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Studying clonal dynamics in response to cancer therapy
using high-complexity barcoding

Hyo-eun C Bhang!, David A Ruddy?, Viveksagar Krishnamurthy Radhakrishnal, Justina X Caushi!, Rui Zhao34,
Matthew M Hims!, Angad P Singh!, Iris Kao?, Daniel Rakiec?, Pamela Shaw?, Marissa Balak?, Alina Raza!,
Elizabeth Ackley?, Nicholas Keen!, Michael R Schlabach!, Michael Palmer?, Rebecca J Leary!, Derek Y Chiang!,
William R Sellers!, Franziska Michor4, Vesselina G Cooke!, Joshua M Korn!®> & Frank Stegmeier!>>

Resistance to cancer therapies presents a significant clinical challenge. Recent studies have revealed intratumoral heterogeneity
as a source of therapeutic resistance. However, it is unclear whether resistance is driven predominantly by pre-existing or

de novo alterations, in part because of the resolution limits of next-generation sequencing. To address this, we developed a high-
complexity barcode library, ClonTracer, which enables the high-resolution tracking of more than 1 million cancer cells under drug
treatment. In two clinically relevant models, ClonTracer studies showed that the majority of resistant clones were part of small,
pre-existing subpopulations that selectively escaped under therapeutic challenge. Moreover, the ClonTracer approach enabled
quantitative assessment of the ability of combination treatments to suppress resistant clones. These findings suggest that
resistant clones are present before treatment, which would make up-front therapeutic combinations that target non-overlapping
resistance a preferred approach. Thus, ClonTracer barcoding may be a valuable tool for optimizing therapeutic regimens with the

goal of curative combination therapies for cancer.

Although targeted cancer therapies often yield impressive initial
responses, tumors frequently develop resistance!~3. Resistance is gener-
ally thought to occur through the acquisition of de novo mutations dur-
ing cancer therapy. An alternative hypothesis posits that rare resistant
clones exist in the tumor mass before treatment, and that these clones
drive tumor relapse after therapeutic challenge. This hypothesis
has significant clinical implications, as in such cases resistance to
many cancer drugs could be considered a fait accompli, and diagnostic
and therapeutic strategies would need to be modified to better
detect and target pre-existing resistant clones. Specifically, sequen-
tial resistance treatments based on the results of a post-treatment
biopsy would not address the diversity of intratumoral resistance mech-
anisms and hence would lead only to short-term treatment benefits.
This hypothesis would require a deeper sampling of resistance
mechanisms and the elucidation of non-cross-resistant combination
therapies that could be applied with curative intent in the frontline
therapeutic setting.

Intratumoral clonal heterogeneity is thought to have a role in thera-
peutic resistance*-%, and some studies suggest that rare genetic sub-
clones may exist before therapy®-10. However, one drawback of the
approaches used in previous studies is their limited detection sensi-
tivity. The resolution of standard next-generation sequencing (NGS)
applications, for instance, is limited to a sensitivity of 0.1% allelic
fraction because of sequencing error rates!'!. Given that the detectable

tumor burden is estimated to be approximately 10° tumor cells at the
time of diagnosis’, this level of resolution is clearly insufficient to com-
prehensively assess pre-existing cancer subpopulations. In addition,
epigenetic heterogeneity would not be detected by cancer genome-
sequencing approaches. Current NGS approaches also lack the ability
to track the fate of individual cells in heterogeneous cancer-cell
populations over time.

We reasoned that cellular barcoding, which has been used to trace
lineage during hematopoietic stem cell differentiation!?-14, could be
used to address this question and overcome the limited sensitivity
of current NGS approaches. We developed a high-complexity DNA
barcode library, ClonTracer, that allows for the labeling of more than
1 million individual cells with a unique sequence tag. The molecular
barcodes then enable the tracking of individual cancer cells en masse
and provide a means to monitor clonal population dynamics in
response to therapeutic challenge.

RESULTS

Development of ClonTracer barcode library

The complexity of previously reported DNA barcode libraries was
restricted to approximately 10° unique barcodes!>14 and was thus insuf-
ficient to uniquely tag individual cells in complex tumor-cell popula-
tions. We therefore set out to engineer a DNA barcode library with more
than 107 unique barcodes using a 30-nucleotide-long semi-random
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Figure 1 Design and characterization of the high-complexity ClonTracer DNA-barcoding technology. (a) Schematic depiction of the barcoding strategy
used to track clonal dynamics in response to targeted therapies. The ClonTracer library consists of semi-random 30-bp-long DNA barcodes with 15
repeats of A or T (“W” for weak)-G or C (“S” for strong). Cell lines of interest were transduced with the ClonTracer library at low multiplicity of infection
(m.o.i.) to label each cell with one unique barcode per cell (I). Each color represents a unique barcode. The barcoded cell population was treated with
targeted therapies until a resistant clonal population emerged (11), and the selected population was harvested as a clonal pool (I11). Barcode sequences
were PCR-amplified from genomic DNA (gDNA) (IV,V) and subjected to NGS. First, the number of unique barcode sequences provided a quantitative
readout of the number of clones the population originated from, and second, the counts per unique barcode offered a measure of the relative abundance
of each clone (VI). (b) The library complexity was estimated by NGS of the library plasmid pool at a depth of approximately 161 million reads. The
barcode distribution in the library is plotted in pink. More than 27 million unique barcodes are present in the ClonTracer library, and computational
modeling projected approximately 73 million unique barcodes (Supplementary Fig. 1f). The barcode library did not show any significant bias, as 95% of
the 27 million observed barcodes were detected with 2-12 reads. The cumulative wealth distribution of the unique barcodes is shown in blue.

DNA barcode design (Fig. 1a and Supplementary Tables 1-3; also
see Online Methods). Each barcode was designed to have a balanced
GC content (50%) to ensure uniform PCR-amplification efficiency
(Supplementary Fig. 1a-e). Deep sequencing confirmed that the
library was evenly distributed, with 95% of the barcodes detected with
2-12 reads (Fig. 1b). Computational modeling to fit the sequencing
depth to the number of barcodes observed with NGS projected that
the library contained approximately 73 million unique barcodes
(Supplementary Fig. 1f). The high barcode complexity of this library
enables the labeling and tracking of millions of individual cells in
complex cancer-cell populations. Comprehensive validation dem-
onstrated the highly quantitative nature of the ClonTracer system
(Supplementary Discussion and Supplementary Fig. 1g-w).

Clonal dynamics in a non-small cell lung cancer model treated
with erlotinib

We sought to use the ClonTracer system to monitor clonal dynamics
in response to targeted therapies. The non-small cell lung cancer cell
line HCC827 harbors an activating epidermal growth factor receptor
(EGFR) mutation (exon 19 deletion) that confers sensitivity to the

EGFR inhibitor erlotinib!>-17, and it has been widely used to study
mechanisms of resistance to this drug®13-21. We transduced HCC827
cells with the ClonTracer library with the aim of labeling approxi-
mately 1 million cells to deeply sample the potential heterogeneity of
the cancer cell population. Using NGS, we confirmed that the barcode
complexity was 0.92 million. We reasoned that having multiple repli-
cates with comparable starting barcode representations would provide
a means to distinguish pre-existing from de novo acquired-resistance
clones. If resistance were mostly driven by de novo alterations, distinct
barcoded populations would emerge in independent replicates. By
contrast, if pre-existing clones were the major source of resistance,
one could expect the selective enrichment of the same sets of barcodes
(labeling the same pre-existing subpopulations) in replicate experi-
ments. To explore this, we expanded and plated the barcoded HCC827
cell pool in multiple replicates with 20-fold library representation (i.e.,
18 million cells each) to minimize stochastic loss of barcodes during
plating and to ensure comparable starting barcode representations
in each replicate. Similar to the parental HCC827 cells, the barcoded
HCC827 population was highly sensitive to erlotinib (Supplementary
Fig. 1u), and upon prolonged treatment, actively proliferating resistant
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Figure 2 ClonTracer barcoding technology demonstrates the pre-existence of erlotinib-resistant
subpopulations in the HCC827 cell line. (a) Barcode distribution (fraction of total barcode reads)
of one representative replicate each from groups treated with vehicle (0.1% DMSO) and 2 uM

Barcodes (sorted by value in each group)

f s-

erlotinib. The x-axes of the histograms are identical; each bar represents one unique barcode. (b) An
average of 462 unique barcodes (0.05%) were enriched in each replicate after erlotinib treatment.
Of these, on average 88% of the enriched barcodes from each replicate were shared by at least one
other replicate. (c) Percentage of enriched barcodes in each replicate that were also found in other

replicates (ERL1-8). Different colors denote the number of other replicates in which the barcodes
were identified. (d) Pearson correlation confirmed that the overlap of enriched barcodes among
erlotinib-treatment replicates was statistically significant (median Pearson’s correlation coefficient
r=0.56). Pvalues are presented in Supplementary Table 5. White dashed lines denote median
values. Boxes show first and third quartiles, and whiskers show data within 1.5x the interquartile
range (IQR) from the first and third quartiles. Dots denote data more than 1.5x the IQR from the

P =0.0002 P =0.0002
[ Il |
5 4
e}
£
=3
c
z 31
o
o
~
w
S 5
(0]
=
5
Q
[ I -
0= q o x o
0QQ OOQ OOQ OQQ 0QQ
S 2 NC NG

first or third quartile. (e) The combination of erlotinib and crizotinib significantly reduced the

barcode complexity of the resistant population. Barcoded HCC827 cells were treated with 2 uM erlotinib for 36 d (group 3), 2 uM erlotinib for 36 d

followed by 0.2 uM crizotinib for 7 d (group 4) or a combination of 2 uM erlotinib and 0.2 uM crizotinib for 36 d (group 5). Histograms show the average
relative abundance sorted by average fraction values within each group. The five most enriched clones in groups 4 and 5 are labeled as A-E (blue). Individual
replicates of groups 4 and 5 are shown in Supplementary Figure 5. (f) MET copy number was assessed by quantitative PCR for groups 3-5 and control
groups treated with vehicle (group 1) or 0.2 uM crizotinib (group 2) and normalized to group 1. Bars show mean + s.d. Pvalue, unpaired two-tailed ttest.

clones emerged (Supplementary Fig. 2). Comparison of the barcode
distributions in cell populations treated with either vehicle (0.1%
DMSO) or 2 uM erlotinib (a concentration that represents a clinically
relevant drug exposure??) revealed marked enrichment of a subset of
barcodes in the erlotinib-treatment group (Fig. 2a). Using a threshold
based on the maximum single-barcode frequency in DMSO-treated
control cells (Fig. 2a and Supplementary Fig. 3), we found that an
average of 462 barcodes were enriched in erlotinib-treated replicates,
with a remarkable consistency of 388-503 barcodes enriched across

the eight different replicates (Supplementary Table 4). Given the
projected barcode complexity of 0.92 million in the vehicle-treated
population, the enrichment of 462 barcodes indicates that approxi-
mately 0.05% of the starting clonal population contributed to erlotinib
resistance (Fig. 2b).

When we compared the barcodes enriched across the eight erlotinib-
treated replicates, we found that approximately 90% of the bar-
codes in each replicate were shared by at least one other replicate
(Fig. 2b,c). Moreover, approximately 40% of the enriched barcodes
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Figure 3 The erlotinib—crizotinib dual-resistant a
subpopulations in HCC827 cells are pre-existing
and predetermined and display features of
epithelial-mesenchymal transition (EMT).

(a) The same five barcodes (A-E) from Figure 2e
became enriched in an independent repeat
experiment using combination treatment

with erlotinib (ERL) and crizotinib (CRZ).
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were shared across all eight erlotinib treatment replicates (Fig. 2c).
Given that only 0.05% of HCC827 cells contributed to the resist-
ant population, the observed barcode overlap across the inde-
pendent replicates was highly statistically significant on the basis
of a Pearson correlation test (mean r value = 0.56, P < 1 x 10~10),
By contrast, low correlation was observed between erlotinib- and
DMSO-treated samples (mean r value = —0.029, P = 0.36) (Fig. 2d
and Supplementary Table 5). A small fraction of the resistant clones
(about 10% of the total erlotinib-resistant population) in each replicate
did not share any barcodes with other replicates (Fig. 2b,c). Although
we cannot completely exclude the possibility of stochastic loss of some
barcodes during plating, it is most likely that these clones acquired
de novo alterations after barcoding and thus were not shared among
other replicates. Collectively, the ClonTracer results strongly indicate
that the vast majority of erlotinib-resistant clones in the HCC827 pop-
ulation were pre-existing and selected during erlotinib treatment.

Pre-existing clones exhibit MET amplification and epithelial-
mesenchymal transition

Prior studies suggest that MET amplification confers resistance to
erlotinib in cell lines and patients®?324, raising the possibility that the

2,000
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Gene position ranked by average fold change
(for genes expressed at FPKM > 1 in at least one sample)

12,000

barcoded cells enriched in response to erlotinib might comprise a pre-
existing MET-amplified subpopulation. To test this hypothesis, we
examined the effects of the c-Met inhibitor crizotinib on the barcoded
HCC827 population. Notably, the addition of crizotinib to erlotinib
strongly reduced the barcode complexity in both sequential treatments
(group 4) and treatment with a combination of erlotinib and crizo-
tinib (group 5), decreasing the size of the resistant population to only
five major clones (Fig. 2e). These findings indicate that the majority
of pre-existing resistant clones in HCC827 cells are c-Met dependent
and can be eradicated by crizotinib treatment. Consistent with this
notion, the erlotinib-resistant population that was not exposed to
crizotinib (group 3; Fig. 2e) displayed marked MET amplification as
measured by quantitative PCR (Fig. 2f), but MET amplification was
not detected in the crizotinib cotreatment groups (groups 4 and 5;
Fig. 2f). Mapping of the lentiviral integration sites in several single-
cell clones did not reveal any evidence of insertional mutagenesis
(Supplementary Table 6), and copy-number analyses confirmed that
these erlotinib-resistant pre-existing clones displayed MET ampli-
fication (Supplementary Fig. 4). Although we cannot completely
exclude the possibility that the pre-existing clones were primed to
acquire MET amplification, the identification by fluorescence in situ
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Figure 4 ClonTracer barcoding demonstrates the presence of distinct pre-existing resistant
populations in response to ATP-competitive versus allosteric ABL1 inhibitors. (a) Kinetics of 48
resistance to ABL1 inhibitors. The graph depicts the number of barcoded KCL-22 cells in 26 3
response to vehicle, imatinib, nilotinib and GNF-2. Among five replicates in each treatment 19 466
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Imatinib

(0.07% barcode frequency) is indicated. These enriched barcodes accounted for >95% of

the total barcode population in each of the drug-treated replicates (Supplementary Fig. 9a).

Results are presented as mean + s.d. Pvalue, unpaired two-tailed t-test; NS, not significant. (c) The barcode enrichment pattern was correlated within
each treatment group but distinct between catalytic and allosteric ABL1-inhibitor groups. Shown is unsupervised hierarchical clustering of the 100
most enriched barcodes from replicates 1-5 of the imatinib (IMA), nilotinib (NILO) and GNF-2 (GNF) groups. We used the weighted pair group method
with averaging, with Euclidean distance measures. Sequenom assays detected ABL1 T315l mutation in every replicate of the imatinib and nilotinib
groups, whereas A337V mutation was observed in every replicate of the GNF-2 group (bottom). Red, mutation detected; blue, mutation not detected.
Estimated allelic frequencies are presented in Supplementary Table 10b. One replicate from each group (marked in red) was subjected to RNA-seq
(Supplementary Table 10a). (d) Venn diagram displaying the number of overlapping barcodes found in each ABL1 inhibitor-resistant population.
Barcodes enriched above the threshold in at least one replicate were included.

hybridization of rare HCC827 cells harboring MET amplification? is
consistent with the notion of pre-existing MET-amplified clones driv-
ing resistance in this cell line. Despite the considerable reduction in
barcode complexity, the erlotinib-crizotinib combination treatment
failed to eradicate all of the resistant clones. The fact that the same
five clones (Fig. 2e) were found to be enriched in all nine independent
replicates of both sequential-treatment and combination-treatment
groups (Supplementary Fig. 5) strongly suggests that they existed
before drug treatment. Moreover, the ClonTracer approach pro-
vided a quantitative measurement of the frequency of these rare pre-
existing dual-resistant clones, which constituted approximately
0.0005% of the parental population.

We next wanted to investigate the molecular mechanisms that confer
dual resistance to erlotinib and crizotinib in HCC827 cells. We noted
that the combination treatment enriched for cells with mesenchymal
rather than epithelial morphology (Fig. 3a and Supplementary Fig. 6).
Consistent with the morphology of these cells, gene expression profiling
by RNA-seq revealed upregulation of epithelial-mesenchymal transi-
tion (EMT) pathways (Fig. 3b and Supplementary Tables 7 and 8).
EMT has been implicated in resistance to several targeted agents,
including erlotinib?>-?7, which suggests that EMT might have medi-
ated, at least in part, the dual erlotinib-crizotinib resistance in the five
c-Met-independent barcoded clones. RNA-seq of the resistant popula-
tion did not reveal obvious genetic variants that could be linked to EMT.
Although we cannot exclude the presence of genetic alterations outside
of the coding regions, such as promoter mutations, that could drive an
EMT phenotype, it is also possible that this cellular change is driven
by nongenetic mechanisms, such as epigenetic alterations. In either
case, the barcoding data suggest that this dual-resistant population was
pre-existing or predetermined, rather than de novo acquired.

Rare pre-existing subclones drive resistance to ABL1 inhibitors
We next used the ClonTracer system to monitor the therapeutic
response of a chronic myeloid leukemia (CML) model to ABL1
inhibitors. KCL-22 is a CML cell line derived from a patient in
blast crisis and harbors the BCR-ABLI translocation?®. The cata-
lytic (ATP-competitive) ABL1 inhibitors imatinib and nilotinib
have dramatically improved outcomes for CML patients, but
the development of resistance remains a clinical challenge?®:3°.
Additionally, allosteric ABL1 inhibitors, such as GNF-2, that target
the myristoyl binding pocket rather than the catalytic site of ABLI,
have recently been described3!:32. To compare the clonal responses
to catalytic and allosteric inhibitors, we transduced KCL-22 cells
with the ClonTracer library, expanded them and passaged them
into multiple replicates for each treatment group: vehicle (0.1%
DMSO), imatinib, nilotinib and GNF-2 (Supplementary Figs. 1v,w
and 7). Resistance to GNF-2 consistently emerged with slightly
faster kinetics than resistance to imatinib and nilotinib (Fig. 4a).
An average of 153 clones were found in the GNF-2-resistant cell
population in each replicate, whereas averages of only 39 and 32
barcodes were detected in the imatinib- and nilotinib-resistant
populations, respectively (Fig. 4b and Supplementary Figs. 8 and
9a). Given that the starting KCL-22 population had a projected bar-
code complexity of 2.67 million (Online Methods), these findings
indicate that small subpopulations of KCL-22 (i.e., 0.001% in the
case of nilotinib or imatinib and 0.006% for GNF-2) drive resistance
to these targeted agents. Moreover, the relative barcode frequency
indicates that the faster kinetics of resistance to GNF-2 compared
to resistance to nilotinib or imatinib can probably be explained by
a greater number of clones contributing to GNF-2 resistance in
this cell line.
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clones enabled the selection of four clones that showed differential resistance under ABL1-inhibitor treatments according to the experiment displayed
in Figure 4. The Venn diagram illustrates in which resistance groups each clone or barcode was observed to be enriched: resistant to GNF-2 only (clones
1 and 2), resistant to nilotinib and imatinib but not to GNF-2 (clone 3) or resistant to all three drugs (clone 4). (b—e) The barcode sequence and ABLI
mutation status of clones 1-4 are indicated at the top of each panel. The barcode plots illustrate the relative abundance (fraction of total barcode
reads) of the indicated clone (marked in red) in the independent replicates of the three treatment groups (five replicates per group, presented along the
x-axis), which correspond to the replicates shown in Figure 4c. Each horizontal bar represents a unique barcode, and the position on the y-axis indicates
its relative abundance as measured by the fraction of reads (the most enriched clones are at the top). Red bars indicate the positions of specific clones
(clones 1-4 in b-e, respectively) relative to the positions of other clones that were present above the threshold (i.e., fraction of 0.07%) in a particular
treatment replicate. (f,g) The growth kinetics of clones 1-4 in the presence of 2.5 uM GNF-2 (f) or 300 nM nilotinib (g). Error bars show mean * s.d.

To examine the pattern of resistance across different replicates and
various ABL1 inhibitors, we performed unsupervised hierarchical
clustering on the 100 most enriched barcodes from each replicate
across all three drug-treatment groups (Fig. 4c). Strikingly, the inde-
pendent replicates of nilotinib and imatinib treatment formed a cluster
and showed highly similar patterns of barcode enrichment. By con-
trast, although the GNF-2 replicates clustered with one another, they
displayed a very divergent barcode pattern compared to that of the
catalytic-inhibitor replicates. The fact that barcodes enriched in the
replicates of each treatment group clustered with one another strongly
suggests that a significant fraction of the emergent resistant clones
were pre-existing. Moreover, the clustering of nilotinib- and imatinib-
treated replicates indicates that similar pre-existing clones drove resist-
ance to these two catalytic inhibitors. By contrast, the GNF-2-resistant
clones appeared to be largely non-overlapping with those enriched
by the catalytic inhibitors (Fig. 4c,d, Supplementary Fig. 9b-e
and Supplementary Table 9), suggesting that resistance may be driven
by different mechanisms. Consistent with this notion, genomic analy-
ses revealed that all of the imatinib- and nilotinib-treatment replicates
harbored T315I mutations in ABLI on the population level, whereas
all five GNF-2 replicates displayed an A337V variant in ABLI (Fig. 4c
and Supplementary Table 10). The T315I mutation in the ABL1
catalytic site has been reported as a major resistance mechanism in
clinical studies with imatinib and nilotinib?®3334, indicating that the
KCL-22 line recapitulates resistance mechanisms of clinical relevance.
No clinical resistance data are available for allosteric ABL1 inhibitors;
however, preclinical studies in Ba/F3 engineered systems have shown
that alterations in the myristoyl pocket, such as at the Ala-337 and
Ala-344 residues, can render ABLI1 insensitive to GNF-2 (ref. 31).
The ClonTracer results indicate that a pre-existing subpopulation of
KCL-22 cells harboring A337V mutations accounted for a consider-
able fraction of the GNF-2-resistant clones. However, although the

majority of clones resistant to catalytic and allosteric ABL1 inhibitors
were non-overlapping, at the concentrations used in this experiment
(six- to eightfold above the half-maximal inhibitory concentration
(ICsg) for each drug), a small subpopulation of cells exhibited dual
resistance to both catalytic and allosteric inhibitors (Fig. 4d).

In order to further explore the molecular mechanisms of ABLI-
inhibitor resistance, we isolated individual clones that were resistant
to GNF-2 (clones 1 and 2), to imatinib and nilotinib (clone 3), or
to all three compounds (clone 4) (Fig. 5a). The barcode-sequence
information of each clone enabled us to track cellular behavior within
the pooled cell populations in the experiment described in Figure 4
under treatment with the three ABL1 inhibitors (Fig. 5b—e). RNA-seq
revealed that clone 3 harbored the T315I gatekeeper mutation in ABLI,
consistent with its resistance to imatinib and nilotinib (Fig. 5a,d).
Clones 1 and 2 both carried an A337V mutation and were strongly
resistant to GNF-2 treatment (Fig. 5f and Supplementary Fig. 10a)
but were sensitive to the catalytic ABL1 inhibitors (Fig. 5g and
Supplementary Fig. 10b), which explained their selective enrichment
of these barcodes under treatment with GNF-2 but not with imatinib
or nilotinib (Fig. 5b,c). Interestingly, we found that clone 4, which
was resistant to both catalytic and allosteric ABLI inhibitors, also
harbored a T315I mutation but had no other apparent alterations
in ABLI (Fig. 5a,e). KCL-22 clones with T315I mutations (clones 3
and 4) showed an approximately 50-fold increase in IC5, for GNEF-2
compared to the parental KCL-22 cell population (Supplementary
Figs. 7 and 10a). Although both A337V and T315I mutations were
able to mediate resistance to GNF-2, we noted that there was a slight
but consistent increase in the relative growth rate of A337V mutant
(clones 1 and 2) compared to T315I mutant clones (clones 3 and 4)
when challenged with 2.5 uM GNF-2, the concentration used for
the barcoding experiments (Fig. 5f and Supplementary Fig. 10a).
Mathematical modeling (Supplementary Discussion) revealed that

NATURE MEDICINE VOLUME 21 | NUMBER 5 | MAY 2015

445



© 2015 Nature America, Inc. All rights reserved.

&

ARTICLES

Proportion of pre-existing resistant clones prior
to treatment used for simulation (p)
—0.0%
0.001% — 0.02%
0.002% — 0.03%
— 0.005% — 0.07%
0.01% — 100%

Figure 6 Mathematical modeling of a

KCL-22 clonal dynamics under treatment N 600

with ABL1 inhibitors. (a) Modeled effects of % 500

varying proportions of pre-existing resistant 2 400

barcodes or clones on KCL-22 population f_; 300

dynamics under treatment with DMSO or 5 200

ABL1 inhibitors. p, fraction of resistant ‘g 100

clones before treatment (i.e., pre-existing). Z 04, i
Symbols represent experimentally measured 0 5

numbers of viable cells (displayed in
Fig. 4a). Colored lines denote the predicted

Experimentally observed cell number

Time (d)
X DMSO B GNF-2 @ Nilotinib A Imatinib

population dynamics for different p values. Day 21 Day 27

For each p value, various combinations of

mutation rates (u=10-7, 10-8 and 10~ per 8'2 g'g

cell division), birth rates (b = 0.00-0.30) § o 04 § ° 0.1

and death rates (d = 0.06-0.36) of drug- £ o4 S 004

sensitive cells were tested (Online Methods). ° § ° §

Independent model predictions for days O, 3, %é 0.01 ;é 0.01

7,9, 12,15, 18, 21, 24 and 27 are connected g ooo g oo

by lines. (b,c) Simulation of the effects of 0.001 0.001

different p values on barcode-abundance S s 5 s o» s s s
distribution at day 21 with GNF-2 (b) and N N N N N
day 27 with nilotinib or imatinib (c). Barcodes AN A
with fractions greater than 0.07% are shown. d P e p

Each column represents a simulation run; o Day 21 ° Day 27

ten simulations were performed for each 3 2501 3 2501

p value. (d,e) Model-predicted number of 58 fgg' L 58 fgg: .
barcodes exceeding 0.07% for the indicated g 8 1004 oot g 8 1004 b -
p values at day 21 (d) and day 27 (e). 28 50+ W-»-....-m""". €8 504 S ok B
The number of total barcodes (W) and 2 0- T T T T T T T T 2 0+ T T T T T T T T
the number of barcodes corresponding © S8 LS © S SLES
to resistant clones (+) are depicted. oot ot AT gt ot At Pogt of AT oF o At
Blue dashed lines indicate the average p p

number of unique barcodes observed

experimentally in groups treated with GNF-2 (d) and imatinib or nilotinib (e) described in Figure 4b. b=0, d=0.06 and u=1 x 10-9 used in b-e;
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this growth difference accounted for the observed shift in clonal dis-
tribution in favor of A337V versus T315I mutant clones during GNF-2
treatment and probably could explain why some of the T315I mutant
clones, such as clone 3, were not found in any of the GNF-2-treated
replicates (Fig. 5d). Collectively, these data suggest that interclonal
competition due to subtle differences in relative fitness can signifi-
cantly skew the clonal composition of cancer cell populations.

Modeling clonal dynamics in response to ABL1 inhibitors

The ClonTracer data provide a quantitative measure of subclonal fitness
in response to different cancer therapies. In an attempt to model the
population dynamics observed in KCL-22 cells in response to different
drug treatments, we designed a stochastic mathematical model
informed by the experimental data (Online Methods). The model is
based on a multitype birth-death process in which each uniquely bar-
coded clone is considered to consist of two cell types: drug-sensitive
cells and drug-resistant cells (Supplementary Fig. 11). The model
was implemented as an exact stochastic computer simulation in which
clonal growth and death kinetics under various growth conditions
(treatment with DMSO, GNF-2, imatinib or nilotinib) were derived
from the experimental data (Figs. 4a and 5f,g, Supplementary Fig. 12,
Supplementary Tables 11 and 12 and Online Methods). To model the
effect of varying levels of pre-existing resistant clones, we implemented
simulations using different proportions of pre-existing resistant
clones, where p indicated the fraction of resistant clones in the start-
ing population before treatment. This mathematical model accurately
recapitulated the pattern of population rebound in response to GNF-2
treatment when p was set at 0.02%-0.03%. Similarly, p values of

0.005%-0.01% yielded the patterns observed for imatinib- and
nilotinib-treated cells (Fig. 6a and Online Methods). Importantly, the
introduction of newly emerging resistant clones to this mathematical
model, even at a mutation rate as high as 107 per cell division3, did
not lead to significantly different results, indicating that de novo muta-
tions in the absence of pre-existing resistant cells (p = 0) could not
explain the observed growth patterns (Fig. 6a). In addition, testing
of different values of p revealed that the simulated pattern and rela-
tive barcode enrichment closely resembled the observed patterns at
p > 0.005% for imatinib- or nilotinib-resistant populations and at
p > 0.03% for GNF-2-resistant populations, but not at p = 0 (Fig. 6b-e
and Supplementary Fig. 13). Thus, the mathematical modeling
strongly supported the notion of pre-existing resistant clones.

DISCUSSION

The ClonTracer barcode system described here enables the tracking
of more than 1 million individual cells in cancer models, and thus
provides a means to monitor clonal dynamics in response to targeted
therapies at high resolution. This resolution affords the ability to detect
very rare pre-existing cancer-cell subclones at a resolution of 1 in
1 million. Moreover, in contrast to targeted detection methods, such as
digital PCR or RainDance PCR36-38, the ClonTracer technology can be
used to detect pre-existing resistant clones without prior knowledge of
the underlying molecular resistance mechanism. Using this approach
in two clinically relevant resistance models, we obtained direct evi-
dence for the presence of pre-existing subpopulations that become
selected in response to therapeutic challenge. The demonstration
of rare pre-existing resistant clones in this study might explain the
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clinically observed, and often rapid, emergence of resistance to tar-
geted therapies! 3. Notably, the pre-existing resistant cells in the cancer
models studied here constituted very small subpopulations—for
example, approximately 0.05% in the case of erlotinib-resistance in
HCC827 cells and 0.001% for nilotinib or imatinib resistance in KCL-
22 cells. Given that the sequencing error rate!! limits the resolution
of standard NGS-based methods to a sensitivity of approximately
0.1% allele frequency; it is likely that such rare pre-existing subclones
would be missed by standard NGS approaches. Indeed, sequencing
of parental KCL-22 cells failed to identify pre-existing T315I mutant
clones?*-42. These findings have important clinical implications, as
they constitute a strong argument for the development and appli-
cation of more sensitive sequencing technologies, such as barcode-
based NGS strategies*3-49, or allele-specific detection methods, such
as BEAMing?’, for the detection of rare pre-existing clones that might
plant the seeds for clinical relapse.

We show here that the ClonTracer system can be used to quan-
tify the frequency of pre-existing clones resistant to various cancer
therapies and thus is a valuable tool for the preclinical assessment of
novel cancer drugs. In addition, the ClonTracer approach affords the
ability to prioritize combination therapies that target non-overlapping
resistant subpopulations, characterized by non-overlapping barcode
patterns, in an attempt to prevent relapse due to rare pre-existing
resistant clones.

Given their largely distinct resistance patterns, the use of a com-
bination of catalytic and allosteric ABLI inhibitors appears to be a
promising way to suppress relapse by targeting pre-existing T3151
and A337V mutant clones, respectively. The relatively low potency
of GNF-2, however, will make it challenging to clinically achieve
GNF-2 concentrations that are sufficient to suppress pre-existing
T3151 clones (Supplementary Fig. 14). Thus the development and
clinical testing of more potent allosteric ABL1 inhibitors, such as
ABL001 (ClinicalTrials.gov, NCT02081378), holds great promise for
preventing the emergence of resistance in CML. The findings of our
study also have important implications for the optimal scheduling
of combination therapies. Mathematical modeling indicated that,
especially in genomically unstable cancers with mutation rates
greater than 1078 per cell division, new ‘pre-existing” dual-resistant
clones could readily develop during the expansion of clones resistant
to first-line therapies (Supplementary Fig. 15) (refs. 48-50). Thus,
treatments that have non-overlapping resistance mechanisms should
be given concomitantly or in close sequence to maximally suppress
the emergence of resistance.

In future studies, it will be interesting to apply the ClonTracer
system to in vivo models, which might provide additional insights
regarding the contribution of cancer cell autonomous mechanisms
versus tumor microenvironmental factors to relapse. Even though it
is not possible to apply the ClonTracer system in patients, the broad
tropism of lentiviral transduction should allow for the barcoding of
patient-derived xenograft models. More generally, the ability to track
single cells in longitudinal studies with the ClonTracer system should
facilitate the investigation of cancer stem cells and clonal evolution
processes such as metastasis.

METHODS
Methods and any associated references are available in the online
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the
online version of the paper.
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ONLINE METHODS

High-complexity DNA library construction. Approximately 31.5 nmol of
115-bp-long oligonucleotide containing a semi-random 30-bp-long barcode
sequence (i.e., 15 repeats of A/T (W)-G/C (S)) and a flanking primer pair for
barcode amplification were synthesized by Integrated DNA Technology. The
double-stranded oligonucleotides were generated by extension reaction and
cloned into lentiviral vector pRSI9-U6-(sh)-UbiC-TagRFP-2A-Puro (Cellecta)
at the Clal-Xhol site at an estimated vector:insert ratio of 1.35 x 1012:8.10 x 1012
molecules. Approximately 24% of the ligated products were transformed into
MegaX DH10B T1R electrocompetent cells (Life Technologies), and the entire
transformed bacteria were inoculated into 500 ml LB medium containing
100 pg/ml carbenicillin. Deep sequencing of the plasmid library pool at a
depth of approximately 161 million reads revealed more than 27 million
unique barcodes observed at least twice. On the basis of these data, compu-
tational modeling projected a maximum complexity of more than 73 million
unique barcodes (Supplementary Fig. 1). The barcode library was relatively
evenly distributed, with 95% of the 27 million observed barcodes detected
with 2-12 reads. Furthermore, the most represented barcode constituted only
0.0000037% of the total library, and the barcodes represented by more than
12 reads composed only 5% of the library (Fig. 1b). To prevent transcription
of DNA barcode sequences that might potentially cause biological effects, the
U6 promoter was removed and an RNA polymerase III terminator site was
inserted upstream of the WS barcode. Detailed sequence information can be
found in Supplementary Table 1. TagRFP and a puromycin-resistant gene
of the pRSI9-U6-(sh)-UbiC-TagRFP-2A-Puro vector were used as selection
markers to isolate barcoded cell populations.

Barcoding of cancer cell lines. HCC827 and KCL-22 cell lines were cultured
in RPMI-1640 medium supplemented with 10% FBS and 1% penicillin-
streptomycin. Cells were barcoded by lentiviral infection using 0.8 ig/ml poly-
brene. After a 24-h incubation with virus, infected cells were selected with
puromycin. To ensure that the majority of cells were labeled with a single bar-
code per cell, for lentival infection we used a target m.o.i. of approximately 0.1,
corresponding to 10% infectivity after puromycin selection. Infected cell popula-
tions were expanded in culture for the minimal time period to obtain a sufficient
number of cells to set up replicate experiments.

Compound-resistance studies in HCC827 and KCL-22 cells. HCC827 cells
were treated with 2 UM erlotinib (a concentration that represents a clinically
relevant drug exposure??) for 36 d, starting 1 d after plating. Drug-resistant cell
colonies were observed by 36 d in all cases. An immediate cytotoxic effect was
observed within 72 h in response to erlotinib treatment, obviating the need for
splitting or passaging, which further reduced the chance of random barcode
loss during passaging. Therefore, the control groups were treated with 0.1%
DMSO and harvested after 6 d until cells were confluent to avoid passing and to
keep the baseline clonal population as close as possible to that of the erlotinib-
treatment group. For combination- or sequential-treatment experiments with
the HCC827 line, cells were treated with 0.2 UM crizotinib. KCL-22 cells were
treated with three different ABL1 inhibitors with two distinct mechanisms of
action: (i) ATP-binding site inhibitors imatinib (2.5 uM) and nilotinib (300 nM)
and (ii) allosteric inhibitor GNF-2 (2.5 uM). We chose 5.5-7.8-fold ICs, of
each inhibitor as a final concentration for treatment in order to apply com-
parable selective pressure and avoid off-target effects that can occur at higher
drug concentrations (Supplementary Fig. 7). For control cell populations, the
replicate flasks were treated with 0.1% DMSO until the cells reached conflu-
ence. All the cell lines used in the study were obtained from the Cancer Cell
Line Encyclopedia collection, and cell line authentication was confirmed by
single-nucleotide polymorphism testing at multiple time points: (i) after the
cell lines were barcoded by lentiviral infection and (ii) after the drug-resistant
subpopulations of cells were selected. We estimated the barcode complexity of
starting (pretreatment) cell populations by applying a degree-six polynomial
function to analysis of the cumulative wealth distribution on the barcode NGS
results for the vehicle-treated populations.

Barcode amplification. At the end of the treatment period, cells from each
replicate treated with either vehicle or drug(s) were harvested as a clonal pool

and snap-frozen. Genomic DNA was extracted from the frozen cell populations
with a DNeasy Blood & Tissue Kit or QIAamp DNA Blood Maxi Kit (Qiagen).
We used PCR to amplify the barcode sequence for NGS by introducing Illumina
adaptors and 5-bp-long index sequences. The sampling of sufficient template
coverage was ensured by parallel PCR reactions. For each PCR reaction, up to 2
ug of genomic DNA was used as a template. The sequence information for the
primers used for barcode amplification can be found in Supplementary Table 2.
Labeling each sample with 1 of the 20 unique indices enabled us to multiplex
and sequence up to 20 samples at once.

Isolation of drug-resistant KCL-22 single clones. Single clones were isolated
from an extra replicate of the drug-resistant cell population by FACS. To identify
a KCL-22 clone that was resistant to both catalytic and allosteric ABL1 inhibi-
tors, we isolated single clones from a GNF-2-resistant pooled cell population
by FACS. Stamped replicate plates of GNF-2-resistant clones were treated with
either 300 nM nilotinib or a combination of 300 nM nilotinib and 2.5 uM GNF-2.
Clone 4 showed cross-resistance in both nilotinib cotreatment conditions,
whereas clones 1 and 2 showed sensitivity to nilotinib treatments. Clones 1, 2
and 4 from the original plate that were maintained under 2.5 uM GNF-2 without
any exposure to catalytic inhibitors were used for further analysis. Clone 3 was
isolated from a 2.5 M imatinib-resistant cell population. Genomic DNA was
extracted using a QIAamp DNA Blood 96 kit or DNeasy Blood & Tissue Kit
(Qiagen), and the barcode sequence was amplified using the primers listed in
Supplementary Table 3 for Sanger sequencing. The growth rate of each clone
along with that of the barcoded KCL-2 parental pool was measured with a Vi-
Cell XR Cell Viability Analyzer (Beckman Coulter) over the 6-d period under
0.1% DMSO (vehicle), 2.5 UM imatinib, 300 nM nilotinib or 2.5 UM GNF-2. Both
the viable cell number and the total (viable + dead) cell number were recorded.
The ICs of each clone for the three ABL1 kinase inhibitors was determined by
Cell TiterGlo assay (Promega) after 5 d of compound treatment. Luminescent
measurements were normalized to the vehicle-treated controls.

Next-generation barcode sequencing. PCR-amplified products were quantified
using the Standard Sensitivity NGS Fragment Analysis Kit (Advanced Analytical
Technologies) on the Advanced Analytical Fragment Analyzer Automated CE
System. Fragment sizes and concentrations of PCR amplicons were analyzed
using Advanced Analytical PROSize 2.0 software. PCR amplicons were then pre-
pared at 10 nM and loaded at 3.5 pM for sequencing on the Illumina HiSeq2500
sequencer in Rapid Mode using the 50 Cycle TruSeq Rapid SBS Kit, TrueSeq
Rapid SR Cluster Kit, and HiSeq Rapid SR Flow Cell (Illumina). Samples were
sequenced at 66 cycles for read 1 and 7 cycles for the i7 index read in Rapid
Mode. PCR amplicons were also prepared at 10 nM and loaded at 3.25 pM for
sequencing on the Illumina HiSeq2500 sequencer in High Output Mode using
the 50 Cycle TruSeq v3 SBS Kit, TruSeq SR Cluster Kit v3 cBot, and HiSeq SR
Flow Cell (Illumina). Samples were sequenced at 51 cycles for read 1 and 7 cycles
for the i7 index read in High Output Mode.

Barcode-composition analysis. FASTQ files were prepared from the
barcode-sequencing runs to count the number of reads and the fraction
of barcodes in each sample. Reads were then filtered to keep those that
(a) showed the WS x 15 pattern; (b) matched the expected sequence after the
WS x 15 barcode for sequence libraries with lengths of 237 bp (Figs. 2e.f, 3a,
4b-d and 5a-e); and (c) had an estimated Phred quality score of at least 10 for
all base pairs in the read, with an average Phred quality score greater than
30. All barcodes observed at least twice that passed these criteria were kept.
Sets of barcodes were then merged to account for sequencing errors if either
(a) the test barcode was a hamming distance of 1 from the more abundant
barcode and observed at 1/8th of the count or (b) the test barcode was a
hamming distance of 2 from the more abundant barcode and observed at
1/40th the count; this is similar to the approach used by Lu et al.!2. For those
sequence libraries with lengths of exactly 30 bp (DMSO4 and ERL1-8 shown
in Fig. 2a-d), the hamming distance also allowed insertions or deletions of
2 bp; because of the barcode design and our filtering steps, insertions or
deletions of odd-numbered length or in the longer reads should already
have been filtered out. After these steps, each barcode set was annotated
with the sequence of the most abundant barcode, counts before merging,
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counts after merging, and fraction with respect to the total count of all
barcodes that passed the read filters.

Calculation of barcode overlap between samples. To establish the significance
of sharing between samples treated with different drugs, we computed ‘sharing
ratios. The sharing ratio was defined as the ratio of significant barcodes of
one replicate seen in another to the total number of significant barcodes in
that replicate. A barcode was called significant if it was seen in 0.021% of the
total population in the HCC827 experiments (which was the highest fraction
observed in DMSO-treated groups) and in 0.07% in the KCL-22 experiments
(which accounted for <1% of the DMSO-treated population). A barcode was
considered shared between two samples if it was significant in both samples and,
to rule out possible errors due to low-level contamination during sequencing,
the fraction of the barcode in the less abundant sample was at least 1% compared
to the fraction in the more abundant sample. Further details can be found in
Supplementary Table 9 and Supplementary Figure 9b-e.

RNA-seq. Total RNA was isolated from snap-frozen cells using the RNeasy
Plus Mini Kit (Qiagen) and was quantified using the Agilent RNA 6000 Nano
Kit (Agilent Technologies) on the Agilent 2100 BioAnalyzer. One microgram
of high-purity total RNA (defined as having an RNA integrity number greater
than 7.0) was used as input for the Illumina TruSeq RNA Sample Prep Kit,
Sets A/B (48Rxn) (Illumina). The gel-free protocol was employed for the
TruSeq RNA Sample Prep Kit per the manufacturer’s specifications and per-
formed on the Beckman Coulter Biomek FXp robotics platform. The standard
RNA-fragmentation profile was used as recommended by Illumina (94 °C for
8 min). The PCR-amplified RNA-seq library products were then quantified
using the Fragment Analyzer Standard Sensitivity NGS Fragment Analysis Kit
(Advanced Analytical Technologies). The samples were diluted to 10 nM in EB
Buffer (Qiagen), denatured, and loaded at 2.75 pM on an Illumina HiSeq2500 in
Rapid Run Mode using TruSeq Rapid PE Cluster Kit-HS and TruSeq Rapid SBS
Kit-HS (200 cycle) reagents (Illumina). The RNA-seq libraries were sequenced
at 100 bp paired-end with a 7-bp index using the standard Illumina primers.
The sequence-intensity files were generated on an instrument using the Illumina
Real Time Analysis software. The intensity files were demultiplexed and FASTQ
files were created using the CASAVA 1.8.2 software suite.

RNA-seq analysis. RNA-seq analysis, mutation discovery, and expression
quantification were performed according to previously published methods®!>2.
Briefly, FASTQ files were preprocessed for base quality and to remove adaptor
sequences. They were then aligned with bowtie2 (ref. 53) and a modified version
of tophatl.3 (ref. 54) against a custom genome or transcriptome FASTA file.
Mutations were then called using GATK best practices®. FPKM values were
generated using cufflinks version 2.0.2 (ref. 56) against known transcripts from
UCSC Known Genes (http://genome.ucsc.edu).

RNA-seq pathway enrichment. Pathways derived from GO terms and tran-
scription factor networks were analyzed for overrepresentation via a one-tailed
interpolated Fisher’s exact test, using genes that varied fourfold or more between
treatment conditions. Benjamini-Hochberg correction was then applied to these
Pvalues”’.

qPCR copy-number assay. Copy-number analysis of select genes was performed
in triplicate using TagMan Copy Number Assays (Life Technologies) on a CFX96
Touch RealTime PCR Detection Platform (Bio-Rad). cMET TagMan Copy
Number Assay (#Hs02323823_cn, FAM-labeled, 20x concentrate) was duplexed
with RNaseP (RPPH1) TagMan Copy Number Reference Assay (#4401631, VIC-
labeled, 20x concentrate) in TagMan Genotyping Master Mix, and qPCR was
conducted according to the manufacturer’s instructions. Whole gDNA extract
was included on each plate as a diploid normalization control (Promega). Real-
time amplification plots and C; calculations were derived from Bio-Rad CFX
Manager v3.0 software according to the manufacturer’s instructions.

Sequenom BCR-ABLI mutation assay. DNA samples were genotyped with
Sequenom iPlex Pro (Sequenom). PCR primers were designed using Assay

Design Suite (Sequenom) to amplify the following target mutations: Y253H,
T3151, A337V, F359V, P465F and V468F. Primer sequences are available in
Supplementary Table 12. All PCR primers were screened against mouse DNA
to confirm the absence of cross-reaction. As a result, Y253H, A337V, F359V
and V468F reactions were run in multiplex, whereas T315I and P465F were
run in single-plex. Following a shrimp alkaline phosphatase reaction to neu-
tralize extra deoxyribose-containing nucleoside triphosphates, we generated
allele-specific extension products using primers located 1 bp away from the
target mutation. Extension products were transferred onto a SpectroCHIP via
a MassArray Nanodispenser (Sequenom) and subjected to MALDI-TOF mass
spectrometry. The resultant spectra were analyzed by Sequenom MassArray
Typer4.0 software (Sequenom).

Mathematical modeling to predict clonal frequency of T315I and A337V
mutant KCL-22 clones after GNF-2 treatment. We calculated the expected total
abundance of A337V (denoted by A337V,) and T315I (denoted by T315I) clones
after 21 d of GNF-2 treatment using standard exponential growth equations:

A337V, = A337V, exp(ra3s7vt)

T3151; = T315I, exp(rr3isit)

A337V, _T337V,

exp(rasszvt)
exp(rr3151t)

T315I, T315],

where ¢ is the number of treatment days, A337V and T315] are the numbers
of A337V and T315I clones at the start of treatment, and r 337y and r3,5; are
the growth rates of the two cell types per day. Under DMSO treatment, the
calculated net growth rate of clone 1 was determined as 0.308 per day and was
applied for A337V mutant clones (r5337v.pmso) in the above equation, and the
net growth rate of clone 4 was determined as 0.251 and was applied for T315I
mutant clones (r7315;pms0) (Supplementary Table 11). In the vehicle-treated
replicates (0.1% DMSO treatment for 7 d), the average barcode fraction of clone
1 in the entire barcoded KCL-22 cell population was 5.57 x 107>, whereas clone
4 was found to have a frequency of 8.34 x 107%. The abundance of each clone at
day 0 was calculated as

A337V,=5.57x10" x exp(0.308(~7)) = 6.45x 1070
T3151,=8.34x10~° x exp(0.251(~7)) = 1.43x10~°

This calculation provides the ratio of the abundance of clone 1 to that of clone
4 within the starting population before GNF-2 treatment as approximately
4.51:1 (A337V/T3151;). Under GNF-2 treatment, the calculated net growth
rate of clone 1 (0.288) was applied for A337V mutant clones (75337v:GNE-2)
and the net growth rate of clone 4 (0.250) was applied for T315I mutant
clones (rr31517v:GNE-2) (Supplementary Table 11). Therefore, this model
predicted that the ratio of the abundance of A337V mutant clones to that of
T315I clones should be approximately 10:1 after 21 d of GNF-2 treatment, as
(4.514/1) x (exp(0.288 X 21)/ exp(0.250 X 21))=10.01.

Mathematical modeling. I. Stochastic mathematical model. We designed a
nonhomogeneous continuous-time multitype birth-death process with muta-
tions to model the population dynamics of cells (Supplementary Fig. 11). Each
uniquely barcoded clone was considered to consist of two cell types: sensitive
cells, whose number at time ¢ is denoted by N, and resistant cells, whose number
at time ¢ is denoted by N;. Their corresponding birth and death rates are denoted
by b, dg, b, and d, in the equations below. During each sensitive-cell division, a
resistant mutation arose at rate u. This model was then implemented as an exact
stochastic computer simulation. Let © = (b + dg)N; + (b, + d;)N,. Then the tran-
sition probabilities for the stochastic simulation are given as follows:

P (total sensitive cells increase by 1 via cell division): byNs(1— )
(€]
P (total sensitive cells decrease by 1 via cell death): %
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P (total mutant cells increase by 1 via sensitive-cell division

and mutation): bNsu

b N,
[S]
4N,

P (total mutant cells increase by 1 via mutant-cell division):

P (total mutant cells increase by 1 via mutant-cell death):

The inter-event time follows an exponential distribution with the rate param-
eter ©. Given the low mutation rate, on the order of u < 1077 per cell division,
as well as the small initial number of cells per barcode, our model ignores the
scenario in which multiple individual mutations arise, either sequentially or in
independent cells. To investigate the question of whether resistant mutations
are pre-existing or acquired during treatment, we incorporated an additional
parameter into our model; this parameter, p, represents the initial proportion
of barcodes that are resistant to treatment. Note that this parameter represents
not the proportion of all cells that are resistant to treatment, but the proportion
of barcodes that label resistant populations. For each simulation run, a random
set of barcodes was selected to be resistant for a given value of p. These barcodes
were selected with weights proportional to the sizes of their populations. All cells
with these barcodes were then deemed resistant to treatment.

Parameter estimation. We then designed an estimation method to determine the
growth and death rates of the cell population from experimental data. We denote
the total numbers of viable and dead cells by N, and Ny, respectively, and the
birth and death rates of cells by b and d. To describe the average behavior of the
cell population, we used the following system:

dN,
=(b-d)N
dt v (1.1)
dNg _ i,
dt

The analytical solution to this system of equations is given by

N, ()=Ce

_Gd™ D _1)+Cy(b-d)
b—d

(1.2)

N4(®)

where C; and C, are the initial numbers of viable and dead cells at time ¢ = 0.
To estimate the parameters of this model from the experimental data, we then
implemented a grid-search algorithm to estimate the birth and death rates for the
cell line cultures under treatment with DMSO, GNF-2, nilotinib and imatinib.
We minimized the following objective function separately for each of the four
treatment conditions (DMSO, GNF-2, nilotinib and imatinib):

N
argmin 3" (N (t;) - N9P (1)) + (Nq () - N ()%}
bd =0

(1.3)

where C; =N3bs(0) and C, =N3bs (0).

Results. We applied the estimation algorithm outlined above to the barcoded
KCL-22 parental cell population and clones 1-4 treated with DMSO, GNEF-2,
nilotinib or imatinib. Supplementary Table 11 displays the estimated parameter
values—the birth rates b and death rates d—for different cell types and growth
conditions.

Note that treatment reduced birth rates without affecting death rates to a large
extent. GNF-2 treatment lowered birth rates only slightly compared to DMSO
treatment. In contrast, nilotinib and imatinib lowered birth rates significantly
for clones 1 and 2 and, but only slightly for clones 3 and 4.

We then used these estimated parameter values in the stochastic model. To
determine the birth rate of resistant cells for each treatment condition, we identified
clones 1 and 2 as resistant to GNF-2 treatment and clones 3 and 4 as resistant
to imatinib and nilotinib treatment. We then used the data in Supplementary
Table 11 to determine the average birth rates of resistant clones as follows:

we averaged the birth rates of clones 1 and 2 during GNF-2 treatment and the
birth rates of clones 3 and 4 during imatinib and nilotinib treatment.

};r _ O.294+0.316+O.30046—0.270+O.286+0.256 028203

Similarly, we determined the death rate of resistant cells by calculating the
average resistant-cell death rate as

_0.006+0.020+0.026+0.018 +0.032+0.018
6

d, =0.020

Because of the lack of quantitative measurements of the numbers of both
viable and dead parental cells during treatment, we were not able to estimate
the birth and death rates of these cells under treatment in the same way. Instead,
we determined the net growth rate, b — d, using the viable-cell growth data
from day 0 to day 12, before the initiation of the rebound due to resistant clones
(Fig. 4a). The net rate was estimated as b — d = —0.06. Although this net rate
did not provide us with the birth and death rates individually, it did provide an
additional constraint that helped us to refine the search space for the birth and
death rates of parental cells in the presence of treatment. We then investigated a
large range of birth rates spanning 0.30-0.00; the corresponding death rate was
constrained to satisfy b — d = —0.06. In addition to birth and death rates, we also
investigated a large range of mutation rates, from 1077 to 10~ per cell division.
These values were chosen because the baseline mutation rate for genetically
stable cells has been determined as 10710-101! per base per cell division3>,
and multiple genomic sites may be able to lead to resistance when mutated.
Lastly, the proportion of resistant barcodes p was investigated for a range from
0.000 to 1.000.

Figure 6a shows the predicted population dynamics of cells when considering
different fractions of pre-existing resistant barcodes. The model predictions show
that the experimental data cannot be explained if we assume that there are no
pre-existing resistant cells present at the initiation of treatment (p = 0). However,
positive initial frequencies of resistant barcodes can recapitulate the pattern of
population rebounds observed during treatment. We found that a pre-existing
resistant cell frequency of p = 0.02%-0.03% led to model predictions that pro-
vided a good match to the experimental data obtained from GNF-2-treated cells,
whereas p = 0.005%-0.01% led to model predictions that provided a good match
to the experimental data obtained from imatinib- and nilotinib-treated cells.
The addition of newly emerging resistant clones, even at rates as high as 1077
per cell division, did not lead to significantly different results. Thus, the most
important parameter for shaping the population dynamics of cells is the pro-
portion parameter p: as p increases, the total cell number rebounds faster after
initially responding to treatment. This initial response is caused by the decline
of the sensitive cells, whereas the rebound is driven by outgrowth of resistant
clones that existed before the initiation of treatment. For a given value of p,
the model-predicted population dynamics overlap for different mutation, birth
and death rates, suggesting that those parameters have less of an effect on the
population dynamics than p.

We then investigated the distributions of barcodes in the model-predicted
cell populations after 21 d of treatment with GNF-2 and 27 d of treatment with
imatinib or nilotinib for different values of p (Supplementary Fig. 13a-h).
As p increased, the number of barcodes exceeding the threshold of a
fraction of 0.0007 increased, leading to more barcodes at greater frequen-
cies. The distributions of barcodes were not sensitive to the mutation rate u;
however, in the extreme case of no pre-existing resistant barcodes
(p = 0), the barcode distributions were sensitive to the birth and death rates
(Supplementary Fig. 13a-h). The complete barcode-distribution plots for all
combinations of mutation, birth and death rates are shown in Supplementary
Data Set 1. When the simulated distributions are compared to the observed
distributions (Fig. 5b—e), the observed distributions better resemble the cases
in which p > 0.0001, providing further evidence that resistance is likely to
be pre-existing.

We also investigated whether the prevalent clones with barcode fractions
greater than the threshold of 0.0007 were resistant to treatment (Supplementary
Fig. 13i-p). Under the assumption of no pre-existing resistant barcodes (p = 0),
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none of the most prevalent cells at day 21 or 27 were resistant to treatment.
This result implies that newly emerging resistant clones are present only in
small fractions—Iless than 0.0007—and thus would be insufficient to drive the
population dynamics leading to a rebound. In contrast, for the simulation runs
in which p > 0, a large percentage of barcodes were resistant (Supplementary
Fig. 13i-p). The complete plots for the numbers of barcodes with fractions
greater than 0.0007 for all combinations of mutation, birth and death rates are
shown in Supplementary Data Set 2.

As an alternative assumption, we also investigated another method of select-
ing resistant barcodes (results not shown). In this method, resistant barcodes
were selected randomly with equal weights. Although the parameter values
for p needed in order to recapitulate the observed data differed between the
two selection methods, the qualitative result remained the same: in order for
the observed data to be recapitulated, the proportion parameter p had to be
greater than 0.

In summary, our observations of the distributions of barcodes and the number
of resistant barcodes consistently contradicted the assumption of no pre-existing
resistant barcodes, providing rational evidence supporting pre-existing resistance
in this CML cell line.

Discussion. Our mathematical model was able to recapitulate the observed
population dynamics, and its predictions show that the observed population
dynamics cannot be explained without pre-existing resistance in the CML
cell line. Our stochastic model is based on a few assumptions. (1) Mutant
cells arising from two or more independent mutation events in the same
barcoded parental cells are considered to be phenotypically identical, with
the same birth and death rates. This assumption simplifies our model and
increases the simulation speed. However, our model can easily be extended to
include scenarios in which parental cells give rise to multiple cell phenotypes,
through either sequential accumulation of mutations or multiple independ-
ent mutations, if birth and death rates for each of the individual mutants
are available. (2) Birth and death rates for the resistant cells were calcu-
lated using the average of all subclones resistant to GNF-2, nilotinib and
imatinib. We did not perform simulations using the birth and death rates
specific to each drug because of the similarity in the parameter estimates.
(3) Our model ignores the possibility of interbarcode competition, assuming cells
with different barcodes grow independently. Given the limited resources in the
in vitro experimental setting, the actual underlying growth pattern might
resemble logistic growth instead of exponential growth. However, the increased
model complexity stemming from the inclusion of a carrying capacity would
require detailed measurements of the carrying capacity and the parameters
characterizing the extent of interbarcode competitions. Given that our model
was able to capture the population dynamics and barcode distributions,
we believe that it was not necessary to increase the model complexity by
considering logistic growth.

II. Mathematical modeling of generation of ‘pre-existing’ mutations during
clonal expansion of small cell population. We constructed a simple birth—death
process with mutations to model the clonal evolution process starting from a
small number of homogeneous cells (N, = 1,000). The simulations were initi-
ated with 1,000 wild-type cells and no mutant cells (N;,, = 0). The corresponding
birth and death rates for the two cell types are denoted by b, d,,, by, and d,,, and

the mutation rate is denoted by u. During each elementary time step, one of the
five scenarios may occur:
Total wild-type cells increase by 1 through cell division:

byN,(1-u)
(by +dy )Ny + (b +d) )N,
Total wild-type cells decrease by 1 through cell death:

dy Ny 1—u)
(by +d )Ny + (b, +d )N,
Total mutant cells increase by 1 through division of wild-type cells:
by Nyu
(by +dyy )Ny + (b +d ) )N,

Total mutant cells increase by 1 through mutant-cell division:
thm
(by +dy )Ny + (b, +di )Ny

Total mutant cells increase by 1 through mutant-cell death:
dmNm
(by +dy )Ny + (b +d )N,

The inter-event time follows an exponential distribution with the rate parameter
A= (by + dy)Ny + (b, + diy)Nyy,. For the birth and death rates of wild-type cells,
we used the rates obtained from in vitro experiments performed on the KCL-22
cell line, with b,, = 0.356 and d,, = 0.030. For the birth and death rates of mutant
cells, we explored various combinations of birth and death rates ranging from 0.00
to 0.45 for birth rates and from 0.00 to 0.15 for death rates, at an increment size of
0.05. The scenarios in which mutant birth rates were smaller than the death rates
were ignored, because in such cases mutant cells cannot expand their population
sizes. We explored a large range of mutation rates from 107 to 10710 per cell
division. For each combination of birth, death and mutation rate, we performed
100 simulation runs, and each simulation was terminated after 45 time units.

The results from our simulations are summarized graphically in
Supplementary Figure 15. We found that for certain combinations of birth,
death and mutation rates, mutant cells reached significant sizes, with Ny,/(N;, +
Np) > 1074, sufficient to drive the rebounding behaviors observed in Figure 6a
to explain the observed trajectories.
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