BAM file with aligned reads. This 
includes alignment to the GRCh37 human reference 
sequence using the BWA aligner [28]  and estimation 
and recalibration of base quality score with the Genome 
Analysis Toolkit (GATK) [29]. A custom-made cancer 
genomics analysis pipeline was used to identify somatic 
alterations using the Terra platform ​(​​​h​t​t​p​s​:​/​/​a​p​p​.​t​e​r​r​a​.​b​i​
o​/​​​​​)​. The CGA WES Characterization pipeline developed 
at the Broad Institute was used to call, filter and annotate 
somatic mutations and copy number variation (CNV). 
GATK CNV  was used for the generation of accurate 
relative copy number profiles from the WES data and 
reference/alternate read counts at heterozygous single 
nucleotide polymorphism (SNP) sites present in both the 
normal and tumor samples. After accurate proportional 
coverage profiles were generated for a sample, Allelic 
CapSeg tool [30] was used to generate a segmented allelic 
copy ratio profile. Allelic copy number profile and muta-
tional call data were modeled jointly by ABSOLUTE 
[31]  to produce purity for the samples, a discrete copy 
number profile, and compute cancer cell fractions (CCF). 
Tumor samples which had a purity of 8% or more were 
used for downstream analysis. The clonal structure and 
clonal evolution of ESR1 mutations was inferred with 
PhylogicNDT [32].

Additional validation RNA-seq analyses were per-
formed in a smaller sample set of ER + and HER2-neg-
ative metastatic breast cancer biopsies with acquired 
resistance to palbociclib [33]. RNA-seq data for these 
patient samples are available in dbGaP (study accession 
phs001285.v2.p1).

Cell lines
MCF7 cells engineered to express a doxycycline (DOX)-
inducible-hemagglutinin (HA)-tagged Y537S mutant 
ER [13] were grown in DMEM supplemented with 10% 
fetal bovine serum (FBS), 10  µg/ml penicillin–strepto-
mycin-glutamine (PSG) and 500 µg/ml of geneticin (full 
medium), either without DOX (ER-WT MCF7 cells) or 
with 1 µg/ml DOX to induce the expression of the Y537S 
ER mutation (ER-mutant MCF7 cells). This model was 
extensively characterized in reference 13.

DOX-untreated engineered MCF7 cells were trans-
duced with the ClonTracer library [34], a high-com-
plexity 30  bp-long semi-random DNA barcode library 
which contains ~ 73 million unique barcodes (Addgene 
#69830). The packaging of the library into lentiviruses 
and the infection of the cells were performed follow-
ing the manufacturer’s instructions. Specifically, 20 mil-
lion DOX-untreated MCF7 cells were infected with the 
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Cells were authenticated by short tandem repeat profil-
ing (Bio-Synthesis, USA) and regularly tested for myco-
plasma contamination using the MycoAlert® Mycoplasma 
Detection Kit (Lonza) according to the manufacturer’s 
instructions.

Single cell clone isolation
Single cell clones were generated by serial limiting dilu-
tions of either ER-WT or ER-mutant vehicle-treated and 
palbociclib-resistant MCF7 cells, seeding 1 cell per well 
in 96-well plates.

To validate that the single cell clones originated from a 
single cell, single cell subclones were generated by serial 
limiting dilutions of either ER-WT or ER-mutant pal-
bociclib-resistant clonal cells, seeding 1 cell per well in 
96-well plates. 

ER-WT and ER-mutant vehicle-control clones were 
regularly cultured in full medium supplemented with 
0.01% DMSO, 1  µg/ml of puromycin, with or with-
out DOX. ER-WT and ER-mutant palbociclib-resistant 
clones and subclones were regularly cultured in full 
medium supplemented with palbociclib 1 µM, 1 µg/ml of 
puromycin, with or without DOX.

Droplet digital PCR (ddPCR) for validation of single cell 
clones
DNA was extracted from vehicle-control and palbociclib-
resistant clones using the Blood & Cell Culture DNA 
Midi Kit (Qiagen) and quantified by Nanodrop (Thermo 
Fisher Scientific). The allelic fraction of the barcodes 
enriched in a clone was assessed using the ddPCR™ Copy 
Number Variation Assay (Biorad) and the QX200 ddPCR 
system (Biorad). Data were analyzed with the QuantaSoft 
software (Biorad). The number of copies of the ASL gene/
clone was assessed with a pre-designed assay comprising 
both a specific ASL HEX probe and ASL-specific prim-
ers (dHsaCP2506678, Biorad) and used as a reference. 
The number of copies of the top enriched barcodes in 
each clone was checked using the primers and the FAM 
probes reported in Additional file 2: Table S2 and deter-
mined based on the barcode/ASL ratio.

Xenograft studies
Ovariectomized NSG (Jackson, RRID:IMSR JAX:005557) 
mice that were 5  weeks old were placed on 2000  ppm 
doxycycline diet and then implanted with 5 million 
MCF7 cells stably expressing the DOX inducible Y537S 
ESR1 mutation and the ClonTracer library. Specifically, 
cells were resuspended in 50% matrigel and injected in 
the right mammary fat pad. Weekly body weight and 
tumor caliper measurements were taken for the remain-
der of the study.

Eight days after cell injection, surgery was performed 
in 3 mice (#816, #818, #823) to remove the mammary 

ClonTracer library. To enhance virus infection, cells were 
maintained in full medium supplemented with 8  µg/ml 
of polybrene for 48 h. After transduction, the selection of 
the barcoded cells was performed by maintaining them 
in full medium supplemented with 2  µg/ml of puromy-
cin for 96 h. In order to ensure that each cell was infected 
with one barcode, the multiplicity of infection (MOI) 
was set at 0.1. The selected barcoded cells (parental cells) 
were expanded for 3 passages in full medium supple-
mented with 1  µg/ml of puromycin and the complexity 
of the library was assessed by barcode sequencing. Next, 
the parental cells were further expanded and divided to 
be maintained in full medium supplemented with 1 µg/
ml of puromycin, with or without DOX.

To generate three evolutionary replicates of ER-WT 
and ER-mutant palbociclib-resistant and abemaciclib-
resistant cells, DOX-treated and untreated MCF7 cells 
were cultured in triplicates over time and exposed to 
escalating doses of the drugs (50 nM, 100 nM, 200 nM, 
350  nM, 500  nM, 750  nM and 1  µM) every three pas-
sages. Cells were defined as resistant when their ability 
to proliferate in the presence of palbociclib or abemaci-
clib 1  µM was restored. Palbociclib-resistant and abe-
maciclib-resistant cells were regularly maintained in full 
medium supplemented with 1 µg/ml of puromycin, with 
or without DOX, and with palbociclib or abemaciclib 
1  µM, respectively. In parallel, as controls, ER-WT and 
ER-mutant MCF7 cells were cultured in vehicle (0.01% 
dimethyl sulfoxide, DMSO). To ensure equal barcode 
representation across replicates and minimize stochastic 
barcode losses over time, 30 million cells were plated at 
every passage. To assess the barcoding library distribu-
tion over time, resistant models were sequenced at three 
time points: an early time point (after 3 passages in full 
medium with palbociclib or abemaciclib at 50  nM), an 
intermediate time point (after 3 passages in full medium 
with palbociclib or abemaciclib at 200  nM), and at the 
time of resistance to palbociclib or abemaciclib. Control 
cells were sequenced at the same timepoints.

WT-ER was overexpressed in WT-ER PalboR MCF7 
cells by lentiviral transduction using a pLVX-ESR1_HA_
blast plasmid (an ESR1 overexpression construct carry-
ing a C-terminal 3 × HA tag). This plasmid was custom 
made by GenScript using the pLVX-IRES-puro vector. 
The pLVX-ESR1_HA_blast plasmid was packaged into 
viral particles in HEK293T cells using the pMD2.G (Add-
gene #12259) and psPAX (Addgene #12260)  lentiviral 
packaging vectors. Transduced cells were selected and 
maintained in full medium supplemented with 5  µg/ml 
blasticidin for 10 days. After selection, the WT-ER palbo-
ciclib-resistant MCF7 cells overexpressing WT-ER (ER-
OE PalboR MCF7 cells) were maintained in full medium 
supplemented with 1 µg/ml puromycin, 5 µg/ml blastici-
din, and 1 µM palbociclib.
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fat pad tumor (average tumor size: 92 mm3) and assess 
the complexity of the library of the injected cell popula-
tion. Survival surgery was performed in the remaining 10 
mice 28 days after cell injection (average tumor size: 350 
mm3). Primary tumors were collected from all the mice 
and snap frozen in liquid nitrogen. After the removal of 
the early mammary tumor, local tumor re-growth was 
monitored by caliper assessments of mammary fat pads. 
Metastatic tumor growth was monitored with MRI imag-
ing every 3 weeks. Mice were euthanized if they showed 
significant weight loss due to tumor burden, if tumors 
exceeded 2 cm in size, or if MRI scans revealed substan-
tial tumor burden. Recurrent tumors grown in the mam-
mary fat pad and distant metastases were collected and 
snap frozen in liquid nitrogen.

All mice were maintained and all procedures were con-
ducted in accordance with local guidelines and therapeu-
tic interventions approved by the Animal Care and Use 
Committees of Dana-Farber Cancer Institute, protocol 
04–111. Mice were housed up to 5 mice/cage. The room 
temperature was kept at 20–26 °C and humidity 30–70%. 
The animals were under a 12 h:12 h light–dark cycle and 
had ad libitum access to water and irradiated Laboratory 
Rodent Diet. Animals had at least 3 days of acclimation 
prior to study initiation. At the experimental endpoint, 
mice were euthanized by carbon dioxide inhalation using 
a gradual fill method, followed by a secondary physical 
method (cervical dislocation) to ensure death, in accor-
dance with institutional animal care guidelines and the 
American Veterinary Medical Association (AVMA) 
Guidelines for the Euthanasia of Animals.

Drugs
Palbociclib (cat. #S1579) and abemaciclib (cat. #S7158) 
for in vitro studies were purchased from Selleckchem.

Growth assays
Cells were seeded in triplicate in 96-well plates (5,000 
cells/well), and 24  h later (day 0) treated with palboci-
clib, abemaciclib, or vehicle (0.01% DMSO). At specific 
timepoints cells were stained with 0.4  µg/ml hoechst 
for nuclear staining and 4  µg/ml propidium iodide to 
label dead cells. The number of live and dead cells fol-
lowing drug treatments was counted using the Celigo 
image Cytometer (Nexcelom). For the IC50 studies, cells 
were counted at day 5 and the number of live cells was 
normalized against the number of cells treated with the 
respective drug’s vehicle. IC50 values were next calculated 
in Graphpad Prism using the log(inhibitor) vs. response 
– Variable slope (four parameters) function. For the GR 
metrics, cells were counted at day 0 and at day 6. GR50 
and GRmax values were next calculated using the R met-
rics package (v1.36) ​(​​​h​t​​t​p​s​​:​/​/​b​​i​o​​c​o​n​d​u​c​t​o​r​.​o​r​g​/​p​a​c​k​a​g​e​s​/​
G​R​m​e​t​r​i​c​s​/​​​​​)​. For the growth studies, the number of live 

cells at different timepoints was normalized to the num-
ber of live cells counted at day 0.

Functional analysis of ER-WT and ER-mutant impact on 
acquired CDK4/6i resistance
To assess the impact of the Y537S ESR1 mutation in the 
acquired resistance to CDK4/6is, two million ER-mutant 
and ER-WT palbociclib-resistant MCF7 cells that were 
maintained in full medium with and without DOX, 
respectively, and with palbociclib 1  µM, were seeded in 
10 cm dishes and cultured both with and without DOX 
for 4 weeks. At each passage, cells were counted and two 
million cells were replated. Cell numbers were normal-
ized to the re-plated cell number and plotted.

To determine whether restoring the expression of 
WT-ER in ER-WT palbociclib-resistant cells is sufficient 
to resensitize the cells to CDK4/6is, ER-WT palbociclib-
resistant MCF7 cells (no-DOX) were transduced to over-
express WT-ER (as above in the cell line section). Two 
million ER-WT palbociclib-resistant MCF7 cells, with 
and without ER-WT overexpression, were kept in their 
respective medium supplemented with palbociclib 1 µM. 
At each passage, cells were counted and two million cells 
were plated back. Cell numbers were normalized to the 
re-plated cell number and plotted.

Western blots
Whole cell protein extraction was performed scraping 
the cells with RIPA buffer (Boston BioProducts) supple-
mented with protease and phosphatase inhibitors (Sigma 
Aldrich). Cell pellets were incubated 30 min at 4 °C while 
rotating, sonicated for 1 min and centrifuged for 15 min 
at 4  °C at 14,000 g. Supernatants were assessed by BCA 
assay (Thermo Fisher Scientific) to measure the protein 
concentration of the extracts, following the manufactur-
er’s instructions. Samples were subjected to SDS-PAGE 
by using NuPAGE 4 to 12% Bis–Tris gels (Life Tech-
nologies) and blotted on Trans-Blot Turbo Midi Nitro-
cellulose membranes (Bio-Rad Laboratories). Primary 
antibodies: Rb (4H1) (CST #9309, 1:1,000), ER (D6R2W) 
(CST #13258, 1:1,000) and GAPDH (D16H11) (Brand 
CST #5174, 1:1,000). Secondary antibodies: anti-rabbit 
(Invitrogen #31458, 1:2,500) and anti-mouse (Invitrogen 
#SA1-100, 1:2,500).

Barcodes sequencing
Genomic DNA was extracted from 10 million cells or fro-
zen pulverized tumors using Blood & Cell Culture DNA 
Kit (Qiagen). Library preparation was performed using 
2  µg of genomic DNA, Titanium Taq DNA Polymerase 
(Takara Bio) and primers following the PCR conditions 
reported in Additional file 2: Table S2.

The PCR product (~ 183  bp) was purified using the 
QIAquick PCR purification kit (Qiagen) following the 
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manufacturer’s protocol, quantified by Qubit dsDNA 
high-sensitivity assay (ThermoFisher Scientific) and 
sequenced at the Molecular Biology Core Facility of 
Dana-Farber Cancer Institute by Illumina NS500 Single-
End 75 bp sequencing, using the Illumina custom primer ​
G​C​G​A​C​C​A​C​C​G​A​G​A​T​C​T​A​C​A​C​A​C​T​G​A​C​T​G​C​A​G​T​C​T​
G​A​G​T​C​T​G​A​C​A​G.

Barcode sequencing analyses
The barcode composition analysis was performed using 
the ClonTracer algorithm as previously described [34] 
and as reported in Addgene (Addgene #69830, ​h​t​t​​p​s​:​/​​/​w​
w​​w​.​​a​d​d​g​e​n​e​.​o​r​g​/​p​o​o​l​e​d​-​l​i​b​r​a​r​y​/​c​l​o​n​t​r​a​c​e​r​/​​​​​)​.​​

Barcode-level analyses
Low-frequency barcodes, defined as barcodes with frac-
tions less than a chosen threshold fraction across all sam-
ples for models included in an analysis, were removed 
prior to the generation of the barcode fraction heatmaps 
(threshold = 0.01), the hierarchical clustering of all the 
bulk samples (threshold = 0.001), and the study of the 
dynamics of cell clusters within each condition (thresh-
old = 0.001). These low-frequency barcodes were retained 
for barcode-level entropy calculations.

For barcode fraction heatmaps, Euclidean distances 
between barcodes (samples) were calculated on rows 
(columns) of the (barcodes x samples) natural-log trans-
formed barcode fraction matrix and hierarchically clus-
tered with complete linkage. A pseudocount of 1e-12 was 
added to all barcode fractions prior to log transforming 
for distance calculations.

Barcode distributions were compared across pairs of 
samples using the log2 unit Jensen-Shannon (JS) diver-
gence using the philentropy (v0.9.0) R package [35]. 
Matrices of JS divergences among samples were hierar-
chically clustered using complete linkage. The JS diver-
gences between samples and their respective parental 
control were compared across three timepoints to assess 
the progression of clonal selection using two-sided paired 
t-tests adjusted for multiple comparisons using the Holm 
procedure with pairing by evolutionary replicate.

Clonal selection among the barcodes at the endpoint 
for each sample was compared by calculating the normal-
ized, natural-log unit Kullback–Leibler (KL) divergence 
of the sample barcode fraction distribution against a ref-
erence discrete uniform distribution over the same num-
ber of barcodes and normalizing by the total number of 
barcodes using the philentropy (v0.9.0) R package [35]. 

Normalized KL divergences at the barcode level were 
compared between models using two-sided, unpaired, 
unequal variances t-tests using rstatix (v0.7.2) ​(​​​h​t​​t​p​s​​:​/​/​d​​
o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​r​s​t​a​t​i​x​​​​​) and adjusting for 
multiple testing with the Holm procedure [36].

Cellular population-level analyses
Cellular populations per model were chosen by taking the 
(barcode x sample) barcode fraction matrix across one 
parental model and all 3 timepoints (Early, Middle, End) 
for all 3 evolutionary replicates of a model (10 samples 
total) and fitting a Poisson GLM per row and extracting 
the Poisson Pearson residual (PPR) matrix. Euclidean dis-
tances between barcodes were calculated on rows of the 
PPR matrix and hierarchically clustered with complete 
linkage. The resulting dendrogram was cut to get 8 cel-
lular populations per model.

Clonal selection among the 8 cellular populations at 
the End timepoint for each sample per condition was 
evaluated by calculating the normalized, natural-log KL 
divergence of the cellular population fraction distribution 
(rescaled to 1) against a reference discrete uniform distri-
bution over 8 elements using the philentropy (v0.9.0) R 
package [35].

Normalized KL divergences at the cellular population 
level were compared between models using unpaired, 
t-tests with unequal variances, using rstatix (v0.7.2) 
(https:/​/doi.or​g/10.32​614/​CRAN.package.rstatix), and 
were adjusted for multiple testing with the Holm proce-
dure where appropriate [36].

All barcoding analyses were done in R (v4.3.2, v4.4.1) 
using tidyverse (v2.0.0) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​
.​p​a​c​k​a​g​e​.​t​i​d​y​v​e​r​s​e​​​​​) packages and readxl (v1.4.5) ​(​​​h​t​​t​p​s​​:​/​
/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​r​e​a​d​x​l​​​​​)​. Plots were ​c​
r​e​a​t​e​d in R, using ggplot2 (v3.5.2) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​
6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​g​g​p​l​o​t​2​​​​​)​, RColorBrewer (v1.1–3) ​(​​​h​
t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​R​C​o​l​o​r​B​r​e​w​e​r​​​​​)​
, pheatmap (v1.0.12) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​
a​c​k​a​g​e​.​p​h​e​a​t​m​a​p​​​​​)​, and ggpubr (v0.6.0) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​
0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​g​g​p​u​b​r​​​​​)​, or in GraphPad Prism 
(version 10.0.0).

WES of cell models
Genomic DNA was extracted from 10 million cells or 
frozen pulverized tumors using Blood & Cell Culture 
DNA Kit (Qiagen). Quality controls, library prepara-
tion and WES were performed at Novogene Corporation 
Inc. Sequencing libraries were generated using Agilent 
SureSelectXT2 Homo Sapiens All Exon V6 Kit (Agilent 
Technologies, CA, USA) based on the manufacturer’s 
recommendations. WES was conducted by Illumina 
Paired-End 150 bp sequencing.

Cell line WES analysis
Mutation calling
Mutation calling was performed as described here: ​h​t​t​​p​
s​:​/​​/​a​s​​s​e​​t​s​-​​e​u​.​r​​e​s​e​​a​r​​c​h​s​​q​u​a​r​​e​.​c​​o​m​​/​f​i​l​e​s​/​r​s​-​4​2​7​0​7​5​8​/​v​1​/​
7​8​4​d​1​5​e​4​-​7​6​5​a​-​4​b​1​e​-​a​0​2​b​-​7​c​9​3​6​8​0​b​7​0​7​c​.​p​d​f​?​c​=​1​7​1​6​5​
6​4​4​9​9​​​​​. Briefly, somatic single nucleotide variants were 
called using MuTect [37], followed by filters to remove 
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any mutations due to OxoG artifacts. A BLAT realign-
ment filter was used downstream to remove any muta-
tions having potentially mismapped reads. In our analysis 
we used the parental cell line as a control sample. For 
details, refer to code in GitHub (link provided in the 
Data availability section).

CNV
We used the GATK-CNV ​(​​​h​t​​t​p​s​​:​/​/​g​​i​t​​h​u​b​.​c​o​m​/​g​a​t​k​-​w​
o​r​k​f​l​o​w​s​/​g​a​t​k​4​-​s​o​m​a​t​i​c​-​c​n​v​s​​​​​) segmentation algorithm 
to assign copy-number segments along the exomes. 
To obtain gene-level copy ratio calls, a read-count nor-
malization was performed by calculating separately for 
vehicle-control cells, drug-resistant cells and parental 
cells, the proportion of all reads that mapped to a gene 
of interest. The samples had systematic differences in 
coverage; for instance, the samples treated with abemaci-
clib had greater average depth than most samples treated 
with palbociclib. To mitigate sample-specific variance 
differences while preserving within-sample copy-num-
ber patterns, we applied per-sample z-score normaliza-
tion prior to visualization. The normalized proportion of 
reads that mapped to a gene computed for the vehicle-
control and drug-resistant cells was then divided by that 
one computed for the parental cells, to further normalize 
the gene-level read count. Code implementation can be 
found in GitHub (link provided in the Data availability 
section).

Bulk RNA-seq of cell models
Total RNA was extracted from cells seeded in 6-well 
plates using TRIzol (Life Technologies) and RNeasy 
Mini Kit (Qiagen). Quality controls, library preparation 
and RNA-seq were performed at the Molecular Biology 
Core Facility of Dana-Farber Cancer Institute. RNA-seq 
libraries were prepared using KAPA mRNA HyperPrep 
Kit (Roche). The RNA was sequenced by Illumina Nova-
seq6000 Paired-End 150  bp sequencing. RNA extrac-
tion and sequencing were performed at least in technical 
duplicates.

RNA-seq analysis
Sequenced reads were aligned to the hg19 reference 
genome assembly and samples were analyzed using 
the pipeline VIPER [38]. Alignment to the hg19 human 
genome was done using STAR v2.7.0f followed by tran-
script assembly using cufflinks (v2.2.1) [39] and RseQC 
(v2.6.2) [40]. Batch effect adjustments were made using 
ComBat [25]. Differential expression analysis was done 
using DEseq2 (v1.18.1) [41].

Single cell-RNA sequencing (scRNA-seq)
To perform scRNA-seq analyses we used single-cell sus-
pensions from parental cells and ER-WT and ER-mutant 

vehicle-control, palbociclib-resistant and abemaciclib-
resistant cells. Specifically, for vehicle-control, palboci-
clib-resistant and abemaciclib-resistant conditions, the 
scRNA-seq was performed on the evolutionary replicates 
#3. ScRNA-seq analyses were also performed on the 
ER-WT palbociclib-resistant clone #3_15. 

ScRNA-seq libraries were prepared at the Translational 
Immunogenic Lab at Dana-Farber Cancer Institute, 
according to 10 × Genomics Chromium Next GEM Single 
Cell 3’ v3.1 protocol and using cell stock concentrations 
with a likelihood of around 8,000 transcriptomes recov-
ering. The quality of the libraries was checked by Bioana-
lyzer using the High Sensitivity DNA kit (Agilent). The 
RNA was sequenced by Illumina HiSeq or Novaseq6000 
Paired-End 150 bp sequencing at Novogene Corporation 
Inc.

ScRNA-seq analysis
Samples were aligned with the nf-core/scrnaseq (v2.7.1) 
[42] pipeline from the collection of nf-core workflows 
[43] using the Bioconda [44] and Biocontainers [45] envi-
ronments and Nextflow (v23.04.1). Alignment was done 
using the default Salmon Alevin [46, 47] pseudoaligner to 
the hg38 reference genome and GENCODE GTF, using 
pre-built reference assemblies and annotations from refg-
enie (v0.12.1) [48, 49] with custom options ‘–profile sin-
gularity’, ‘–protocol 10X3’, and ‘–skip-emptydrops’.

Salmon Alevin outputs were imported into R using 
fishpond (v2.10.0) [50] in mode ‘loadFry(outputFormat 
= "snRNA")’ and empty droplets and dead cells were fil-
tered out by exploratory data analysis of QC metrics and 
manually choosing thresholds to keep cells with percent 
mitochondrial reads ≤ 25%, minimum number of genes 
with nonzero reads per cell ≥ 100, and minimum total 
number reads per cell ≥ 10,000. DropletUtils (v1.24.0) 
emptyDrops function was used to predict empty drop-
lets, keeping cells with an FDR ≤ 0.01 [51, 52]. Count 
matrices were converted using SeuratObject (v5.0.2) 
(https:/​/doi.or​g/10.32​614/​CRAN.package.SeuratObject) 
into Seurat (v5.2.1) [53] objects.

Dimensionality reduction was done by Poisson general-
ized linear model principal components analysis (GLM-
PCA) [54, 55] on the gene count matrix as input and 
considering the top 2,500 genes with the highest deviance 
across all cells using scry R package (v1.12.0) ​(​​​h​t​​t​p​s​​:​/​/​d​​
o​i​​.​o​r​g​/​1​0​.​1​8​1​2​9​/​B​9​.​b​i​o​c​.​s​c​r​y​​​​​) as input to fastglmpca [56] 
(v0.1–103) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​f​a​s​t​
g​l​m​p​c​a​​​​​) with 50 GLM-PCs chosen. A UMAP dimension-
ality reduction was calculated on the first 50 GLM-PCA 
principal components (GLM-PCs) as input using the 
uwot R package (v0.2.3) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​
.​p​a​c​k​a​g​e​.​u​w​o​t​​​​​)​.​​

Cell–cell distances within each sample were calculated 
as Euclidean distances on the first 50 GLM-PCs on all 
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pairwise comparisons of 1,000 sampled random cells per 
sample.

Cell cycle phases were predicted using Seurat’s Cell 
Cycle Scoring function on expression values from Seurat’s 
default NormalizeData (normalization.method = 'Log-
Normalize') normalization.

Clustering was done using kmeans clustering on the 
first 50 GLM-PCs. A combination of exploratory plots of 
cell embeddings, silhouette scores, expression of marker 
gene sets, and clustering tree diagrams examining size, 
stability, and separation of clusters were used to choose 
the number of biologically meaningful clusters per sam-
ple using the cluster (v2.1.8) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​
C​R​A​N​.​p​a​c​k​a​g​e​.​c​l​u​s​t​e​r​​​​​) and clustree (v0.5.1) R packages 
[57]. In downstream analyses split by cell cycle phase, 
clusters were subsequently subdivided into cells of a par-
ticular predicted cell cycle phase.

Gene set testing was performed by calculating the 
quasi-Poisson GLM Wald statistic for each gene for com-
paring expression rates either between pairs of samples 
or between clusters within a sample, where each gene for 
each sample has its own estimated overdispersion term 
using Matrix (v1.7–3) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​
.​p​a​c​k​a​g​e​.​M​a​t​r​i​x​​​​​) and MatrixGenerics (v1.16.0) ​(​​​h​t​​t​p​s​​:​/​/​
d​​o​i​​.​o​r​g​/​1​0​.​1​8​1​2​9​/​B​9​.​b​i​o​c​.​M​a​t​r​i​x​G​e​n​e​r​i​c​s​​​​​)​. Genes were 
ranked by these Wald statistics prior to pre-ranked cor-
relation-adjusted mean rank gene set testing using cam-
eraPR [58] from limma (v3.60.6) [59] on the Hallmark 
gene collection with msigdbr [60] (v7.5.1) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​
g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​m​s​i​g​d​b​r​​​​​)​. For gene set ​t​e​s​t​i​n​
g between two models, genes were ranked by the Wald 
statistic comparing the difference of expression rates 
between those two models. For gene set testing of one 
cluster compared to multiple others (marker gene set set-
ting), we rank genes based on all of the Wald statistics 
comparing that fixed cluster to the others. For a gene, if 
all such Wald statistics are positive, we take their mini-
mum as the ranking-statistic for that gene, if all negative, 
we take their maximum as the ranking-statistic for that 
gene, and if they are mixed, we take zero as the ranking-
statistic for that gene. This prioritizes marker genes that 
have expression rates that are larger or smaller than all 
other clusters as distinctive markers and places genes that 
are mixed among the other clusters in the middle of the 
ranked gene list. For within-sample across-cluster test-
ing, we omitted any cluster where there were fewer than 
50 genes, and for across-cluster comparisons within a 
cell cycle phase, we compared clusters of cells for a single 
predicted cycle phase (S, G1, G2M) at a time. Multiple 
testing of gene sets was accounted for by controlling the 
false discovery rate (FDR) within families of tests using 
the Benjamini–Hochberg procedure [61].

Copy number inference was run on the gene count 
matrix with the R package inferCNV (v1.20.0) (inferCNV 

of the Trinity CTAT Project. ​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​​​​​)​, considering the parental cells as the 
reference population and using the following options: 
infercnv::run(cutoff = 0.1, cluster_by_groups = TRUE, 
denoise = TRUE, HMM = FALSE) and infercnv::plot_
cnv(cluster_by_groups = TRUE, x.center = 1, 
x.range = "auto", hclust_method = 'ward.D', color_safe_
pal = FALSE, png_res = 300, dynamic_resize = 0).

All scRNA-seq analyses were performed in R (v4.3.2, 
v4.4.1) using tidyverse (v2.0.0) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​
/​C​R​A​N​.​p​a​c​k​a​g​e​.​t​i​d​y​v​e​r​s​e​​​​​) packages. Plots were created 
using ggplot2 (v3.5.2) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​
a​c​k​a​g​e​.​g​g​p​l​o​t​2​​​​​) and RColorBrewer (v1.1–3) ​(​​​h​t​​t​p​s​​:​/​/​d​​o​i​​.​
o​r​g​/​1​0​.​3​2​6​1​4​/​C​R​A​N​.​p​a​c​k​a​g​e​.​R​C​o​l​o​r​B​r​e​w​e​r​​​​​)​.​​

ATAC-sequencing (ATAC-seq)
Nuclei extraction from vehicle-control, palbociclib-resis-
tant and abemaciclib-resistant MCF7 cells, either ER-WT 
or ER-mutant, and transposition reactions were per-
formed as previously described [62].

Briefly, cells were collected and washed. Cells pellets 
were resuspended and incubated for 3  min in 50 µL of 
cold ATAC-seq resuspension buffer (RSB; 10  mmol/L 
Tris–HCl pH 7.4, 10 mmol/L NaCl, and 3 mmol/L MgCl2 
in water) containing 0.1% NP40, 0.1% Tween-20, and 
0.01% digitonin. After the incubation, cells were resus-
pended in 1 mL of cold RSB containing 0.1% Tween-20 
but no NP40 or digitonin and centrifuged. Nuclei were 
then resuspended in 50 μL of transposition mix (25 μL 
2 × TD buffer, 2.5 μL transposase (100 nmol/L final), 16.5 
μL PBS, 0.5 μL 1% digitonin, 0.5 μL 10% Tween-20, and 
5 μL water). Transposition reactions were incubated at 
37 °C for 30 min with 1,000 rpm mixing. Reactions were 
cleaned up with Qiagen MinElute Kit following the man-
ufacturer’s instruction.

Library preparation was performed as previously 
described [63] using 5 uM Customized Nextera PCR 
primers, Invitrogen 10X SYBR Green I, NEBNext High-
Fidelity 2X PCR Master Mix (New England Labs).

The amplified libraries were purified using Qiagen PCR 
Cleanup Kit according to the manufacturer’s protocol 
and sequenced at Novogene.

ATAC-seq analysis
Analysis was done using COBRA [64] and CHIPS 
[65]. Sequence tags were aligned to the hg19 reference 
genome using the Burrows-Wheeler Aligner (BWA) 
[28]; only uniquely mapped, non-redundant reads were 
retained. These reads were used to generate binding 
sites with Model-Based Analysis of ChIP-Seq 2 (MACS 
v2.1.1.20160309) [66], with an FDR threshold of 0.01. 
DESeq2 [41] was used to identify differentially accessible 
regions between drug-resistant vs vehicle-treated cells, 
ER-mutant vs ER-WT cells, and abemaciclib-resistant 
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Fig. 1 (See legend on next page.)
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vs palbociclib-resistant cells. Gained or lost peaks were 
defined with the threshold of log2 fold change of > 1 
or < – 1, respectively, and adjusted p-value < 0.05. Binding 
and Expression Target Analysis (BETA basic) (v1.0.7) [67] 
was used to integrate differentially accessible chromatin 
sites with differential gene expression data to infer direct 
target genes.

Results
ESR1 mutations are enriched in acquired CDK4/6i and ET 
resistance
To determine the clinical relevance of ESR1 mutations in 
CDK4/6i resistance, we assembled a cohort of patients 
with ER + metastatic breast cancer who were treated 
with a CDK4/6i, with or without ET, and provided meta-
static tumor biopsies (N = 112 biopsies, N = 89 patients) 
as part of an IRB–approved tissue collection proto-
col [20]. Tumor biopsies were classified as CDK4/6i-
sensitive if obtained prior to CDK4/6i treatment from 
patients who subsequently experienced disease progres-
sion after > 6  months of therapy (N = 28 pre-treatment 
biopsies), acquired resistant if obtained from patients 
who progressed following > 6  months treatment with a 
CDK4/6i (N = 53 post-treatment biopsies), and intrinsi-
cally resistant if obtained from patients who progressed 
within six months of treatment initiation (N = 31 pre-
treatment biopsies) (Fig. 1A) (Additional file 1: Table S1). 
This cohort included 23 pre-treatment sensitive tumors 

matched with post-treatment acquired resistant tumors 
from the same patient.

Samples were subjected to whole exome sequenc-
ing (WES), and comparison of the frequency of ESR1 
pathogenic mutations within each subgroup showed 
that the ESR1 mutations were enriched in biopsies of 
acquired resistance compared with sensitive tumors 
(p-value = 0.007, Fisher’s test). Although ESR1 mutations 
were numerically more frequent in intrinsically resistant 
tumors than in sensitive tumors, this difference was not 
statistically significant (p-value = 0.432) (Fig.  1B). The 
cohort included four matched pre-and post-CDK4/6i 
treatment biopsy pairs in which a pathogenic ESR1 muta-
tion was detected in at least one sample. We analyzed the 
variant allele fraction (VAF) of the ESR1 mutations and 
performed phylogenetic analyses on these paired samples 
(Fig.  1C-D). In three pairs, the ESR1 mutation was not 
detected in the pre-treatment sample but emerged after 
treatment with a VAF of near 1 and a cancer cell frac-
tion of above 80%, consistent with near clonal represen-
tation after treatment. In one patient, the ESR1 E380Q 
mutation was present as a truncal event. Taken together, 
these findings support enrichment of ESR1 mutations 
in tumors with CDK4/6i-acquired resistance and treat-
ment-associated expansion of ESR1-mutant subclones. 
Based on these observations, we next investigated the 
functional role of ESR1 mutations in models of acquired 
CDK4/6i resistance.

(See figure on previous page.)
Fig.  1  ESR1 mutation enrichment in clinical samples and cell models after acquired CDK4/6i resistance in ER + breast cancer. A  Patient cohort and 
tumor biopsy classification based on patient sensitivity to CDK4/6i-treatment (palbociclib or abemaciclib). Sensitive biopsies were collected within 1 year 
prior to starting treatment with a CDK4/6i from patients that had disease stability or responsive disease for at least 6 months in the metastatic setting. 
Intrinsic resistant biopsies were obtained from patients that developed resistance within 6 months of treatment with a CDK4/6i in the metastatic set-
ting and were collected within 1 year prior to starting the treatment. Acquired resistance biopsies were obtained within 30 days prior to progression 
and up to 1 year after disease progression from patients that had disease stability or responsive disease for at least 6 months in the metastatic setting 
and later developed progressive disease. B Percentage of ESR1-mutant tumor biopsies in each subgroup: CDK4/6i-sensitive, CDK4/6i-intrinsic resistance, 
and CDK4/6i-acquired resistance. Fisher’s exact test was applied for comparisons between subgroups. C Variant allele fraction (VAF) of pathogenic ESR1 
mutations in four matched tumor biopsies, collected at baseline (pre) and after acquired resistance to 1 st line palbociclib treatment (post). D Cancer cell 
fraction (CCF) of pathogenic ESR1 mutations in the four matched tumor biopsies (as in panel C) at baseline (pre 1 st CDK4/6i) and after the development of 
acquired resistance (post 1 st CDK4/6i). E Schema of the in vitro lineage tracing of the clonal evolution in CDK4/6i resistance using DNA-barcoded ER-WT 
and ER-mutant MCF7 cells. MCF7 cells with stable expression of a DOX inducible HA-tagged Y537S ESR1 construct were transduced with the ClonTracer 
library at a multiplicity of infection (MOI) of 0.1 and divided into DOX-treated and untreated flasks. The DNA barcoded ER-WT and ER-mutant cells were 
further subdivided into treatment groups cultured with escalating doses of palbociclib or abemaciclib and the vehicle of the drugs (vehicle-controls). 
Each condition included three evolutionary replicates. The distribution of the barcoding library was assessed in the parental cells and in all the vehicle-
control and drug-treated models, at different time points: an early time point (after 3 passages in full medium with palbociclib or abemaciclib at 50 nM), 
an intermediate time point (after 3 passages in full medium with palbociclib or abemaciclib at 200 nM), and at the time of resistance to palbociclib or 
abemaciclib. Vehicle-control cells were analyzed at the same number of passages as their respective drug-treated counterparts. Parental cells and all the 
resistant cell models were characterized by multi-omic analyses. F Percentage of ESR1-WT and Y537S ESR1-mutant mRNA reads estimated in bulk RNA-seq 
data from ER-WT parental MCF7 cells and from evolutionary replicates (#1, #2, #3) of ER-WT and ER-mutant palbociclib-resistant (PalboR), abemaciclib-
resistant (AbemaR), and vehicle-maintained MCF7 cells. Percentages were computed within each sample. G Quantification of total ESR1 mRNA in ER-WT 
and ER-mutant PalboR, AbemaR, and vehicle-maintained MCF7 cells, reported as Reads Per Kilobase per Million mapped reads (RPKM). The ESR1 mRNA 
level was estimated from bulk RNA-seq data. Each boxplot shows the quartile distribution of the total ESR1 mRNA in each experimental condition, with 
dots representing individual technical replicates. Statistical comparisons among conditions were performed using a one-way ANOVA followed by Tukey’s 
multiple comparisons test (*, p < 0.05; **, p < 0.01, ***, p < 0.001,****, p < 0.0001). H Protein expression of ER in whole cell lysates from parental cells and 
from evolutionary replicates (#1, #2, #3) of ER-WT and Y537S ER-mutant vehicle-control, PalboR and AbemaR MCF7 cells. ER expression in parental cells 
was assessed after the cells were cultured in full medium with or without DOX for 72 h. In the ER-mutant cells, the expression level of the endogenous ER 
is represented by the lower ER band, while the expression level of the exogenous DOX-induced Y537S-mutant ER is represented by the upper HA-tagged 
ER band. GAPDH expression was used as loading control
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Fig. 2 (See legend on next page.)
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The Y537S ESR1 mutation shapes the clonal evolution of 
CDK4/6i-resistant cells
To study the clonal evolution during acquired resistance 
to CDK4/6is, we employed the ClonTracer DNA barcod-
ing system [34] with three primary objectives: (i) track 
clonal dynamics during the acquisition of resistance to 
CDK4/6i, (ii) assess the impact of the ESR1 Y537S muta-
tion on these dynamics, and (iii) compare the clonal 
dynamics in acquired resistance to palbociclib versus 
abemaciclib, two distinct CDK4/6is. MCF7 cells with 
stable expression of a doxycycline (DOX) inducible hem-
agglutinin (HA)-tagged Y537S ESR1 construct [13] were 
transduced with the ClonTracer barcoding library at a 
MOI of 0.1 to minimize multiple barcode integrations 
per cell (Fig. 1E). Following confirmation of the even dis-
tribution and high diversity of the barcoded population 
(average of unique barcodes = 303,756, 95% CI = 300,796 
to 306,715) (Additional file 3: Fig. S1A) (Additional file 
4: Table S3), cells were expanded and divided into DOX-
treated and untreated flasks, and further subdivided into 
treatment groups with vehicle-control, escalating doses 
of palbociclib or escalating doses of abemaciclib. Each 
condition included three evolutionary replicates plated 
at a 100-fold barcode representation to limit stochastic 
losses of barcodes during passaging and to ensure com-
parable starting barcode representation across replicates. 
Each replicate constitutes an independent realization of 
an evolutionary trajectory initiated from the same ances-
tral, barcoded population and subjected to identical 
selective pressures.

At baseline, expression of the Y537S ESR1 mutation 
had a limited impact on sensitivity to either palbociclib 
or abemaciclib. As expected, exposure to escalating doses 
of CDK4/6is led to the acquisition of resistance (Addi-
tional file 5: Table S4) (Additional file 3: Fig. S1B-H). 
ESR1 Y537S mRNA measurements confirmed expres-
sion of ER mutant transcript in all DOX-treated cells 
(Fig. 1F). Total ESR1 mRNA levels were increased in pal-
bociclib and abemaciclib-resistant cells expressing the 
ESR1 Y537S mutation compared to the vehicle-treated 

counterparts. In contrast, ER-WT resistant cells had 
lower total ESR1 mRNA levels compared to their vehicle-
control (Fig. 1G) (Additional file 6: Table S5). At the pro-
tein level, cells without DOX treatment did not express 
mutant ER, as expected. In these cells, WT-ER expres-
sion decreased after acquisition of CDK4/6i resistance. 
In parental cells, mutant ER expression was confirmed 
after 72 h of DOX exposure. However, prolonged culture 
in vehicle led to loss of mutant ER expression, consistent 
with prior observations that the Y537S ESR1 mutation 
does not provide a fitness advantage in full medium con-
ditions. In contrast, Y537S ESR1 expressing cells treated 
with palbociclib or abemaciclib retained mutant ER 
expression (Fig. 1H). These differences in ER expression 
in distinct conditions provide initial evidence supporting 
a role of the Y537S ESR1 mutation in the development of 
CDK4/6i resistance.

Long-term treatment of cells with vehicle or increasing 
doses of palbociclib and abemaciclib led to gradual selec-
tion of specific cellular subpopulations, as shown by bar-
code sequencing at the three time points (Fig. 2A-B and 
Additional file 3: Fig. S2A-B), consistent with recent stud-
ies showing that adaptive resistance to target therapies 
occurs along a continuum [68, 69]. Relative to vehicle-
control, CDK4/6i treatment led to stronger enrichment 
of specific barcodes. Using a cut-off defined by the maxi-
mum single-barcode fraction in the parental population 
(fraction = 0.000172), we found that in ER-WT cells an 
average of 738 barcodes (ranging from 728 to 746 across 
the three replicates) were enriched in the vehicle condi-
tion, and an average of 270 barcodes (ranging from 234 
to 290 across the three replicates) were enriched in the 
vehicle-treated ER mutant cells. In palbociclib-resis-
tant cells, 88 barcodes (ranging from 59 to 107 across 
the three replicates) and 115 barcodes (ranging from 78 
to 142 across the three replicates) were enriched in the 
ER-WT and ER-mutant conditions, respectively. Given 
the barcode complexity at baseline prior to treatment 
(303,756 barcodes), this corresponds to 0.029% and 
0.038% of parental cells contributing to the ER-WT and 

(See figure on previous page.)
Fig. 2  Clonal evolution of ER-WT and ER-mutant palbociclib-resistant and abemaciclib-resistant cells. A-B Cumulative curves showing the progressive 
selection of barcodes in ER-WT and Y537S ER-mutant evolutionary replicates of palbociclib-resistant (PalboR) (A) and abemaciclib-resistant (AbemaR) 
(B) MCF7 cells. The barcodes were sequenced at three timepoints (early time-point: palbociclib and abemaciclib 50 nM; middle time-point: palbociclib 
and abemaciclib 200 nM; late time-point: defined as resistance with cells growing in 1 µM palbociclib or abemaciclib). C-D Unsupervised hierarchical 
clustering of vehicle-control and PalboR (C) and vehicle-control and AbemaR (D) evolutionary replicates (N = 3) of ER-WT and Y537S ER-mutant MCF7 
cells, based on barcode fractions. The clustering includes only barcodes with a fraction ≥ 0.01 in at least one sample. Barcode fraction is shown as log10 
barcode fraction in a yellow–purple color gradient (yellow: low enrichment; purple: high enrichment). Barcodes with a fraction < 0.01 or not detected are 
shown in gray. E–F Normalized Kullback–Leibler (KL) divergence of barcode distribution in vehicle-control and PalboR (E) and vehicle-control and Abe-
maR (F) evolutionary replicates (N = 3) of ER-WT and Y537S ER-mutant MCF7 cells, relative to a discrete uniform distribution. Lower values indicate more 
similar distributions, and higher values indicate more divergent distributions. Statistical comparisons among conditions were performed using two-sided 
unequal-variances t-tests with each set of comparisons adjusted for multiple testing using the Holm procedure (n.s, not significant; *, p-adjusted ≤ 0.05; **, 
p-adjusted ≤ 0.01; ***, p-adjusted ≤ 0.001; ****, p-adjusted ≤ 0.0001). G-H Jensen-Shannon (JS) divergences in vehicle-control and PalboR (G) and vehicle-
control and AbemaR (H) evolutionary replicates (N = 3) of ER-WT and Y537S ER-mutant MCF7 cells, based on barcode fraction distributions. The JS diver-
gence between two barcode distributions is indicated by the blue-white color gradient (blue: similar distributions; white: divergent distributions) and is 
reported in each square. Rows and columns are hierarchically clustered by their divergences. Numbers 1, 2 and 3 indicate distinct evolutionary replicates
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ER-mutant palbociclib-resistant cells, respectively. Using 
the same threshold, abemaciclib-resistant cells showed 
enrichment of 46 barcodes (ranging from 40 to 50 across 
the three replicates) in the ER-WT cells and 29 barcodes 
(ranging from 18 to 38 across the three replicates) in the 
ER-mutant cells. These values indicate that 0.015% and 
0.0097% of parental cells contributed to ER-WT and ER-
mutant abemaciclib-resistant populations, respectively 
(Additional file 4: Table S3).

To begin to decipher differences in the barcode selec-
tion in WT and mutant ER cells with palbociclib and 
abemaciclib resistance, we performed unsupervised 
hierarchical clustering of barcode fractions, restricting 
the analysis to barcodes with a fraction ≥ 0.01 in at least 
one sample. In all conditions, the three evolutionary rep-
licates had the strongest level of similarity (Fig.  2C-D). 
The impact of the expression of the Y537S mutation on 
the barcode selection differed between palbociclib and 
abemaciclib resistance. In the palbociclib- and vehicle-
treated cells, the primary clustering split grouped the 
cells by ESR1 mutational status, followed by treatment 
type (vehicle-control versus palbociclib) (Fig.  2C). Con-
versely, in the abemaciclib- and vehicle-treated cells, 
treatment was the dominant driver of clustering, fol-
lowed by ESR1 mutational status (Fig.  2D). Consistent 
with these patterns, the normalized Kullback–Leibler 
(KL) divergence, which quantifies the extent to which the 
barcode distribution in each condition differs from that 
of the parental population and thus reflects changes in 
clonal population structure, was higher in palbociclib-
resistant WT-ER than in palbociclib-resistant mutant-ER 
cells (adjusted p-value < 0.01, t-test with each comparison 
adjusted for multiple testing using the Holm procedure) 
(Fig. 2E). This finding indicates that the ESR1 mutation is 
associated with altered clonal dynamics during the evolu-
tion of palbociclib resistance, with reduced dependence 
on marked enrichment of a limited number of subclones. 
In contrast, the normalized KL divergence was similar 
between WT-ER and mutant-ER abemaciclib-resistant 
cells (adjusted p-value > 0.05, t-test with each compari-
son adjusted for multiple testing using the Holm proce-
dure), suggesting a more limited effect of the mutation on 
changes in clonal population structure during the acqui-
sition of abemaciclib resistance (Fig. 2F), consistent with 
the broader target profile of abemaciclib [19]. In both 
drug-resistant conditions, the normalized KL divergence 
was higher compared to the vehicle-control treated cells, 
consistent with greater shifts in barcode composition and 
reduced clonal diversity after the acquisition of CDK4/6i 
resistance. Collectively, these results provide evidence of 
clonal selection during the acquisition of CDK4/6i resis-
tance, however, they do not rule out the contributions of 
cell plasticity and adaptive transitions during resistance. 

These results also support a more prominent role for 
ESR1 Y537S in the remodeling of the clonal population 
structure during palbociclib resistance than abemaciclib 
resistance.

Although enriched barcodes aggregated the evolution-
ary replicates, the replicates did not fully overlap. In this 
experimental design, divergence in adaptive trajectories 
across evolutionary replicates is the expected null out-
come. In the palbociclib-resistant models, only 15.4% 
of the enriched barcodes in ER-WT cells and 55.6% of 
enriched barcodes in ER-mutant cells were shared across 
all the three replicates (ER-WT: average sum of the frac-
tions of the shared barcodes was 0.79; ER-mutant: aver-
age sum of the fractions of the shared barcodes was 0.81) 
(Additional file 3: Fig. S2C-D). Similarly, in the abemaci-
clib-resistant models, 22.7% of the barcodes enriched in 
ER-WT cells and 44.4% of the barcodes enriched in ER-
mutant cells were shared across all the three evolutionary 
replicates (ER-WT: average sum of the fractions of the 
shared barcodes was 0.83; ER-mutant: average sum of the 
fractions of the shared barcodes was 0.43) (Additional file 
3: Fig. S2E-F).

To quantify the differences in clonal population struc-
ture across all cell models, we calculated pairwise Jen-
sen-Shannon (JS) divergence between sample barcode 
distributions, with lower values indicating compositional 
similarity and higher values indicating greater diver-
gence. JS divergence was generally low within the evolu-
tionary replicates for ER-WT palbociclib-resistant cells 
(range: 0.07–0.13) and mutant palbociclib-resistant cells 
(range: 0.2–0.41), whereas it was higher for the ER-WT 
abemaciclib-resistant (range, 0.2–0.52) and mutant abe-
maciclib-resistant (range: 0.11–0.42) samples (Fig.  2G-
H). These findings indicate that the degree of clonal 
population restructuring differed between the palboci-
clib- and abemaciclib-resistant models, consistent with 
distinct evolutionary responses to these two CDK4/6is.

We also calculated the JS divergence between the 
samples over three time points (early, middle and end), 
and their respective parental control, which revealed a 
gradual increase in JS divergence from baseline over the 
course of resistance acquisition (two-sided paired t-tests, 
with each set of timepoint comparisons adjusted for mul-
tiple testing within a mutational status and treatment 
using the Holm procedure) (Additional file 3: Fig. S2G-
H). Together, these results support the co-existence of 
divergent evolutionary trajectories and collateral profiles 
alongside convergence, the latter consistent with selec-
tion within a specific constrained fitness landscape that 
is shaped by the underlying mutational background and 
occurs in a gradual manner [70].

We next directly compared palbociclib and abemaci-
clib-resistant evolutionary replicates (Fig.  3A). Pairwise 
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Fig. 3 (See legend on next page.)
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JS divergences between barcode distributions in the pal-
bociclib versus abemaciclib-resistant models was high 
overall in ER-WT (range: 0.93–0.99) and mutant (range: 
0.6–0.92) samples. Moreover, the overlap between 
the enriched barcodes in palbociclib and abemaci-
clib resistance was limited: 2.9% and 22.7% in ER-WT 
and mutant cell lines, respectively, using the union of 
the barcodes in the three replicates and a barcode frac-
tion of > 0.01 (Additional file 3: Fig. S2I-J). Functionally, 
abemaciclib-resistant cells were cross-resistant to palbo-
ciclib, whereas palbociclib-resistant cells remained sen-
sitive to abemaciclib, although with elevated IC50 values 
(1.6 × 10−7 M—3 × 10−6 M) (Fig. 3B-C) (Additional file 5: 
Table S4). These results further support differences in 
clonal selection and divergent resistance mechanisms to 
these two CDK4/6is.

Inferred cellular populations reveal ESR1 mutant and 
CDK4/6i specific dependent dynamics
In a barcoded cell population, it is unlikely that every 
unique barcode represents a truly distinct cellular 
state. Moreover, despite using a low MOI, a fraction of 
cells is likely to be infected with more than one bar-
code. To address these limitations, we inferred cellular 
populations by grouping barcodes with similar tempo-
ral trajectories, tracking changes in barcode fractions 
over time. Using this approach, we identified 8 cellu-
lar populations in each model. These populations were 
reproducible across the three evolutionary replicates 
within each model but showed substantial variability 
and limited overlap across models (Additional file 3: 
Fig. S3A-F). Comparing population dynamics across 
models, ESR1 Y537S expression was associated with 
earlier enrichment in vehicle-treated and palbociclib 
or abemaciclib-resistant cell populations (Fig.  3D-G 
and Additional file 3: Fig. S3G-J). Consistent with 
the single-barcode analyses, we observed a stron-
ger selection of specific populations in the ER-WT vs 
ER-mutant palbociclib-resistant models and a higher 
normalized KL divergence relative to a discrete uni-
form in the ER-WT cellular populations compared 

to ESR1 Y537S cellular populations (DM = 0.35, 95% 
CI = [0.11,0.60], t(4.00) = 4.03, p-value = 1.6e-02), 
whereas in the abemaciclib-resistant models, the dis-
tribution of the cellular populations after the acquisi-
tion of resistance between ER-WT and ESR1 Y537S 
populations were comparable (DM = −0.09, 95% 
UMCI = [−0.44,0.26], t(3.84) = −0.72, p-value = 5.1e-
01) (DM, difference in means; 95% CI, 95% confidence 
interval; two-sided unequal-variances t-test) (Fig. 3H-
I). Collectively, these results underscore the impact 
of the ESR1 Y537S on clonal dynamics and the differ-
ences between acquired palbociclib versus abemaciclib 
resistance.

Whole exome sequencing reveals selection of genetically 
distinct cellular populations during the acquisition of 
CDK4/6i resistance
Since resistance to targeted therapies is often attributed 
to the selection of a driver mutation, such as the enrich-
ment of RB1 mutations observed in clinical samples of 
palbociclib resistance [5, 6, 71], we performed WES of 
the vehicle-control, and palbociclib or abemaciclib-resis-
tant models. To enhance the sensitivity of this analysis, 
single cell clones were derived from palbociclib-resistant 
and vehicle-control populations. The single cell origin of 
the resistant clones was confirmed by barcode sequenc-
ing and ddPCR (Additional file 3: Fig. S4A-D). To search 
for single nucleotide variations (SNVs) and INDELs 
unique to the resistant cells, we compared the vehicle-
control and palbociclib-resistant cells to the parental 
MCF7 cells. Although we detected several mutations 
unique to the vehicle-control and resistant cells, none of 
these are known to be pathogenic and are likely passen-
ger mutations (Additional file 3: Fig. S5A and Additional 
file 7: Table S6). However, unsupervised hierarchical 
clustering of the cells based on the unique mutations 
resembled the barcode clustering: (i) the evolutionary 
replicates clustered together, (ii) ER-mutant and ER-WT 
abemaciclib-resistant cells clustered together, (iii) 
ER-WT palbociclib-resistant cells segregated from the 
ER mutant cells (Fig. 4A-B). These findings indicate that 

(See figure on previous page.)
Fig. 3  Clonal evolution of abemaciclib-resistant versus palbociclib-resistant cells with ER-WT or ER-mutant expression. A Jensen-Shannon (JS) divergenc-
es between palbociclib-resistant (PalboR) and abemaciclib-resistant (AbemaR) evolutionary replicates (#1, #2, #3) of ER-WT and Y537S ER-mutant MCF7 
cells, based on barcode fraction distributions. The JS divergence between two barcode distributions is indicated by the blue-white color gradient (blue: 
similar distributions; white: divergent distributions) and is reported in each square. Rows and columns are hierarchically clustered by their divergences. 
B-C Dose–response curves in ER-WT and Y537S ER-mutant AbemaR (B) and PalboR (C) MCF7 cells after 5 days of palbociclib and abemaciclib treatment, 
respectively. Experiments were performed in triplicates and data were reported as average ± SEM. D-G Dynamics of cell populations identified by clusters 
of enriched barcodes detected in ER-WT and Y537S ER-mutant PalboR and AbemaR MCF7 evolutionary replicates. For each condition, we identified eight 
clusters of barcodes with similar fractions over time and consistent across the three evolutionary replicates. Each cluster is shown in a different color. 
Color codes are independent across conditions. The number of barcodes included in each cluster is reported in brackets. The plots show the changes in 
clonal prevalence over time, calculated as the cumulative barcode fraction of the barcodes assigned to each cluster. Low-frequency barcodes that were 
not enriched above a threshold (0.001) at any timepoint are not plotted. H-I Normalized Kullback–Leibler (KL) divergence of the clusters distribution 
in PalboR (H) and in AbemaR (I) evolutionary replicates, relative to a discrete uniform distribution. Lower values indicate more similar distributions and 
higher values indicate more divergent distributions. Statistical comparisons among conditions were performed using a t-test for each treatment (n.s, not 
significant; *, p ≤ 0.05)
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Fig. 4 (See legend on next page.)
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CDK4/6i-resistant cells acquire a reproducible genetic 
footprint across evolutionary replicates, consistent with 
convergent genetic selection, while also suggesting that 
resistance may arise through divergent evolutionary tra-
jectories shaped in part by cellular plasticity.

To further search for genetic mechanisms of acquired 
resistance in addition to the ESR1 mutation, we ana-
lyzed copy number variations (CNV) profiles in vehicle-
control and resistant cells, normalized to the parental 
cell population (Fig.  4C). Because matched germline 
sequencing is not available, the analysis was restricted to 
cancer genes frequently altered in metastatic breast can-
cer [72] (Additional file 7: Table S6). We did not identify 
CNVs that consistently explained CDK4/6i resistance 
across all models. However, RB1 loss was detected in an 
ER-WT palbociclib-resistant clone (WT PalboR_clone 
3_15). The barcode corresponding to this clone was rare 
in the parental cell population (fraction = 4.74 × 10–6) 
but was enriched across all ER-WT palbociclib-resistant 
replicates: its barcode fraction was 0.40 in the parental 
ER-WT palbociclib-resistant population (evolutionary 
replicate #3) and 0.33 and 0.39 in evolutionary replicates 
#1 and #2, respectively. Importantly, this barcode was 
not enriched in the other resistant cells (Additional file 
4: Table S3).

Copy number inference from single cell RNA-seq 
(scRNA-seq) independently confirmed RB1 loss in the 
palbociclib-resistant clone 3_15 (Fig. 4D and Additional 
file 3: Fig. S5B). Bulk RNA-seq showed transcriptional 
downregulation of RB1 in the ER-WT palbociclib and 
abemaciclib-resistant models (Fig.  4E). Consistently, Rb 
protein level was reduced in these models (Fig. 4F). These 
findings underscore the value of sequencing individual 
resistant clones or applying deep sequencing approaches 
to detect genetic mechanisms of resistance that may be 
missed by bulk analyses and suggest that RB1 alterations 

may be more prevalent but under-detected due to tech-
nical limitations. Furthermore, RB1 genomic loss and 
reduced Rb expression were observed only in ER-WT 
cells, consistent with a report suggesting a trend towards 
mutual exclusivity between ESR1 and RB1 mutations [5].

Epigenetic and transcriptional plasticity in the acquisition 
of CDK4/6i resistance
Our data suggests that resistance to CDK4/6is is a mul-
tifactorial process involving cooperating convergent and 
divergent trajectories, this is consistent with recent stud-
ies showing that drug resistance involves genetic and 
epigenetic adaptive changes [68, 73]. To characterize 
resistant cell states and adaptive transcriptional programs 
while assessing the impact of the Y537S ESR1 mutation 
and the specific CDK4/6i, we performed ATAC-seq and 
RNA-seq in all cell models. Principal components analy-
sis (PCA) of the open chromatin sites clustered the evo-
lutionary replicates and separated the CDK4/6i-resistant 
cells from the vehicle-control cells. Among palbociclib-
resistant cells, ER-WT and ER-mutant further segre-
gated, whereas the abemaciclib-resistant ER-WT and 
ER-mutant cells clustered together (Fig.  5A). These pat-
terns were consistent with the barcode-based clustering 
(Fig.  4B), supporting marked differences in epigenetic 
states between ER-mutant and ER-WT palbociclib-resis-
tant cells, but less distinction in the abemaciclib-resistant 
ER-WT and ER-mutant models.

PCA of bulk RNA-seq data separated cells by treatment 
condition (palbociclib resistance, abemaciclib resistance, 
and vehicle treatment) and within each treatment group 
(ER-WT cells separated from ER-mutant cells) (Fig. 5B). 
Unlike the ATAC-seq data, where abemaciclib-resis-
tant cells with WT-ER and mutant-ER showed no sig-
nificant differences in chromatin accessibility, RNA-seq 
revealed distinct transcriptomic profiles in these models. 

(See figure on previous page.)
Fig. 4  Genetic landscape of ER-WT and ER-mutant cells resistant to palbociclib or abemaciclib. A Hierarchical clustering of ER-WT and Y537S ER-mutant 
palbociclib-resistant (PalboR), abemaciclib-resistant (AbemaR), and vehicle-control MCF7 cells, based on single-nucleotide variants (SNVs) and INDELs 
that are not detected in parental cells. The heatmap includes data from both the evolutionary replicates (bulk cells) and single-cell–derived clones (N = 8). 
B Hierarchical clustering of ER-WT and Y537S ER-mutant PalboR, AbemaR, and vehicle-control MCF7 cells, based on the fraction of barcodes with a frac-
tion ≥ 0.001. The heatmap includes only data from bulk cells. Both vehicle-controls of PalboR (Vehicle_P) and AbemaR (Vehicle_A) are included. C Copy 
number variations (CNVs) of breast cancer related genes in ER-WT and Y537S ER-mutant PalboR, AbemaR and vehicle-control MCF7 cells. The analysis 
includes data from both bulk cell populations and single-cell–derived clones. The genes are listed based on their biological functions. D RB1 CNV inferred 
from single-cell RNA-seq data of ER-WT and Y537S ER-mutant PalboR, AbemaR and vehicle-control MCF7 cells (evolutionary replicate #3 for each condi-
tion) and single-cell RNA-seq data of an ER-WT PalboR clone derived from the ER-WT PalboR evolutionary replicate #3 (clone #3_15). The plot displays the 
estimated distributions of RB1 CNVs across all the cells in each sample. The x axis represents the relative inferred copy number per cell. CNV values less 
than one represent a loss and CNV values greater than one represent an amplification compared to the averaged parental reference sample. The y axis 
represents the inferred probability densities per sample. E RB1 mRNA level in MCF7 ER-WT (left) and Y537S ER-mutant (right) PalboR, AbemaR, and vehicle-
control cells, reported as Reads Per Kilobase per Million mapped reads (RPKM). The RB1 mRNA level was estimated from bulk RNA-seq data. Each boxplot 
shows the quartile distribution of the RB1 mRNA level in each experimental condition, with dots representing individual technical replicates. Statistical 
comparisons among conditions were performed using a one-way ANOVA followed by Tukey’s multiple comparisons test (*, p < 0.05). F Protein expression 
of Rb in whole cell lysates from ER-WT and Y537S ER-mutant parental, vehicle-controls, PalboR and AbemaR MCF7 cells. Rb expression in parental cells 
was assessed after the cells were cultured in full medium with or without DOX for 72 h. GAPDH expression level was used as loading control. (WT PalboR: 
ER-WT PalboR; Mut PalboR: ER-mutant PalboR; WT AbemaR: ER-WT AbemaR; Mut AbemaR: ER-mutant AbemaR; WT Vehicle: ER-WT vehicle; Mut Vehicle: 
ER-mutant vehicle; numbers 1, 2 and 3 indicate distinct bulk evolutionary replicates; Clone (CL) IDs: the first number indicates the bulk cell population 
from which the clone was derived, while the second number identifies the specific clone from that population)
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Fig. 5 (See legend on next page.)
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This discrepancy highlights the distinction between the 
chromatin state, a measure of transcriptional potential, 
and the plasticity of the transcriptional output, which is 
shaped by additional layers of gene regulation.

To further delineate the differences between CDK4/6i 
resistance in ER-mutant and ER-WT cells, we compared 
chromatin accessibility between ER-mutant and ER-WT 
palbociclib-resistant models [41]. Relative to ER-WT 
resistant cells, ER-mutant lost 360 accessible sites and 
gained 13,899 sites (log2FC < −1, log2FC > 1; padj < 0.05) 
(Fig. 5C) (Additional file 8: Table S7). Gained sites were 
enriched for CTCF, AP-1, FOXA1, FOXM1, and GRHL2 
motifs, consistent with activation of transcription factor 
programs linked to the ER transcriptional axis [74–78] 
(Fig.  5D). Differential gene expression analysis compar-
ing the ER-mutant vs ER-WT palbociclib-resistant cells 
identified 206 upregulated genes and 125 downregulated 
genes (log2FC < −1, log2FC > 1; padj < 0.05) (Additional 
file 6: Table S5) [41]. Applying the Binding and Expres-
sion Target Analysis (BETA algorithm) [67], we observed 
a significant association between the gained accessible 
sites and the upregulated genes (Fig. 5E) (Additional file 
8: Table S7). Pathway analysis of genes upregulated in the 
ER-mutant cells compared to the ER-WT counterparts 
and associated with the gained accessibility, indicated 
predominant enrichment of estrogen response and cell 
proliferation related genes (Fig. 5F).

To assess the clinical relevance, we compared tran-
scriptomes of the metastatic breast cancer biopsies har-
boring pathogenic ESR1 mutations (N = 15) to those 
with ESR1 WT (N = 21) from the cohort described 
above, including the subgroup of acquired resistance to 
CDK4/6is (Fig.  5G). This analysis showed the upregu-
lation of the Hallmark Estrogen Response Early path-
way in tumor biopsies with pathogenic ESR1 mutations 

(p-value = 0.003, Wilcoxon test), consistent with the 
cell line data. As an additional validation in a smaller 
sample set of ER + and HER2-negative metastatic breast 
cancer biopsies with acquired resistance to palbociclib 
from a clinical trial [33], leading-edge Hallmark Estro-
gen Response early genes upregulated in ER-mutant 
versus ER-WT palbociclib-resistant cells were similarly 
upregulated in the tumors harboring a pathogenic ESR1 
mutation compared to the ER-WT tumors (Fig.  5H). 
Collectively, these results indicate that in palbociclib 
resistance ESR1 mutations are associated with a unique 
chromatin state linked to increased ER signaling.

To investigate chromatin-state changes during the 
acquisition of resistance to CDK4/6is, we compared the 
chromatin accessibility in resistant cells versus their vehi-
cle-control counterparts (Additional file 8: Table S7) [41]. 
Compared to the vehicle-treated cells, both ER-WT and 
mutant palbociclib-resistant cells predominantly gained 
accessible sites, with relatively few sites lost (Additional 
file 3: Fig. S6A-B). The gained sites were enriched for 
motifs of transcription factors that are known to interact 
with the ER transcriptional axis, including AP-2 gamma, 
FOXA1 and GRHL2 [77–79] (Additional file 3: Fig. S6C-
D), further supporting a central role for the ER axis in 
palbociclib treatment. Chromatin reprogramming was 
also observed in the abemaciclib-resistant models (Addi-
tional file 3: Fig. S6E-F). Motif analysis of gained acces-
sibility in abemaciclib-resistant versus vehicle-control 
revealed the enrichment of motifs related to interferon 
and immune signaling, such as NF-kB, IRF and AP-1 
[80] (Additional file 3: Fig. S6G-H). Across all four resis-
tant versus vehicle-control counterpart comparisons, 
BETA analysis identified a significant association between 
gained accessible sites and transcriptionally upregulated 
genes, supporting functional consequences of chromatin 

(See figure on previous page.)
Fig. 5  Chromatin accessibility and transcriptional profiles of ER-WT and ER-mutant cells resistant to palbociclib or abemaciclib. A Principal component 
analysis (PCA) plot of bulk ATAC-seq data from ER-WT and Y537S ER-mutant palbociclib-resistant (PalboR), abemaciclib-resistant (AbemaR), or vehicle-
control MCF7 cells. B PCA plot of bulk RNA-seq data from ER-WT and Y537S ER-mutant PalboR, AbemaR, or vehicle-control MCF7 cells. C Tornado plots 
of differential accessible chromatin sites (log2FC < −1, log2FC > 1; padj < 0.05, DESeq2) identified by comparing Y537S ER-mutant vs ER-WT PalboR MCF7 
cells. The x-axis shows the width of differentially accessible genomic regions centered on a peak (± 2 kb), the y-axis shows the detected differentially ac-
cessible genomic regions, ranked by signal intensity. Numbers 1, 2 and 3 on top of the plot indicate the bulk evolutionary replicates. D Top significant 
motifs enriched in chromatin regions with increased accessibility in Y537S ER-mutant vs ER-WT PalboR MCF7 cells identified by HOMER. E  Associa-
tion between differentially expressed genes (log2FC < −1, log2FC > 1; padj < 0.05, DESeq2) and chromatin sites with increased accessibility (log2FC > 1; 
padj < 0.05, DESeq2) in Y537S ER-mutant vs ER-WT PalboR MCF7 cells. The volcano plot shows the differential gene expression between Y537S ER-mutant 
vs ER-WT PalboR MCF7 cells, with each dot representing a gene. Blue dots (true) indicate genes that are differentially expressed and are associated with 
chromatin sites with increased accessibility. Grey dots (false) indicate genes that are differentially expressed but are not associated with chromatin sites 
with increased accessibility. The p-values indicate the significance of the association between increased chromatin accessibility by ATAC-seq and up 
or down gene expression by RNA-seq, calculated by Binding and Expression Target (BETA) basic analysis. F Analysis of the Hallmark gene sets associ-
ated with chromatin regions with increased accessibility and upregulated in Y537S ER-mutant versus ER-WT PalboR MCF7 cells based on BETA analysis. 
G Expression of Hallmark ER-response early pathway in biopsies from patients included in our cohort described in Fig. 1A. The analysis was performed 
on biopsies of ER-WT and ER-mutant metastatic tumors that acquired resistance to palbociclib (blue dots) or abemaciclib (red dots). Only ER-mutant 
biopsies obtained within 30 days of treatment discontinuation due to progressive disease were included. Samples with non-pathogenic ESR1 mutations 
were excluded. ER-WT biopsies = 15. Y537S ER mutant biopsies = 21. Comparison between ER-mutant and ER-WT biopsies was performed by Wilcoxon 
test. H Unsupervised heatmap of metastatic breast cancer samples from patients with acquired resistance to palbociclib [33], based on the expression 
of the leading-edge ER-response early genes upregulated in the Y537S ER-mutant vs ER-WT MCF7 PalboR cell models. The expression level of the genes 
is shown in the heatmap



Page 20 of 29Guarducci et al. Genome Medicine          (2026) 18:134 

remodeling (Additional file 3: Fig. S6I-L). Overall, these 
findings underscore the epigenetic and transcriptional 
plasticity as an adaptive mechanism during the acquisition 
of CDK4/6i resistance, while also revealing distinct adap-
tive states in palbociclib versus abemaciclib resistance.

Single cell analysis reveals transcriptionally heterogeneous 
cellular populations
Because the lineage tracing revealed enrichment of dis-
tinct cellular subpopulations in vehicle and CDK4/6i 
treated cells, we posited that both parental and resistant 
cells would display single cell transcriptional heterogene-
ity. To characterize this aspect of cell adaptation during 
acquired resistance, we performed single cell RNA-seq 
(scRNA-seq) analyses. Low dimensional embeddings 
separated cell models apart from the parental and 
ER-WT vehicle-treated cells, which overlapped (Fig. 6A). 
Interestingly, the intra-sample cell–cell Euclidean dis-
tance was broadly similar across models, including the 
cell line derived from a single cell (WT_PalboR_clone 
3_15) (Additional file 3: Fig. S7A), consistent with tran-
scriptional plasticity during passaging. Within each 
model, cell cycle associated genes partitioned cells into 
distinct subpopulations with variable distributions of 
the cells across cell cycle phases (Fig.  6B-C). Therefore, 
to identify transcriptional programs underlying adaptive 
states that support CDK4/6i resistance, we performed 
pathway analyses comparing the CDK4/6i-resistant mod-
els to their corresponding vehicle-treated counterpart, 
accounting for the cell cycle phase (Fig. 6D). We identi-
fied several consistently upregulated pathways: EMT 
was elevated in palbociclib-resistant models, whereas 
interferon-gamma and interferon-alpha response path-
ways were upregulated in abemaciclib-resistant models. 
Additionally, early and late estrogen response pathways 
were consistently upregulated only in the ER-mutant 
palbociclib-resistant model. Marker gene analysis high-
lighted mediators of treatment resistance, such as high 
expression of CCNE1 in ER-mutant abemaciclib-resistant 
cells and increased expression of MDM2, MDM4 and 
IGF1R in WT-ER abemaciclib-resistant cells (Additional 
file 3: Fig. S7B). Direct comparisons between ER-mutant 
and ER-WT resistant models further supported the tran-
scriptional impact of mutant ER on CDK4/6i resistance, 
with distinct effects in palbociclib versus abemaciclib 
resistance (Additional file 3: Fig. S7C).

We next examined the scRNA-seq data of each cell 
model and observed structured transcriptional heteroge-
neity. These patterns were independent of the cell cycle 
states, evidence for biological meaningful transcriptional 
heterogeneity (Fig. 6E-J and Additional file 3: Fig. S7D-E). 
Pathway analysis comparing each cluster to the remaining 
cells within each model indicated that these transcrip-
tional states were biologically distinct. As an example, in 

the ER-mutant palbociclib-resistant cells one cluster was 
enriched for TNF-alpha signaling, a second was enriched 
in MYC targets and cell proliferation pathways, and a 
third was enriched in ER response pathways. Similarly, 
the cell line derived from a single palbociclib-resistant 
cell harboring an RB1 deletion (Fig.  6H) consisted of 
three transcriptionally defined cell states; cluster 1 had 
higher expression of genes related to ER, TNF-alpha and 
TGF-beta, cluster 2 exhibited higher expression of genes 
involved in EMT, and cluster 3 was enriched in genes 
of the mTOR signaling and cell proliferation pathways. 
Importantly, these differences remained evident even 
after accounting for the cell cycle phase (Additional file 
3: Fig. S8). In aggregate, our data suggests that transcrip-
tional heterogeneity and plasticity may enable cells to 
adapt to treatment or other stressors. We showed that 
even in a population derived from a single cell harboring 
a defined genetic mechanism of resistance there is tran-
scriptional heterogeneity, consistent with the coexistence 
of genetic and epigenetic mechanisms of resistance.

Mutant ER shapes acquisition but is dispensable for 
maintenance of palbociclib resistance, while ER loss drives 
resistance in WT-ER
Our results show that the Y537S ESR1 mutation is 
retained after acquisition of CDK4/6i resistance and 
impacts clonal evolution and cells state programs, with 
more pronounced effects in palbociclib compared to abe-
maciclib resistance. We next asked whether ESR1 Y537S 
is required to maintain palbociclib resistance. Silenc-
ing of the mutant transgene by DOX withdrawal did not 
diminish growth in the presence of palbociclib, indicat-
ing that mutant ESR1 is not essential to maintain palbo-
ciclib resistance, and that additional pathways sustain the 
resistance state (Fig. 7A). This is consistent with clinical 
observations that many patients do not benefit from sin-
gle-agent oral SERD after progression on a CDK4/6i, and 
that targeting other pathways is necessary [81, 82].

Because WT-ER resistant cells showed reduced ER 
expression, we next tested whether loss of ER is required 
for resistance. First, we induced the expression of the 
ESR1 mutant trans-gene in the palbociclib-resistant 
ER-WT cells treating them with DOX. This induction 
restored sensitivity to palbociclib, suggesting that ER 
loss is important for the palbociclib resistance (Fig. 7B). 
To distinguish whether restored sensitivity depends spe-
cifically on mutant ER, which regulates canonical and 
non-canonical ER transcriptional targets [13], or resto-
ration of ER signaling more broadly, we rescued ER-WT 
expression in the ER-WT palbociclib-resistant cells, 
which showed loss of ER (Fig. 7C). This was sufficient to 
restore palbociclib sensitivity, supporting ER loss as a key 
driver of palbociclib resistance in the setting of WT-ER 
(Fig. 7D-E).
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Fig. 6 (See legend on next page.)
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Subpopulations with a shared fitness for resistance and 
metastases
We previously demonstrated that activating ESR1 muta-
tions drive metastases in vivo [13]. To place these findings 
within the same clonal-dynamics framework used for our 
CDK4/6 inhibitor resistance studies, we profiled barcode 
selection in mammary gland xenografts, local recur-
rences, and distant metastases. We also asked whether the 
cellular populations that expand during distant metasta-
ses in vivo overlap with those selected during the develop-
ment of CDK4/6i resistance in vitro, which would suggest 
shared fitness advantages across these evolutionary con-
texts. MCF7 cells stably expressing the DOX inducible 
Y537S ESR1 mutation and the ClonTracer library were 
injected into the mammary fat pads of ovariectomized 
mice and mice were treated with DOX. Tumors from 
three mice were harvested at 1  week to assess the bar-
code complexity, while tumors from the remaining 
ten mice were resected after 4  weeks (salvage surgery) 
(Fig. 7F). Mice were then monitored for local and distant 
recurrences. Barcode sequencing of the 1-week tumors 
confirmed an even distribution of the barcodes with a 
barcode complexity of more than 80,000 unique barcodes 
(average of unique barcodes = 81,493, 95% CI = 75,949 to 
87,937) (Additional file 4: Table S3). We confirmed that 
the tumors contained barcodes that were found to be 
enriched in the CDK4/6i-resistant cells (Additional file 3: 
Fig. S9A-D), indicating that the clones capable of expand-
ing under therapeutic pressure were present within the 
initial population. By 4  weeks, the mammary xenografts 
showed substantial clonal selection, with ~ 30,000 unique 
barcodes remaining (average of unique barcodes = 30,413, 
95% CI = 26,651 to 34,176) (Additional file 4: Table S3).

We next analyzed local recurrences and distant metas-
tases. The growth rates and clonal selection patterns of 
the mammary gland recurrent tumors were highly vari-
able (Fig. 7G-I). For example, a slow growing tumor that 
emerged after day 105 (#821) exhibited strong clonal 
selection with high normalized KL divergence (#821_1: 
normalized KL = 0.78, #821_2: normalized KL = 0.79) 
and was dominated by four barcodes contributing to 
the tumor, while a fast-growing tumor (#816) had a 

lower normalized KL divergence (#816_1: normalized 
KL = 0.44, #816_2: normalized KL = 0.51). The clonal 
diversity was variable across distant metastatic lesions 
and were dependent on the site of the metastasis (Fig. 7J-
K). Liver metastases exhibited strong enrichment of 1–2 
dominant barcodes, consistent with high normalized 
KL divergence compared to primary-early (DM = −0.84, 
95% UMCI = [−0.87,−0.81], t(9.22) = −62.54, padj < 1e-06) 
and compared to primary-late (DM = −0.74, 95% 
UMCI = [−0.77,−0.71], t(14.67) = −47.78, padj < 1e-06) 
samples (DM: difference in means, 95% UMCI: 95% 
unadjusted marginal confidence interval, padj: adjusted 
p-value, two-sided unequal-variances t-test with each 
comparison adjusted for multiple testing with the 
Holm procedure). In contrast, spleen and lung metas-
tases retained more diverse barcode representation 
and lower normalized KL divergence values. Spleen 
metastases had KL divergences closer to primary-early 
(DM = −0.29, 95% UMCI = [−0.72,0.14], t(2.00) = −2.87, 
padj = 3.1e-01) and primary-late samples (DM = −0.19, 
95% UMCI = [−0.62,0.24], t(2.03) = −1.90, padj = 3.1e-01).

To determine whether the clonal populations selected in 
vivo were related to those enriched during drug resistance, 
we compared barcodes enriched in the CDK4/6i-resistant 
cell lines with those detected in recurrent and metastatic 
tumors. We observed significant overlap between bar-
codes enriched in palbociclib-resistant ER-WT cells and 
those found in the local recurrent tumor and spleen metas-
tases from mouse #817, as well as lung metastases from 
mouse #816. We also observed overlap between barcodes 
enriched in ER-mutant palbociclib-resistant cells and those 
present in spleen metastases from mouse #817 and lung 
metastases from mouse #816 (Fig. 7L and Additional file 3: 
Fig. S9E). Together, these data extend our clonal-dynamics 
framework from in vitro resistance to in vivo progression, 
showing that tumor evolution is shaped by both context-
specific selection and shared clonal fitness programs. In 
this model, genomic resistance-associated changes may 
contribute to the fitness of specific clones, while the meta-
static niche further constrains which barcoded populations 
ultimately expand, thereby linking genetic evolution, clonal 
selection, and organ-specific outgrowth.

(See figure on previous page.)
Fig. 6  Transcriptional heterogeneity of ER-WT and ER-mutant parental, palbociclib-resistant, abemaciclib-resistant and vehicle-control MCF7 cells. A-
B UMAP showing the sample clustering of ET-WT parental, ER-WT and Y537S ER-mutant palbociclib-resistant (WT PalboR and Mut PalboR), ER-WT and 
Y537S ER-mutant abemaciclib-resistant (WT AbemaR and Mut AbemaR), ER-WT and Y537S ER-mutant vehicle-control (WT Vehicle and Mut Vehicle) 
MCF7 cells (evolutionary replicates #3) and ER-WT palbociclib-resistant clone 3.15 (WT_PalboR Clone 3_15). In the UMAP shown in A colors represent 
different samples, while in the UMAP shown in B colors represent the cell cycle phases. C Proportion of cells in each of the cell cycle phases within each 
cell model. D Gene set testing of Hallmark pathways comparing ER-WT and Y537S ER-mutant palbociclib-resistant (PalboR) and abemaciclib-resistant 
(AbemaR) models to the vehicle-treated counterparts, within each cell cycle phase separately. Multiple testing was adjusted for each tested condition 
comparison (column) using the Benjamini Hochberg procedure. Gene sets with an FDR ≤ 10% are plotted. E-J Cellular sub-populations identified within 
ER-WT parental cells (E), ER-WT PalboR cells (F), Y537S ER-mutant PalboR cells (G), ER-WT PalboR 3.15 clone (H), ER-WT AbemaR cells (I) and ER-mutant 
AbemaR cells (J). The top panels show the UMAP visualization of the sub-populations detected in each cell model. The bottom panels show the results of 
gene set testing of Hallmark pathways comparing each sub-population to the others. Multiple testing was adjusted for each tested cluster comparison 
(column) using the Benjamini Hochberg procedure to control the false discovery rate. Gene sets with an FDR ≤ 10% are plotted
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Fig. 7 (See legend on next page.)
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Discussion
Multiple mechanisms of resistance to CDK4/6is in 
ER + breast cancer have been identified [83, 84]. These 
include activation of upstream effectors, downstream 
bypass mechanisms and alterations in the CDK4/6-cyclin 
D1-Rb axis. Here, we combined high-complexity barcod-
ing with longitudinal sampling and multi-omic profiling 
to resolve how clonal selection and cell plasticity unfolds 
during CDK4/6i resistance, how this process is shaped 
by an ESR1 mutation, and whether different CDK4/6is 
drive distinct evolutionary outcomes. Three key insights 
emerge from our study: (i) ESR1 mutations are enriched 
in clinical samples of acquired CDK4/6i resistance and 
can expand to near clonality, (ii) ESR1 Y537S measur-
ably reshapes clonal and epigenetic evolution under pal-
bociclib but has a weaker impact under abemaciclib, and 
(iii) palbociclib and abemaciclib impose distinct selective 
pressures leading to divergent resistant states with lim-
ited clonal overlap and asymmetric cross-resistance.

The ClonTracer profiling demonstrated marked selec-
tion of barcodes and a decrease in clonal diversity under 
drug pressure. However, evolutionary replicate overlap 
of enriched barcodes was incomplete, indicating that 
multiple evolutionary routes to resistance can co-exist 
with potentially multiple collateral sensitivities. At the 
same time, replicate clustering and within-condition 
similarity suggested convergence that can arise from 

biological constraints influenced by the drug and genetic 
background. Importantly, even within dominant resis-
tant clones, single-cell transcriptomic analyses reveal 
substantial transcriptional heterogeneity, including coex-
isting cell-cycle, estrogen-responsive, EMT-like, and 
stress-associated programs. This heterogeneity persists 
even in populations derived from a single resistant cell, 
highlighting cell plasticity and the divergence in CDK4/6i 
resistance. Additionally, increasing evidence suggests 
that therapeutic resistance does not arise through a 
binary transition from drug sensitivity to resistance but 
rather emerges along a continuum of progressively adap-
tive cellular states shaped by selective pressure [68]. Our 
findings strongly support this model in the context of 
CDK4/6i resistance. Longitudinal sequencing of the high-
complexity DNA barcoding demonstrated that resistance 
is driven by progressive enrichment barcodes. Together, 
these observations align with a model in which genetic 
predisposition and transcriptional plasticity cooperate 
to enable incremental gains in fitness along a resistance 
landscape, challenging binary sensitive/resistant clas-
sifications and underscoring the dynamic, multifactorial 
nature of acquired CDK4/6i resistance.

The role of the Y537S ESR1 mutation in ET resistance 
is well established [11]. There is also evidence that ESR1 
mutations have a role in resistance to the combination 
of ET and palbociclib [6, 17, 18]. However, it is unknown 

(See figure on previous page.)
Fig. 7  In vivo clonal dynamics in Y537S ESR1 mutant metastases. A Cell growth of palbociclib-resistant (PalboR) doxycycline (DOX)-inducible Y537S ER-
mutant MCF7 cells maintained with DOX (yellow) or after DOX withdrawal (blue). Growth is normalized to the number of cells plated back at each passage 
(2 million cells). B Cell growth of PalboR ER-WT MCF7 cells maintained without DOX (blue) or after DOX treatment (yellow) to induce the expression of the 
Y537S mutant ER. Growth is normalized to the number of cells plated back at each passage (2 million cells). C Whole cell lysate western blotting for ER in 
WT-ER PalboR cells characterized by loss of endogenous ER without exogenous overexpression (OE) of WT-ER and with exogenous OE of WT-ER. D Cell 
growth of PalboR ER-WT MCF7 cells with (yellow) or without (blue) WT-ER OE. Growth is normalized to the number of cells plated back at each passage 
(2 million cells). E Cell growth of PalboR ER-WT MCF7 cells with (yellow) or without (blue) WT-ER OE, after removal of palbociclib. Growth is normalized 
to the number of cells plated back at each passage (2 million cells). F Schema of the in vivo experiment. Ovariectomized NSG mice were implanted with 
DNA barcoded (ClonTracer) MCF7 cells stably expressing a DOX-inducible Y537S ESR1 mutation. Eight days after cell injection, three mice underwent 
surgery to remove the mammary fat pad tumor and assess the complexity of the barcoded cell population. The remaining ten mice underwent survival 
surgery 28 days after cell injection and were monitored for local tumor regrowth and metastases development. G Tumor growth of local recurrences that 
developed in 4 mice after resection of primary tumors at week 1 (resection to test the barcode complexity) or at week 4 (salvage resection). H Normalized 
Kullback–Leibler (KL) divergence of barcode distribution against a discrete uniform distribution, computed for each available sample of local recurrences 
(squares) and the respective primary-early tumor (primary tumor resected at week 1; dots) or primary-late tumor (primary tumor resected at week 4; 
triangles). Lower values indicate more similar distributions and higher values indicate more divergent distributions. Colors represent the mouse number. 
Sample IDs: the first number indicates the mouse, while the second number identifies different samples from the same local recurrence or primary tumor. 
If no second number is present, only one sample was available. I-J Bubble plots showing the enrichment of barcodes with a fraction > 0.01 in each sample 
of local recurrences (I) and in metastases (J). Each color represents a unique enriched barcode. The size of the circle is proportional to the fraction of the 
barcode within a sample. The cumulative fraction of barcodes with a fraction > 0.01 is indicated above each sample. Sample IDs: the first number indicates 
the mouse, while the second number refers to different samples of the same local recurrence (I) or distant metastasis (J). If no second number is present, 
only one sample was available. K Normalized KL divergence of barcode distribution against a discrete uniform distribution in primary tumors (after sur-
gery at week 1 or at week 4), local recurrences and in lung, spleen and liver distant metastases. Lower values indicate more similar distributions, and higher 
values indicate more divergent distributions. Statistical comparisons among conditions were performed using a t-test adjusting for multiple testing using 
the Holm procedure (n.s, not significant; *, p-adjusted ≤ 0.05; **, p-adjusted ≤ 0.01; ***, p-adjusted ≤ 0.001; ****, p-adjusted ≤ 0.0001). L Contingency plot 
showing the overlap of barcodes with a fraction > 0.01 between evolutionary replicates of ER-WT or Y537S ER-mutant palbociclib-resistant (PalboR), 
abemaciclib-resistant (AbemaR) or vehicle-treated cell models and distant metastases. The number reported in each square represents the number of 
barcodes shared between two samples. The color intensity reflects the cumulative fraction of the shared barcodes within each cell model. (WT PalboR: 
ER-WT PalboR; Mut PalboR: ER-mutant PalboR; WT AbemaR: ER-WT AbemaR; Mut AbemaR: ER-mutant AbemaR; WT Vehicle_P: ER-WT vehicle control of 
ER-WT PalboR cells; WT Vehicle_A: ER-WT vehicle control of ER-WT AbemaR cells; Mut Vehicle_P: ER-mutant vehicle control of ER-mutant PalboR cells; Mut 
Vehicle_A: ER-mutant vehicle control of ER-mutant AbemaR cells)
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if this effect is due to ET resistance only or whether the 
ESR1 mutations also contribute to resistance to CDK4/6is. 
Our study indicates that the expression of the Y537S ESR1 
mutation, which is the activating ESR1 mutation with the 
most robust phenotypes [13, 16], influences cell adap-
tation, selection pressures and clonal evolution under 
treatment, but it is not required to maintain resistance 
once resistance is established. Specifically, Y537S ESR1 
mutation is associated with sustained mutant ER expres-
sion and broader clonal diversity in palbociclib-resistant 
models, suggesting reduced selection pressure for sub-
clones harboring other drivers of resistance. In contrast, 
its impact on abemaciclib resistance was less pronounced, 
with similar clonal diversity between ER-WT and ER-
mutant models. These two drugs also have distinct clini-
cal properties, including their side effect profiles [85], 
the demonstration of single agent activity with abemaci-
clib [86], and the ability of abemaciclib to reduce disease 
recurrence in the adjuvant setting [87]. Both our findings 
and these clinical observations likely reflect differences in 
the inhibitory profiles of the two drugs. Palbociclib is a 
relatively selective CDK4/6 inhibitor, whereas abemaciclib 
exhibits greater affinity for CDK4, and displays broader 
activity against additional CDKs, including CDK1, CDK2 
and CDK9 inhibition [19]. Notably, because CDK9 signal-
ing does not directly converge with the ER axis, its inhibi-
tion by abemaciclib may explain the diminished influence 
of mutant ER on the acquisition of resistance to abemaci-
clib compared with palbociclib resistance. Furthermore, 
the barcode selection differed between palbociclib and 
abemaciclib irrespective of the ER mutant status, high-
lighting distinct resistance mechanisms. This effect is 
further supported by our observation that abemaciclib-
resistant cells exhibit cross-resistance to palbociclib, 
whereas palbociclib-resistant cells remain sensitive to 
abemaciclib, albeit with higher IC50 values. These findings 
align with a previous pre-clinical study [88] and the post-
MONARCH clinical trial, which demonstrated clinical 
benefit from abemaciclib treatment after progression on 
palbociclib treatment suggesting non-overlapping resis-
tance mechanisms between these inhibitors [89].

Our integrated ATAC-seq and RNA-seq profiling 
revealed therapy-induced shifts in chromatin accessibility 
and gene expression programs, underscoring an interplay 
between genetic and epigenetic mechanisms of resistance. 
Principal component analysis of ATAC-seq data separated 
drug-resistant cells from vehicle-treated controls, indicat-
ing widespread chromatin remodeling during resistance. In 
the palbociclib-resistant condition, Y537S ER-mutant cells 
formed a distinct epigenetic cluster apart from ER-WT 
clones, whereas abemaciclib-resistant cells showed a more 
consolidated chromatin state regardless of ESR1 muta-
tional status. This finding mirrors the clonal barcode pat-
terns and suggests that the ESR1 mutation drives unique 

chromatin reprogramming under palbociclib pressure that 
is not observed with abemaciclib. In addition, the changes 
in chromatin state further underscore the cell plasticity 
during resistance and the importance of targeting multiple 
pathways after CDK4/6i resistance.

The complexity of clonal evolution was further evident 
when we extended our barcode analysis to an in vivo set-
ting. Using barcoded MCF7 cells implanted as mammary 
fat pad xenografts, we examined how clones evolved dur-
ing tumor growth, regression, and metastasis in the pres-
ence of an active Y537S mutant ER. Even in the absence 
of drug treatment, we found substantial clonal selection 
during tumor progression and spread. The dependence of 
clonal dominance on metastatic site, as demonstrated by 
the strong clonal selection in the liver versus greater diver-
sity in lung and spleen, suggests organ-specific constraints 
on colonization. Overlap between barcodes enriched in 
palbociclib-resistant states in vitro and those enriched in 
select recurrent and metastatic lesions suggest that some 
subpopulations have shared fitness advantages relevant to 
both therapeutic resistance and metastatic competence.

Our study has a few limitations. We used an engi-
neered inducible ESR1 Y537S system enabling con-
trolled lineage tracing, but this system cannot capture 
all biologically relevant selective pressures. Specifically, 
interactions between cancer cells and the tumor micro-
environment cells are not accounted for. Future studies 
should extend lineage tracing to in vivo drug treatment 
in immune competent models. Since the barcodes in the 
ClonTracer library are not expressed we could not link 
all the enriched subpopulations with their specific tran-
scriptional profiles. In addition, given the relatively small 
number of evolutionary replicates, we cannot definitively 
rule out the possibility that the observed convergence is 
influenced, at least in part, by sampling bias.

Conclusions
Our study shows that in ER + breast cancer the evolu-
tion of resistance to CDK4/6is is jointly shaped by clonal 
selection and adaptive state remodeling, supporting the 
need for combination treatments after the acquisition 
of resistance. The Y537S ESR1 mutation and the specific 
CDK4/6is are both major determinants of the evolution-
ary resistance trajectories. The ESR1 Y537S mutation 
promotes distinct palbociclib-associated chromatin and 
transcriptional programs during acquisition of resistance 
but becomes dispensable for resistance maintenance 
once alternative sustaining pathways are established. 
Palbociclib and abemaciclib drive distinct evolutionary 
outcomes with limited clonal overlap and impose differ-
ent selective landscapes. These findings underscore the 
need to consider ER mutational status and inhibitor-spe-
cific evolutionary pressures when designing sequential 
approaches and combination strategies.
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